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Accurate fault root cause diagnosis is essential for ensuring stable industrial production. Traditional
methods, which typically rely on the entire time series and overlook critical local features, can lead to
biased inferences about causal relationships, thus hindering the accurate identification of root cause
variables. This study proposed a shapelet-based state evolution graph for fault root cause diagnosis (SEG-
RCD), which enables causal inference through the analysis of the important local features. First, the
regularized autoencoder and fault contribution plot are used to identify the fault onset time and
candidate root cause variables, respectively. Then, the most representative shapelets were extracted to
construct a state evolution graph. Finally, the propagation path was extracted based on fault unit
shapelets to pinpoint the fault root cause variable. The SEG-RCD can reduce the interference of noncausal

Keywords:
Root cause diagnosis
Neural networks

Shapelet information, enhancing the accuracy and interpretability of fault root cause diagnosis. The superiority of
Fermentation the proposed SEG-RCD was verified through experiments on a simulated penicillin fermentation process
Bioprocess and an actual one.
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1. Introduction

The failure to promptly identify and rectify production faults
could lead to substantial economic losses and even pose threats to
human safety [1-5]. Fault root cause diagnosis (RCD) focuses on
determining the fundamental sources of faults in industrial processes
and tracing the trajectories of fault propagation. As such, it has
attracted significant attention from researchers and industry practi-
tioners [6]. Conventional RCD methods, which include signed
directed graphs [7,8], adjacency matrices [9], fault trees [10], and
process causality diagrams [11—13], are all grounded in the me-
chanics of industrial processes and expert knowledge. Consequently,
data-driven approaches have increasingly come to the forefront.

In recent years, unsupervised methods that use causal diagrams
of process variables have become the preferred approach for RCD.
Among these methods, Granger causality (GC) has received signif-
icant attention [14—16]. For instance, Yuan et al. [17] identified data
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with prominent resonance characteristics through latent variable
techniques, subsequently leveraging both time-domain and spec-
tral GC for precise detection of oscillation origins. Another method,
which employed statistical tests to assess the nonstationary or
nonlinear nature of time series, integrates Gaussian process
regression with multivariate causal analysis to overcome the limi-
tations of traditional GC, which primarily applies to stable and
linear time series [18]. To address the challenges of processing
nonlinear signals and their inclination toward generating extra-
neous causal links, a method combining recursive neural networks
with GC has been proposed [19]. Another study introduced a
method that integrates 1D convolution with graph attention net-
works and uses causal graphs derived from conditional GC analysis
to facilitate prompt RCD following fault identification [20]. Song
et al. [21] proposed a causal source consistency analysis (CSCA)
framework to achieve time-frequency collaboration. Zhao et al. [22]
characterized the direct and indirect GC through multi-level pre-
dictive relationships, thus fully describing the root cause variables.

Apart from GC, the transfer entropy has also been widely used in
RCD. Shu et al. [23] modified the primitive transfer entropy to
enhance its ability to detect time-delayed causality. Direct transfer
entropy has been proposed to detect direct causal relationships
[24]. Meanwhile, Li et al. [25] proposed a framework for steady-
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state and nonsteady-state fault RCD based on transfer entropy and
GC. A data-driven RCD method measures the strength of causality
by using normalized transfer entropy [26]. In addition, the effec-
tiveness of GC and transfer entropy in industrial datasets has been
validated [27]. However, GC assumes linear stationary causal re-
lationships, while transfer entropy demands data that adherence to
a defined probability model. These limitations constrain their
applicability in complex industrial scenarios.

To address redundant causality in data, one method computes
maximum spanning trees to convert causal analysis findings into
directed acyclic graphs, thus reducing the effect of feedback con-
trollers and recirculation on RCD [28]. Jiang et al. [29,30] proposed a
technique based on partial cross mapping (PCM) to eliminate indirect
causal relationships, thus eradicating all cycles within the mapping
and facilitating accurate RCD. By using the Kolmogorov-Smirnov test
to assess causal strength variations due to disturbances, a different
method eliminates nonessential causal links by analyzing normal and
fault data [31]. Although direct causality analysis methods can
effectively remove the impact of redundant causality, the identifica-
tion of root causes still entails significant complexity.

