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Abstract: Batch processing is a widely utilized technique in the manufacturing of high-value products.
Traditional methods for quality assessment in batch processes often lead to productivity and yield
losses because of offline measurement of quality variables. The use of soft sensors enhances product
quality and increases production efficiency. However, due to the uneven batch data, the variation in
processing times presents a significant challenge for building effective soft sensor models. Moreover,
sensor failures, exacerbated by the manufacturing environment, complicate the accurate modeling
of process variables. Existing soft sensor approaches inadequately address sensor malfunctions,
resulting in significant prediction inaccuracies. This study proposes a fault-tolerant soft sensor
algorithm that integrates two Long Short-Term Memory (LSTM) networks. The algorithm focuses
on modeling process variables and compensating for sensor failures using historical batch quality
data. It introduces a novel method for converting quality variables into process rates to align uneven
batch data. A case study on simulated penicillin production validates the superiority of the proposed
algorithm over conventional methods, showing its capacity for precise endpoint detection and
effectiveness in addressing the challenges of batch process quality assurance. This study offers a
robust solution to the issues of soft sensor reliability and data variability in industrial manufacturing.

Keywords: soft sensor; fault-tolerant; batch process; LSTM

1. Introduction

Batch processing is a quintessential procedure in the industry, extensively employed
in diverse fields, including semiconductor manufacturing, biopharmaceutical production,
culinary processing, polymerization reactions, metallurgical processing, and others. Due
to the end products” high value, rigorous quality monitoring and precise measurements
are essential. In contrast to continuous industrial processes, batch processes exhibit greater
complexity in their characteristics and a more pronounced abundance of statistical attributes
within their data. Among their features, the most crucial aspect is that in batch processes,
product quality variables are often only detectable offline at the end of the production cycle,
rendering real-time measurement impossible.

In recent years, data-driven soft sensors have emerged for industrial production.
Soft sensors can estimate post-process quality variables using real-time signal data [1].
Essentially, soft sensors serve as regression models for linking hard-to-measure quality
variables with easy-to-measure process variables. Soft sensors have gained widespread
adoption in various industries due to their ability to significantly reduce time and cost.

The application of soft sensors in industrial processes is also extensive. On the one
hand, soft sensors can assist with quality control. It maintains consistent product quality
by providing estimates of critical quality variables [2]. This approach minimizes reliance
on costly or delayed laboratory analyses, reducing the incidence of non-conforming prod-
ucts and optimizing operational efficiency and product reliability [3]. For example, in
the semiconductor field, due to the complexity of the process, sampling tests have to be

Processes 2024, 12, 495. https:/ /doi.org/10.3390/pr12030495

https://www.mdpi.com/journal /processes


https://doi.org/10.3390/pr12030495
https://doi.org/10.3390/pr12030495
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://orcid.org/0000-0002-0375-5041
https://orcid.org/0000-0002-2227-2555
https://orcid.org/0009-0003-7457-0022
https://doi.org/10.3390/pr12030495
https://www.mdpi.com/journal/processes
https://www.mdpi.com/article/10.3390/pr12030495?type=check_update&version=4

Processes 2024, 12, 495

2 of 20

carried out after each process on a batch-by-batch basis [4]. With soft sensors, the process
quality of each wafer can be precisely controlled [5]. On the other hand, soft sensors enable
real-time control. Integrating soft sensors with real-time control facilitates optimizing the
control strategy and enhances the system’s ability to address process disturbances preemp-
tively [6]. By providing a more detailed process state, including previously unmeasured
variables, control systems can identify trends and deviations earlier, enabling proactive
adjustments that minimize the impact of disturbances and maintain steady operation [7].
For example, establishing a soft sensor for debutanizer distillation columns can overcome
the considerable time delays associated with the corresponding gas chromatograph and
provide real-time concentrations of the top and bottom products in the column, facilitating
reaction evaluation, monitoring, and control [8].

The prevailing soft sensor methods currently include both linear and nonlinear ap-
proaches. Linear methods include partial least square (PLS) [9,10] and multiple linear
regression (MLR) [11] and Lasso [12]. Nonlinear methods include support vector regression
(SVR) [13] and artificial neural networks (ANNSs) [14,15]. However, due to the multitude of
variables and complex responses in the process, these methods often struggle to achieve
high accuracy.