Song et al. [32] proposed a sparse time-varying relationship
extraction method for the RCD of nonstationary processes. Wang
et al. [33] introduced a data-driven RCD method, which enabled
more accurate localization of fault origins and the identification of
their propagation pathways in complex industrial environments.
Zhou et al. [34] enhanced temporal convolutional networks for
causal analysis through feature reconstruction and skip connec-
tions. Furthermore, they introduced a scoring rule for root nodes
via contrastive causal graphs to RCD.

However, because these methods rely on complete time series
and often overlook critical local features, they may compromise
causal inference and thus fail to accurately identify the fault root
cause variable [35,36]. Therefore, this study introduces a shapelet-
based state evolution graph for fault root cause diagnosis (SEG-
RCD), enhancing causal inference by focusing on significant local
features. First, a regularized autoencoder (AE) and fault contribu-
tion plot were employed to determine the fault onset time and
identify candidate root cause variables. Then, a state evolution
graph was constructed using shapelets, from which the most
representative shapelets were extracted. Finally, a propagation path
graph was derived from the fault unit shapelets, enabling the
precise identification of the root cause variable. The contributions
of this work include the following:

1) A fault root cause diagnosis method based on significant local
features is proposed, addressing biased causal inference caused
by redundant temporal information.

2) The visualized shapelets improve the interpretability of root
cause analysis results.

3) Two experiments were conducted and the superiority of the
proposed method was verified.

The structure of this paper is organized as follows: Section 2
shows the preliminaries; Section 3 details the proposed method;
Section 4 demonstrates the superiority of the proposed method
through two experiments; Section 5 provides a summary.

2. Preliminaries
2.1. AE based fault detection

AE is an unsupervised learning approach that can be used for
fault detection [37]. For a sample x, the H? statistic can be ob-
tained by

T
H2=2"z— (o(WOx+ b)) (o(Whx+bM)) (1)
and the Q statistic can be calculated as follows:
Q=(x-x)'(x-x) )

where ¥ = o(W®z +b?)) is the reconstruction of x, z is the hidden
variable, W), W@, bV and b® are parameters, a( -) is the acti-
vation function. The loss function can be calculated as follows:

2

(3)

L(W(1)7 W<2)7b(”,b(2>) - zNj Hx<"> L
n=1

where N represents the number of sample. The thresholds thh and
Qq, are determined using kernel density estimation (KDE) [38].
Fault detection is achieved using the following logical discriminant:

Q> Qg or H*>H3 =fault

4
Q < Qy, and H? < H3 = fault — free “)

2.2. Dynamic time warping

Assuming there are time series segments s; with length [; and s;
with length [; respectively, an alignment a = (a;,a;) is a combi-
nation of two index sequences of length p, that satisfies the
following conditions:

1<a (1) < <ap(p) =,
a(n+1)—a(n) <1, (5)
fork=i,j,and1 <n<p-1.

The representation of all alignment schemes is denoted as A(s;,
sj). Dynamic time warping (DTW) links a specific point in one
sequence to consecutive points in another, as illustrated in Fig. 1.

dDTW(sivsj) :minueA(Sl,Sj)T(Si,sﬂa). (6)
In the above equation, 7(s;, sj|a) represents the distance between

two sequences under the alignment a, in which the alignment that
yields the minimum distance being denoted as a*.

Fig. 1. The diagram of dynamic time warping.
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3. Method
3.1. Overview

The SEG-RCD mainly consists of three components: offline
modeling, online monitoring and root cause diagnosis, as illus-
trated in Fig. 2.

When conducting fault root cause diagnosis, the first step is to
apply Egs. (1) and (2) to construct the H? and Q statistics.
Considering the similarity of data between batches, a parameter
regularization term is incorporated into Eq. (3) when constructing
the AE-based fault monitoring model to enhance generalization.

N 2
c@O)=">"|x™ -2 )"+ n0 (7)
n=1

where 0 = {W w® bV b} 1is the penalty coefficient, x(™
represents the truth of the n-th sample, x’(”)((}) represents the
reconstructed value of n-th sample with parameter 6, N represents
the number of sample, n represent the index of the sample. Next,
the fault onset time is determined using Eq. (4). Upon fault detec-
tion, the fault contribution plot is used to identify candidate root
cause variables. The distance between shapelets and segments can
be redefined as shown in Eq. (8).

~ . P 2
d(v.sg)=r(v.sla’ &)= |3 Eq (K)- (va; o — sa;(k)) (8)
k=1

where & represents a local factor indicating the internal importance
of a specific shapelet, a* represents the best alignment. Further-
more, a global factor y to capture the influence across segments,

d(v.tg.¢) = min ¢-d(v,s,f¢) (9)

where t is partitioned into m segments, denoted as t = {Sy, -, Sm}-

I
Offline
I o I
I I
| Normal and fault Normal |
! } ! !
I Series segmentation Train the AE model l
I l I
| ! |
l Classification loss Construct statistics I
I l l I
I I
l Extract shapelets Estimate threshold l
l (]
Offline modeling

The parameters & and ¥ in Eq. (9) can be learned through clas-
sifying tasks, and the temporal unit shapelets are extracted to
construct the state evolution graph. Specifically, assuming there are
C categories, the loss function is defined in a one vs all format, as
shown in Eq. (10).

C
Lcategory = - ZDKL(dDTW(Va Tc)HdDTW(Va T\TC)) (10)
c=1

where T, represents the sample set of the category c, T\T. repre-
sents the sample set of all other categories except for c, D repre-
sents the KL divergence. It should be noted that DTW is not a
differentiable operation and cannot be optimized by gradient
descent methods, so we used soft-DTW instead of DTW [39]. Then
the top K representative shapelets can be extracted through
minimizing Eq. (11).
Liotal = Leategory + all€]l + (1 — ) ||y (11)
where « is a trade-off hyperparameter.

Each time series segment s; is assigned to the nearest shapelet,
with the assignment probabilities normalized as follows:

_ max(aiv* (v,-v*,s,-)) — aiJ(V,'_j,Si) (12)
max (d;«(vx,8;)) — min(d; «(v;«,s;))

Dij

where v;  represents the shapelets assigned to segment s;, v; is the
j-th assignment of s;, p; - represents the probability of v; is assigned
to s;, and

di(Vie,8;) = ¥u(i)-d (vie,si]E) (13)
Eq. (12) connects shapelets of adjacent segments, allowing the
calculation of the transition probability from one shapelet to the
next.
For each pair (j, k), the weighted edge from v;; to v; 1  is created
by

Online . .
_>
i Candidate root variable
Data normalized Series segmentation

l |

I
I
I
I
I
I
I
l oo
I
I
I
I
I

Calculate statistics Evolution graph
Fault occurred Propagation path
Contribution plot ~—— Fault root variable

Online monitoring Root cause analysis

L= = = === == = == = e e e —

Fig. 2. The flowchart of the SEG-RCD method.
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Wiiit1k=Pij Pit1k (14)

then, a directed graph G = (V,E) is established, where V =
{vij : 1€[1,N],j€[1,K]} and E = {e;;_,i;1, Y (i,j,k)}, with K most
representative shapelets as its vertices and directed edge weights of
Pij Piy1 le

€jit1k= (Vi.jz Vit Wipm,k) (15)

The candidate root cause variables are obtained from the fault
contribution plot, taking [ points before and after their fault time
points t; to form the fault unit F;,

.Fi:{x,-(t):te [tf—l,tf+l]} (16)

where x;(t) represents the observation data at time point ¢ of the
i-th candidate root cause variables. The shapelet closest to the unit
on G is selected as the vertex to construct a fault propagation path
graph,

v,-fj:argmina(uij7fi|5,¢) (17)
Vi €

Then, the fault propagation path graph G = (Vt, Er) is extracted

from G, where V; = {vifj} is the vertice on Gy, and E; is the edge

between these vertices. Identify the fault variables with informa-
tion flowing in but not out as the root cause variable,

R= {v € V¢|In —degree(v) =0 and Out—degree(v) > 0}
(18)

where R represents the identified root cause variables. The pro-
posed method is illustrated in detail in Algorithm 1 and Fig. 3.

Algorithm 1: SEG-RCD

Offline modeling

1) Determine thh and Qy, based on Eqgs. (1)—(3) and KDE method.

2) Calculate the distance between shapelets and segments based on Egs. (8) and
(9) using both normal and fault data simultaneously.

3) Select the K shapelets with the smallest loss based on Egs. (10) and (11).

Online monitoring

1) Plot the fault monitoring diagram and determine the fault time based on Eqs.
(1)—(4).

2) Identifying candidate fault root cause variables based on the fault
contribution plot.

Root cause diagnosis

1) Build a system state evolution diagram based on Eqs. (12)—(15).