Industrial processes, which are typically complex and nonlinear, often contain a signif-
icant amount of information about quality variables within their process variables. The
complexity of this task makes it challenging to extract such information using simply
structured machine learning algorithms. Deep learning methods excel at extracting de-
tailed information from time series data, making them widely adopted for modeling soft
sensors in recent times. Recurrent neural network (RNN) and long short-term memory
(LSTM) networks have been effectively applied to create soft sensor models across various
industrial domains, including the chemical industry [16], coal gasification [17], hydrocrack-
ing process [18], wastewater treatment [19], as well as semiconductor manufacturing [20].
Additionally, Stacked Autoencoders (SAEs) and their variations have also been commonly
employed in creating soft sensors for industrial processes [21,22].

However, data-driven soft sensors heavily rely on process data and are therefore vul-
nerable to sensor failures [23]. The data used to model these soft sensors are obtained from
physical sensors that monitor various process parameters. These sensors are distributed
throughout a plant and are exposed to long-term wear and tear, extreme temperatures,
pressures, and chemical environments. Such conditions can lead to sensor contamination,
degradation, and failure, resulting in both linear and nonlinear measurement errors in
process variables. The failure of a single physical sensor has a more pronounced impact
on the failure rate of soft sensors compared to its isolated effect. Soft sensors rely on data
from multiple physical sensors. Therefore, when even one sensor fails, it can significantly
amplify the overall failure rate, leading to deviations in process data. This vulnerability
becomes so pronounced that significant discrepancies occur between the estimates of soft
sensor and actual values. For instance, deep neural networks (DNNs) demonstrate a sig-
nificant vulnerability to sensor failures [24]. While DNN-based soft sensors may perform
with high accuracy initially, their effectiveness can sharply decline when physical sensors
malfunction post-online deployment. This sensitivity to sensor failure severely restricts the
practical applicability of DNN-based soft sensors in industrial settings. The challenge lies
in developing soft sensor models that are not only accurate under stable conditions but
also maintain their precision and reliability in the face of sensor failures. This is a critical
requirement for their successful application in real-world industrial processes.

In addition, addressing the issue of uneven batches is crucial when developing soft
sensors for batch processes. This challenge arises because the data from different batches
may not form a neat three-dimensional matrix. Typically, time-series data are character-
ized by sequences uniform in time intervals and length, enabling effective processing by
many time-dependent algorithms. However, achieving such consistency across batches
in real-world production processes is often impractical due to various factors, resulting
in significant variations in the data length for each batch. The primary issue with mod-
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eling uneven batch data is data alignment. The challenge lies in handling this alignment
optimally to ensure the complete extraction of information from the batch data. Practical
strategies for data alignment and handling uneven batches are essential to capture the full
scope of process variability and enhance the performance and reliability of the soft sensor
in real-world applications.

Inspired by the idea of drift sensor compensation utilizing historical quality data [25],
this paper proposes a fault-tolerant soft sensor algorithm based on a two-layer LSTM model
to address the issue of varying batch data lengths. It achieves this by converting quality
metrics into process rate estimations using fixed windows. The main contributions of this
paper are as follows:

* An algorithm based on a two-layer LSTM model is proposed to develop a fault-
tolerant soft sensor for modeling long-time nonlinear dependent batch processes.
Historical batch data quality measurements are applied to the soft sensor to enhance
the robustness of the model in case of sensor failure;

*  The problem of estimating the quality variable of uneven batch processes is trans-
formed into rate estimation within a fixed window, which addresses the issue of
uneven batch data. The model’s reliability is verified on normal data and datasets
with various failures in simulated penicillin production;

*  Analgorithm for endpoint detection is proposed to estimate the quality variable using
the soft sensor model, which can accurately determine when to terminate production
once the expected yield is reached.

2. Related Work
2.1. Sensor Fault-Tolerant

In industrial production, the frequent occurrence of sensor aging and failures demands
a dual focus on soft sensor modeling. While achieving high-quality estimations under
normal conditions is essential, it is equally, if not more, vital to maintaining reliable soft
sensor accuracy during sensor failures. A sensor failure is characterized by a linear or
nonlinear discrepancy between the measured and actual values before the failure. Despite
this deviation, the sensor’s measured data continues to provide valuable information about
the production process. The challenge lies in effectively utilizing indirect information to
compensate for inaccuracies in sensor measurements, thereby developing fault-tolerant
soft sensors. This involves implementing complex strategies to identify and rectify errors
caused by sensor degradation or failure, guaranteeing that the soft sensor maintains its
robustness and reliability even when sensor faults occur.