2) Calculate the faulty units for each variable according to Eq. (16)

3) Obtain the fault variable state evolution graph according to Eq. (17).

4) Identify the fault root cause variable according to Eq. (18).

3.2. Characteristic analysis

The advantages of the SEG-RCD can be summarized as follows:
First, the SEG-RCD utilizes shapelets to capture local patterns in

1. Fault monitoring

0 Normal data 400

0 Fault data 400

2. Root cause diagnosis

77 163 1357171 _Uhl“/‘xld-ﬂl_m_lhl
Fault data

Shapelet 36 l l Shapelet 88

Value
Value

Shapelet extrect

Threshold

¥

Contribute plot
Threshold
Encoder Decoder \
Reconstruction
| S g [N (-
Monitor plot

Identifity the root casue variable

Shapelet evolution graph

Fig. 3. The detailed procedure of the proposed SEG-RCD.



100 Z. Yu et al. / Chinese Journal of Chemical Engineering 84 (2025) 96—106

time-series data, effectively addressing nonlinear relationships,
particularly in scenarios where the data distribution may evolve
over time. By incorporating regularization terms (such as pen-
alties), the model's generalization capability is enhanced, thereby
improving its robustness to uncertainty and noise. Moreover, the
shapelet extraction process facilitates the identification of more
discriminative features from the data, further increasing the sta-
bility and accuracy of the method. The visualization and inter-
pretability of the shapelets contribute to the clarity and
transparency of fault diagnosis results, thus significantly improving
the interpretability of the method.

4. Case Study
4.1. Penicillin fermentation simulation

The simulation data were derived from the Pensim 2.0 simula-
tion platform developed by Cinar [40]. The simulation flowchart is
shown in Fig. 4.

The penicillin simulation spanned 400 h, and the data was
collected at uniform 1-h intervals. This process generated 16 vari-
ables, with 10 variables are commonly used for concise analysis as
shown in Table 1.

Three types of faults were introduced into the system, as shown
in Table 2.

As shown in Fig. 5, the proposed fault monitoring method
accurately detects the onset time of fault 2 and fault 3. For fault 1,
there is a slight delay between the detected fault onset time and the
truth due to its nature as a slope fault, which has small fluctuations
at the onset, making it difficult to distinguish. However, this delay
does not significantly impact root cause tracing results, as the total
length of data before and after the fault is considered. In addition, it
should be noted that the regularized AE can be replaced with other
advanced monitoring algorithms capable of calculating fault
contribution to adapt root cause diagnosis across different datasets.

0
_D

Table 1
The 10 variables used in the penicillin fermentation simulation.
No. Variable No. Variable
1 Aeration rate 6 DO
2 Agitator power 7 Culture volume
3 Substrate feed flow rate 8 CO, concentration
4 Substrate feed temperature 9 pH
5 Substrate concentration 10 Temperature
Table 2
Details of three faults introduced into the simulation.
Fault no. Fault variable Fault description Fault time
1 Aeration rate +5% Ramp change 300
Agitator power —10% Step change 200
3 Substrate feed flow rate +5% Step change 50

The results of the normalized variable fault contribution by AE
under the three faults are shown in Fig. 6. Although there are some
more advanced methods in the field of fault isolation [41], the fault
contribution plot performs well in terms of computational effi-
ciency and adaptability to AE based fault detection methods.
Therefore, this study adopted the fault contribution plot to deter-
mine the candidate root cause variables. To verify the superiority of
the SEG-RCD, eight variables with the highest fault contribution
were selected for the next analysis. According to Fig. 6, the candi-
date root cause variables of fault 1 are [xy, X2, X3, X4, X5, X7, X8, X10],
while those for faults 2 and 3 are [x1, X2, X3, X4, X5, X6, X7, Xg].

The results of using GC, PCM and SEG-RCD for fault root cause
diagnosis are presented in Fig. 7. After the causal graph is drawn, the
root cause variable was identified using Eq. (18); specifically, a var-
iable with no incoming fault information and only outputs is
considered as the root cause variable. For GC and PCM, we determine
the optimal embedding dimension using the false nearest neighbor
algorithm and select the time lag corresponding to the first

Sub
-strate

Temperature
controller

>
Cold
water

o

g
g
3

|

Acid

)

‘ Hot
water

i |

Sub
-strate

{

Fermentation tank

Fig. 4. Flowchart of the penicillin fermentation simulation.
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Fig. 6. The fault contribution plot of the three faults.