In industrial production, sensor failures occur frequently. Sensor failures are generally
categorized as abrupt offset and slow drift faults (degradation). Generally speaking,
the study of sensor fault-tolerant in industrial processes combines fault diagnosis and
process control. For example, a data-driven fault-compensated tracking control system is
designed for a coupled wastewater treatment process with sensor faults, and an adaptive
fault compensation mechanism is constructed [26]. Yang et al. propose a strategy for
air conditioning systems to correct mismeasurements using a final correction factor [27].
This model requires a high level of computational accuracy. In addition, the evaluation
thresholds and weighting factors depend on manual assignment. A hybrid model-based
and data-driven approach is proposed to diagnose current sensor faults in single-phase
pulse-width modulated rectifiers [28]. Most of these methods utilize control feedback loops
or redundant backups to correct sensor failures.

The growing emphasis on soft sensors in recent years has led to the development
of several industrial fault-tolerant soft sensors. These advanced systems are designed to
maintain accuracy and reliability despite sensor failures and other anomalies common in
industrial environments. A deep subdomain learning adaptation network is proposed to
handle both sensor degradation and sensor failure [24]. This approach applies to contin-
uous processes in which the subdomain structure of each sample follows a classification
distribution parameterized by the output of the subdomain learner. The effect is not vali-
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dated for batch processes with significant variation. Aiming to decentralize the dissolved
oxygen control process, a data-driven soft sensor is established as a backup for the joint
sensor and controller block to overcome the failure of the dissolved oxygen sensor using an
adaptive neuro-fuzzy inference system [29]. Nonetheless, the fuzzy modeling knowledge
of this approach needs to be acquired through manual synthesis of the process operating
state and time-consuming manual interventions to set the design parameters. Three new
fault-tolerant soft sensor algorithms are proposed based on measurement space tool sub-
space design, respectively, which eliminate the effects caused by sensor failures through
optimal estimation and orthogonality properties [30]. However, these methods rely on the
knowledge of the operation of sensors and actuators in dynamic systems and can only be
applied to continuous processes.

In summary, current research on sensor fault-tolerant soft sensors is still limited, with a
predominant focus on continuous processes. This focus leaves a notable gap in the context
of batch processes, which present unique challenges due to their uneven lengths and
variable nature. Therefore, this study aims to explore and develop a sensor fault-tolerant
soft sensor algorithm specifically designed for batch processes.

2.2. Uneven Batches

In batch processes, the operation duration may differ from batch to batch due to un-
avoidable disturbances. Changes in initial conditions and other factors can lead to varying
batch lengths [31]. Since general time series methods can only be applied to matrices, and
uneven batch data cannot be structured as such, the data must be preprocessed before
soft sensor modeling. A straightforward approach to address this challenge is to cut all
batch data to match the length of the shortest batch [32]. It is clear that this simple method
leads to the loss of valuable information. An alternative strategy involves increasing the
length of shorter batch datasets. This is achieved by padding these batches with zero
values until they reach the maximum length observed in the batch set [33]. Dynamic
Time Warping (DTW) is also an approach that has achieved universal application [34]. In
addition, various modifications of DTW have been utilized for aligning uneven batches of
data [35,36]. Nevertheless, they run the risk of distorting the relationship between process
variables [37]. Another common approach is to resample process variables using methods
such as interpolation, which has now gained applications in areas such as fault diagno-
sis [38]. The RGTW-MOENTPE algorithm is introduced to align batch processes, having
varied durations while preserving the essential features of critical events [37]. A dynamic
multi-stage and multi-mode modeling approach is proposed [39]. For batches, phasing is
performed, local dynamic behavior is described, and operating modes are clustered based
on global differences.

While attempting to align batch data, current approaches often introduce complexity,
overlook the dynamic relationship between variables over time, or distort the correlations
among variables. The complexity hinders the development of high-precision soft sensors
in industrial processes. An ideal solution should be easy to implement yet sophisticated
enough to maintain the temporal dynamics and variable correlations within the batch data.
This solution should accommodate varying batch lengths without introducing significant
distortions or complexities that could compromise the model’s accuracy and reliability.