minimum of delayed mutual information. Additionally, we test the
hypothesis that Y does not Granger cause X and infer direct causal
relationships by applying the F-statistic with a 95% significance
level. Specifically, for the simulation, we use an embedding
dimension of 2 and a time lag of 2. The parameters of SEG-RCD were
selected through grid search, with a learning rate set to 0.01. As
shown in Fig. 7(a), despite the differences in the fault propagation
paths identified by the three methods, x; only has output and no
information inflow among all causal graphs. This indicates that the
fault variable identified by all three methods are x;. Indeed, a ramp
fault was introduced into aeration rate during the simulation. Thus,
all methods successfully identify the root cause variable for fault 1.
As seeninFig. 7(b), the fault root cause variable identified by GCis x4,
while PCM and SEG-RCD both identify x, as the fault root cause
variable. Indeed, a step change fault was introduced into agitator
power. Thus, only PCM and SEG-RCD correctly identify the root
dependent variable for fault 2. From Fig. 7(c), it is easy to see that
only SEG-RCD can correctly identify the root cause variable of fault 3.

In summary, when three different types of faults are introduced
in the penicillin simulation, the GC perform poorly and can only
identify the root cause variables when fault 1 occurs. Meanwhile,
the performance of PCM is barely satisfactory, as it can only identify
the root cause variables of fault 1 and fault 2. In comparison, the
method with the best performance is our proposed SEG-RCD,
which can identify the root cause variables of all three types of
faults. To explain the superiority of the SEG-RCD, several shapelets
selected by SEG-RCD are visualized in Fig. 8.

From Fig. 8(a), the shapes of x; and x;¢ are recognized as
monotonically increasing, which conforms to the characteristics of
fault 1. In Fig. 8(b), the step descent characteristic is captured by the
shapelet of x,. In Fig. 8(c), the feature of x3 is recognized as a step
rise by the shapelet feature, which in turn leads to an increase in xg.
This is also in line with common sense that the increase of substrate
feed temperature increases the reaction rate, thereby producing
more CO,.

The proposed SEG-RCD method can structure fault propagation
paths that align with common sense and correctly identify the root
cause variable. Furthermore, the shapelets extracted by SEG-RCD
effectively capture significant changes in the fault time series of
the penicillin simulation. In the following analysis, SEG-RCD will be
applied to an actual penicillin fermentation process to demonstrate
its superiority in identifying changes under real operating
conditions.

4.2. Real penicillin fermentation process

The actual penicillin fermentation data used in this study was
obtained from the National Biotechnology Engineering Research
Center in Shanghai, China. The production process is depicted in
Fig. 9.

Experimental research was conducted using process data from
two batches of an actual penicillin fermentation process. Table 3
presents the fault information, where changes in operating condi-
tions between different batches are considered as production
faults. Consequently, each fault is named according to its batch.

Faults 21a and 21b replicate the production process of the batch
16b with the difference that sugar and nutrients are added after
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100 h. Based on experts’ experience, 15 variables (shown in Table 4) As shown in Fig. 10, the proposed regularized AE can accurately

were selected for the subsequent analysis. The batch data were detect the time when the operating conditions change during the
augmented using generative models to obtain more samples for actual production process. Similar to the experiment conducted in
shapelets extraction. the penicillin simulation process, the AE model can be substituted
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Fig. 9. Flowchart of real penicillin fermentation process.

with other advanced monitoring models based on specific practical
requirements.

The normalized fault contribution plots for faults 21a and fault
21b are presented in Fig. 11. The [x1, X2, X3, X4, X5, X6, X8, X11] and [x,
X2, X3, X4, X7, Xg, X9, X12] were selected as candidate root cause

variables for 21a and 21b, respectively. The fault root diagnosis
results are shown in Fig. 12.