2.3. LSTM-Based Soft Sensor

As stated in the abstract, due to the temporal dynamics of data sequences in industrial
processes, methods represented by LSTM and their variants have been widely used in
soft sensors for industrial processes [40]. A batch-training-based bi-directional LSTM
soft sensor modeling method is proposed [41]. The reconstructed segmented training
samples using a variational autoencoder are utilized to solve the problem of global LSTM
models discarding crucial data information during training. This method reduces noise
and improves the accuracy of soft sensors in the grinding and classifying process dataset.
However, it is limited to a single operating condition and does not consider the internal
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properties of the variables. A supervised LSTM network is proposed for learning quality-
related hidden dynamics in soft sensor applications, where both quality variables and
input variables are used in the basic unit of the network to learn dynamic hidden states
that are more relevant and useful for quality prediction [42]. The method enhances the
accuracy of variable selection, but it only considers hidden states at a single moment in
time, neglecting the relationships between variables and within the process. Considering
the intra-variable dependencies, a novel multi-step sequence-to-sequence model based
on an attentional LSTM neural network is proposed to improve the performance of soft-
sensor modeling of industrial processes with strong dynamics and nonlinearities [43]. A
LSTM-based encoder-decoder architecture with an attentional mechanism is utilized to
extract intrinsic features related to quality variables and to capture long- and short-term
dependencies in sequence data. However, this approach still only considers a single state
of operation. A methodology is proposed for building a soft sensor for quality control
purposes, especially when the production machinery being monitored is characterized
by highly inconsistent working conditions [44]. This study focuses on the work area and
utilizes a convolutional neural network (CNN) and RNN for modeling. However, the
effectiveness of soft sensors depends on the anomaly detector used. This work targets
continuous processes and does not consider the complexities of batch processes, such
as unequal lengths, intra- and inter-batch drifts. A framework for batch process quality
prediction and monitoring based on differential recurrent neural networks is proposed [45].
Three-dimensional batch data are converted into time-lagged sequences that can be fed
into a soft sensor model, and the predicted residuals are also used for quality monitoring.
For batch processing, this method effectively handles three-dimensional data with unequal
lengths. Unfortunately, the proposed model can only identify faulty batches but cannot
accurately estimate quality.

In summary, this study aims to develop a fault-tolerant soft sensor for batch processes
that can effectively manage normal and sensor failure conditions while addressing the
unique characteristics of batch processes, such as varying batch lengths.

3. Methodology

This section focuses on the proposed soft sensor modeling algorithm for uneven batch
processes. The process variables of the next batch and the quality of the historical processing
batches are taken as inputs. The model will output the quality variable for the next batch.

The overall structure of the model is shown in Figure 1. The model proposed in
this paper is based on a two-layer LSTM network, denoted as LSTM I and LSTM II. For
each batch, LSTM I models the sliced and processed sensor time-series data to establish
the relationship between the process variables and quality variables. In turn, LSTM Il is
used to extract information from the quality variables obtained from the historical batch
measurements before that batch. A backpropagation neural network connects the outputs
of the two neural networks. Then, the quality variable of the original batch process is
gained by integrating the sliced results. The final output utilizes historical measurements
of the quality variable to compensate for the estimation results and make the soft sensor
model robust. The details are described as follows.

3.1. Estimation by LSTM 1

Common methods for solving the issue of uneven batch data are described in Section 2.
However, when data are extracted from batches with significant variations in the distri-
bution of quality variables, the resulting loss of information can be substantial. In such
cases, aligning by padding or cutting may not be suitable. On the other hand, resampling
introduces new errors.
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Figure 1. Model structure of the LSTM-based soft sensor algorithm.

It is worth noting that quality variables such as thickness, content, or volume accumu-
late in industrial processes. Inspired by the principles of calculus, if the rate of change of a
quality variable at any moment can be estimated, the cumulative change at that moment
can be determined. Integrating this rate over a specific time interval can determine the vari-
ations in the quality variable. Notably, the rate calculation in this method is independent
of the data length. Therefore, a fixed time window T can be selected from the batch as a
unit to generate an even time sequence by capturing the process variables and changes in
quality variables over this period of time. This approach establishes a connection between
the quality variable and its rate of change. The processing rate is

It = St — 5t—1
t—w (1)
t

S = Tt

The batch data with lengths T;_,,, ..., T}, respectively, are transformed into time series
data consisting of slicey, .. ., slice, of length T. This time series can now be used directly as
an input to LSTM or other models. After obtaining the estimated rate 1, the final quality
variable s can be calculated by integration. This approach utilizes the concept of calculus,
enabling the soft sensor model to process sensor data of varying lengths.

After processing the uneven batch data, the time-series data, consisting of slices of
length T, are expanded into a two-dimensional matrix along the time direction, which is
then used as an input to LSTM L

LSTM is a specialized type of RNN that can alleviate the long-term dependency
problem by absorbing new information, retaining valuable information in its memory unit,
and discarding useless information. The structure of LSTM I involved in the proposed
method is shown in Figure 2. Batch processing data within the window size w is used as a
training set, and the input x; g7 can be written as

xpsM1 = (X1,%2, ..., Xn)’ 2)
Fed xy stm1 into LSTM I, and the input gate at time £ is

i = (Wi -+ b+ W+ 8)) @
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where h{_l is the hidden state at time t — 1, ¢ is the sigmoid activation function. The
superscript I indicates LSTM I. Then, some useless information is discarded in the forget
gate, and the cell status is updated.

fl = o(Wexe + bl + Wichi_y + i)
gt = tanh(Whxi + bl + Wi h{_; + bj,) (4)
f=flxc+il«gf

where c/ is the cell state at time ¢, g/ is the cell gate, and * is the Hadamard product. Finally,
get the output result of LSTM I from the output gate

of = oc(Whx; + bl + WL 1 +bL)
hl = ol x tanh(cl) (5)

The target is the concentration of penicillin, and the output of LSTM I is

/
I [ 1 I
0 = (01,02,...,%) (6)
) ) o \ S
Cz,l Cz,n—_ Cz,n—z Cz,n— | Cz,n
— > > - >
= = = o =
) X
= = = X X =
S ~ E A S A 5 S >
Zl Zn_3 Zn_z a Zn_l Zn
— - > > - >
~ A~ ~ /'\I ~
X1 cer Xp_3 Xp_o Xn—q1 =<+ Process Slice — X,

Figure 2. Structure of LSTM I in the proposed soft sensor algorithm.

3.2. Compensation by LSTM 11

Besides process variables, the information on production process and sensor failures
is learned from quality variables by LSTM II. The structure of LSTM Il is similar to LSTM
I, as illustrated in Figure 3. The vector of quality characteristics s = (s1,sp, ..., sl)' e R!
sequentially generates a time series as the input of LSTM II, where [ is the number of batch.
The input of LSTM II within the window size w represents

XLstM 1 = (Yi—w Yi—wt1 Yiewi2s - - Y1-1) 7)

After xpsTp 11 enters the model, the input, forget, and output gate, hidden state, and
cell state at time [ — w are

il = C(Wilxg o + bl + WilhiL,_y + bi)
lllzu = U(fol w +bf + W}{}hl w—1 erhf)

&1Ly = tanh(Wix) o + bl + WighL,,_; + bje) (8)
ofLyy = o(Wilx o +bj] + W”h, w1+ bjo)
II I 11

Clw = Jl—w *Cl—w— 1+ll w*gl w

hl w—ol w*tanh(cl w)
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Through training, LSTM II can learn the quality characteristics of the same recipe
continuously produced and estimate the quality variable of the next wafer, which represents
the deviations due to changes in data recorded by the sensor:

u_ (.11 1 1
o = (01 w1701 =427+ 1 0] ) )

The output of LSTM Il is retained. Now the information in both process variables and
quality characteristics is prepared. The estimation result of the process rate of the quality
variable can be expressed as:

t= O’(WIOI +b; + WHOH + b”) = (1’1,1’2, .. .,Tn)/ (10)

Above, an estimate of the process rate is obtained, and integrating the estimation
results yields the estimation of the soft sensor model for the quality variable.

n
~\/
- Z Sl w+llsl w+2/ ..y l) (11)
1
S ' S ) o
. Cr-w ) Cl—s N\Ciz C1-1
= = > =
2 7 7 ¥ 7
el R o ETR 51—2 ﬂ o] S| =
—] > - - >
Si—w .- Si—4 S1_3 S;_p =+ Inline Metrology - S|_1

Figure 3. Structure of LSTM II in the proposed soft sensor algorithm.