In the experiment of real penicillin fermentation process data,
the determination of parameters for different methods is the same
as the simulation process. Specifically, we use embedding

Table 3
Fault information on the real penicillin fermentation process.
Fault Interval Size Description
21a 1 min 11339 Add sugar
21b 1 min 12384 Add all materials
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Table 4
The 15 selected variables in the real penicillin fermentation process.
No. Variable No. Variable
1 Temperature 9 Tank pressure
2 Dissolved oxygen 10 Accumulated phenylacetic acid
3 PH 11 Accumulated sodium sulfate
4 Volume 12 Accumulated ammonium sulfate
5 Tail oxygen 13 OUR
6 Tail carbon 14 CER
7 Accumulated ammonia water 15 KLA
8 Accumulated sugar water
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Fig. 10. Monitoring chart on real penicillin fermentation process: (a) fault 21a H2, (b) fault 21b HZ, (c) fault 21a Q, (d) fault 21b Q.

dimension 3 and time lag 2 for the real process, the learning rate of
the SEG-RCD is 0.01. In Fig. 12(a), the root cause variable identified
by GC is xg, by PCM is xg and x4, and SEG-RCD is xs. However, in the
actual production process, the changed operating condition of 21a

0.15 —————
[ Fault 21a
[ Fault 21b
=
2 o1t |
£
5
o]
L5 ]
o
£ 0.05} ]
Z
g N v X & A S OO NIV X O
KA LA A A AN

Variables index

Fig. 11. The fault contribution plots of faults 21a and 21b.

is the sugar supplementation rate, which means the actual root
cause variable is xg. Therefore, for fault 21a, only SEG-RCD correctly
identified the root cause variable under real production conditions.
For fault 21b, the actual operating conditions were changed to
supplement nutrients. After a similar analysis of Fig. 12(b), it was
found that only SEG-RCD identified xg as the root cause variable,
which aligns with the actual data acquisition method. Based on the
above analysis, it can be concluded that for the two faults of real
penicillin fermentation process, the GC and PCM are unable to
identify variables affected by changes in operating conditions.
However, SEG-RCD can accurately identify the root cause variable.

The key shapelets are visualized and analyzed using a
method similar to that applied in the simulation process, as shown
in Fig. 13.

In Fig. 13(a), the shapelets of xs, xg, and xg show an upward trend
in all three variables following increased sugar supplementation.
This can be explained by the increase in sugar supplementation,
which leads to an accumulation of sugar water, subsequently
causing an increase in tail oxygen and tail carbon. In Fig. 13(b), the
shapelet of xg captures the increase in tank pressure resulting from
the addition of supplementary materials, which causes a pressure
rise, promotes the reaction, and leads to an increase in volume.
Thus, the proposed SEG-RCD algorithm successfully identifies the
root cause, and the extracted shapelets precisely delineate the
critical changes in variables.



Z. Yu et al. / Chinese Journal of Chemical Engineering 84 (2025) 96—106

105

SEG-RCD
(@ — 09 _ 09 _, '
N N N
o o o
g g g
B w I 5w
o o o
0 <) oo 2
N
= = -‘-%
2 34 5 6 8 11 2 34 5 6 8 2 34 5 6 8 =
Cause Cause Cause
® 09 _ 09 _ 09 T
N N N
o o o
‘8' < § < gv
£ £~ Ee
oo oo 0
(=)} (=)} (=)} £
(o)}
N N N =
— - - 0 %
2 34 7 809 1 2 3 4 7 8 9 12 1 2 3 4 7 8 9 12 =
Cause Cause Cause
ﬁ—o @i @ .
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Fig. 13. The key shapelets in the real process: (a) fault 21a, (b) fault 21b.

This study presents a method named SEG-RCD, which can
identify the fault root cause variable in industrial process and
possess interpretable ability. By utilizing AE and state evolution
graphs based on shapelets, the proposed method employs a fault
contribution plot to identify the candidate fault variables. The most
representative shapelets were selected from the time series seg-
ments to construct a state evolution graph, which can effectively
trace the fault propagation pathway and ultimately identify the
root cause variable. When implemented on both simulated and real
penicillin fermentation datasets, the proposed method has been
proven to be more superior to existing granger causality and partial
cross mapping. In particular, by using shapelets that represent the
state of variables, rather than using all the available data, the pro-
posed method constructs a causal diagram, which successfully
identifies both the root cause variables of faults in the simulation
process and the variables that change operating conditions in the
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actual production process. In addition, the extracted shapelets can
accurately characterize the key features of the time series after the
fault occurs. Overall, the insights derived from the proposed SEG-
RCD can uncover critical process information within the penicillin
fermentation process, thereby supporting the refinement of current
control strategies. Although the SEG-RCD has shown superiority in
root cause fault diagnosis and interpretability, it still cannot infer
polarity. Future research will focus on studying causal diagram
construction methods that can determine causal polarity between
variables, further enhancing interpretability.
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