3.3. Endpoint Detection

Since the focus of this paper is to present the proposed soft sensor methodology and
its applications to batch processes, the soft sensor-based endpoint detection problem is
discussed here as the methodology can be easily extended to general real-time feedback
control problems. Endpoint detection leverages soft sensors to obtain real-time measure-
ment estimation in a similar manner as real-time feedback control, it can be considered as
a special “zeroth order” bang-bang control which terminate the process upon the detec-
tion of endpoint. Endpoint detection under sensor failure is used as an example in both
the methodology introduction and the case study to demonstrate the advantages of the
fault-tolerant algorithm proposed in this paper.

Denote the soft sensor result § just obtained as

Y(t) = f(X(t);6) (12)

where Y (t) represents the estimated endpoint quality variable, f denotes the soft sensor
model, X(t) encapsulates the set of process variables, § comprises the model parameters, ¢
signifies time.

Define the target endpoint quality variable, Yiarget, representing the desired yield to be
reached at the end of the batch process. The core of endpoint detection is to evaluate the re-
lationship between Y(t) and Yiarget in real-time during the batch process to determine if the
predetermined target yield has been reached. The stopping condition can be expressed as

if Y(t) > Ytarget, then stop production at t = Teng (13)
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where T4 is the time when the production is stopped, determined when the estimated
yield Y (t) reaches or exceeds the target yield Yiarget.

Yactual = Actual yield at the time Tepgq (14)

Then, the prediction effect is evaluated by comparing the actual yield and target yield.
The evaluation metric to be used can be arbitrary loss functions, calculated over multiple
batches as follows:

1=

1
L:—
N !

1

14 ( Yactual,i ’ Ytarget,i ) (1 5 )

I
—

where N is the number of batches considered for the evaluation, /is the loss function,
Yactual,i is the actual yield at the end of the i-th batch, Yiarget, is the target yield for the
i-th batch.

This methodology allows for real-time detection of the batch industrial process, de-
termining the optimal stopping time by estimating when the yield reaches the set target
through the soft sensor model, aiming to optimize production efficiency and product quality.

4. Case Study

To demonstrate the effectiveness of the proposed method, the penicillin batch pro-
duction is used as a case study. Penicillin is a widely used antibiotic that is derived from
penicillin bacteria. The production process of penicillin is a complex nonlinear chemical
reaction and a typical batch process involving hundreds of parameters and variables. The
process duration varies and is mainly divided into three phases: mycelial growth phase,
penicillin growth phase, and mycelial autolysis phase. The quality variable, i.e., penicillin
production, accumulates rapidly during the penicillin growth phase and slows down or
even decreases in total amount during the mycelial autolysis phase. To complicate matters,
it cannot be measured in real-time. This highlights the significance of soft sensors. Penicillin
concentration is affected by several variables, such as biomass, substrate concentration,
dissolved oxygen, temperature, pH, etc. These variables are interrelated and exhibit a non-
linear relationship, complicating the modeling process. The penicillin production process,
due to its widespread use and representativeness in batch processing, is selected as the case
study in this paper.

4.1. Simulation

For this study, IndPensim has been selected as the simulation software. It is capable
of simulating penicillin production in a 100,000-liter bioreactor using industrial strains of
Penicillium flavum. The simulation was developed based on the widely used Bajpai mecha-
nistic model [46] and the simulation model Pensim [47]. It is validated using historical data
collected from an industrial-scale penicillin fermentation process [48]. The results show
that the simulation model can accurately predict the biomass and penicillin content during
penicillin production.

This software comprehensively incorporates numerous complex characteristics of
industrial-scale operations. These complexities include but are not limited to, variable
parameters related to mycelium growth and common production disturbances. Such
detailed accounting helps to better reproduce the real production environment. Figure 4
summarizes the main inputs and outputs of the IndPensim simulation. All parameters in
this study are set according to IndPensim’s instructions for use and consistently operate in
a normal environment except during intentional failures. It is worth noting that IndPensim
is a program compiled using MATLAB, offering the advantage of parameter customization
and the adjustment of response variables. This flexibility is essential for accurately modeling
the stochastic nature of the industrial penicillin production process.
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Figure 4. The main inputs and outputs from the simulation IndPensim [48].

4.2. Data Description

In this study, fifteen process variables impacting penicillin yield are selected for
modeling based on the process mechanism [49]. These variables, along with their units, are
listed in Table 1. The simulation software generates a dataset comprising seven hundred
batches. Out of these, five hundred batches are allocated for the training set, and the
remaining two hundred for the testing set. There are wide variations in the batch lengths
of the generated dataset, as shown in Figure 5. To address this issue, the data are aligned,
and the quality variable is transformed into the process rate, following the methodology
introduced in Section 3. This approach allows for calculating penicillin concentration
at specific time points by integrating the estimated values over a fixed time window

after estimation.

Distribution of lengths of unegual penicillin production batch data

160 -

140 ~

120 ~

100 4

80 -

60 4

40 -

201

o -

800 900 1000

1100 1200 1300 1400 1500 1600
Length of batch data

Figure 5. Length distribution of generated uneven batch data.

Table 1. List of process variables for soft sensor modeling in the case study.

Variable

Time (h) Base flow rate (L/h) Vessel weight (Kg)
Aeration rate (L/h) Cooling water flow rate (L/h) PH

Agitator RPM (RPM) Heating water flow rate (L/h) Temperature (K)
Sugar feed rate (L/h) Dissolved oxygen concentration (mg/L) Vessel Volume (L)
Acid flow rate (L/h) Carbon dioxide in off-gas (%) Oxygen in off-gas (%)




Processes 2024, 12, 495

11 of 20

4.3. Sensor Faults

Due to the large number of sensors involved in the process, sensor failure has also
become critical in affecting the estimation accuracy of the soft sensor model. Among
the variables chosen for modeling, dissolved oxygen concentration is an essential factor
affecting fermentation. If the dissolved oxygen concentration is too low, the penicillin
production rate decreases dramatically. Conversely, an excessively high concentration
of dissolved oxygen weakens the respiratory strength of penicillin, which decreases and
adversely affects the production rate. Overall, the sensor failure of dissolved oxygen
concentration seriously affects the performance of the soft sensor model for penicillin
production. Therefore, the failure of this sensor is selected as a representative case for
analysis in this study.

There are various types of sensor failures in industrial processes [50]. In this paper,
abrupt offset (caused by impurities) and slow drift of sensors (aging of the optics) have been
chosen to focus on. The decision was made for several core reasons. First, these two types
of faults are common in many industrial batch processes, and their impacts are progressive,
meaning that they can gradually deteriorate product quality and process stability without
being recognized and corrected promptly. In addition, drift and offset faults are relatively
more complex to detect and diagnose because they are subtle and occur over long periods,
which places higher demands on fault detection methods. In contrast, while other types
of faults (e.g., erratic, spike, and stuck) are also important, they typically lead to sudden
changes that can be more readily identified using current detection techniques. Therefore,
this study has chosen to focus our research on drift and offset faults to explore and develop
soft sensor algorithms that can tolerate faults in order to improve batch process reliability
and product quality.

In order to simulate an abrupt offset, a jump change with a burst with an increase of
10% of the normal fluctuation is added to the dissolved oxygen data in the test set of the
simulation data. To simulate the slow drift, concerning the Arrhenius model [51,52], the
relationship between measured and actual values is

y=y=* e(Pt) (16)

where 7/ is the measured value, y is the actual value, t is the duration process time, and the
recession factor beta is taken as 1075,

5. Discussion
5.1. Model Structure and Parameters

The architecture of the proposed model is comprehensively detailed in Section 3. The
model’s parameters are optimized using the grid search method, starting with the simplest
model configuration and progressively exploring a range of parameters to identify the
combination that yields the best results on the test set.

LSTM I consists of two hidden layers, each equipped with 35 neurons. Conversely,
LSTM II also consists of two layers, each containing 45 neurons. LSTM I which focuses on
process variables is configured with a time step of 5 and an epoch limit of 5000. For LSTM
II, the time step is set to 5, while the batch size and maximum epochs are established at 100
and 5000, respectively.

Both LSTM models utilize the mean squared error function as the loss function for
optimization and employ the Adam optimizer [53]. The learning rate is set at 0.0002, and
an early stopping mechanism is implemented to prevent overfitting.

5.2. Model Comparisons

A LSTM model that incorporates both process variables and historical quality variables
fed to the network simultaneously is referred to as concat LSTM. There are 2 hidden layers,
each containing 20 neurons. To prevent model overfitting, dropout with a parameter set
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to 0.3 is applied. The learning rate is 0.0001. The time step of the LSTM is five. Adam
optimization is utilized, and the maximum number of epochs is set to 4000.

LSTM-EWMA is a combined method. Exponential weighted moving average (EWMA)
is utilized instead of a single-layer LSTM to extract deep information from historical
measurement data, and the parameter B is set to 0.8. The use of a single-layer LSTM for
extracting process information effectively demonstrates the experiment’s methodology.
This approach validates the structural integrity and applicability of the proposed method.
The LSTM model consists of two layers, each with 35 neurons. The time step is 3. The
learning rate is set to 0.00001, and the maximum number of epochs is 5000. The optimization
algorithm chosen is Adam.

To demonstrate the fault tolerance effect of the model, the LSTM model that only uses
process variables for modeling, is also used for comparison. The structure and parameter
settings of the model are the same as those of the concat LSTM.

Furthermore, to showcase the effectiveness of the proposed method and address the
challenge of uneven data, the data are appropriately aligned using padding and resampling
methods commonly used in this field. The rest of the modeling method is the same as the
proposed method, and comparison experiments are carried out to illustrate its effectiveness.

5.3. Performance Measures

The model’s performance is evaluated by the root mean squared error (RMSE), mean
absolute error (MAE) and R-square score (R?). They are defined as follows:

1 N
RMSE = | = Y (9, (17)
i=1
MAE = Zlyz vil? (18)
RZ —1— El l(gl ) (19)

Z‘41':1 (y ]/1)

Among them, MAE and RMSE are used to judge the accuracy of the estimation results,
and R? is used to assess the consistency of the overall trend of the estimation results with
the actual values. Compared with MAE, RMSE is related to larger values while ignoring
smaller values, so it is more sensitive to outliers.

5.4. Comparison Results on Normal Condition

The estimation results of the proposed method for the process rate under the condition
of sensor slow drift are shown in Figure 6. Comparing the two subplots, it can be seen that
the historical quality variables effectively compensate for the soft sensor estimation results.
The results of the proposed method on the training and test sets are shown in Table 2. It
can be observed that the algorithm'’s results are close on the training set and the test set
when there is no sensor failure. However, the algorithm’s performance slightly decreases
after a sensor failure occurs.

The comparison of the results within Table 3 shows that the method proposed in this
paper is the best performer in terms of RMSE, R-square score, and MAE. LSTM-EWMA
method performs suboptimally. The R-square score of the LSTM-EWMA method exceeds
0.85, while the RMSE and MAE are close to those of the proposed method. However, there
is some deviation in the estimation of extreme values. The method that relies solely on
process data for LSTM modeling is the worst performing, as can be seen in the fact that
insufficient information negatively impacts the estimation accuracy of soft sensors. From
Table 3, LSTM has nearly double the error compared to the proposed method. Additionally,
LSTM is much less effective on the IndPensim dataset, performing slightly worse than
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concat LSTM. It suggests that the structure of compensation appears to influence estimation
accuracy, along with the quality variable information of historical measurements.
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Figure 6. Comparison of estimation and actual values of rates before and after compensation.

(a) Before compensation. (b) After compensation.

Table 2. The results of the proposed method on the train and test set.

Train Test
Normal Normal Offset Drift
RMSE 0.00580 0.00579 0.00623 0.00602
R? 0.93367 0.93355 0.92292 0.92813
MAE 0.00378 0.00379 0.00491 0.00397

Table 3. Comparison of estimation results for soft sensors under different conditions.

RMSE R? MAE
Methods
Normal Offset Drift Normal Offset Drift Normal Offset Drift
Proposed 0.00579  0.00623 0.00602 0.93355 0.92292 0.92813 0.00379 0.00491 0.00397

LSTM-ewma  0.00721 0.00747 0.00780 0.89680 0.88927 0.87943 0.00518 0.00532 0.00563
Concat LSTM  0.00809 0.01030 0.00977 0.87020 0.78952 0.81066 0.00541 0.00725 0.00684
LSTM 0.01033 0.01138 0.01214 0.76372 0.70767 0.68392 0.00892 0.01024 0.01114

5.5. Comparison Results on Fault Condition

At the abrupt offset of the dissolved oxygen sensor, as indicated in Table 3, a notable
decline in the performance of all soft sensors occurs. This illustrates that the abrupt change
in dissolved oxygen concentration can affect the final output of penicillin concentration.
Taking the R-square score as an example, compared with the normal operation, the accuracy
of the proposed method decreases by 1.14%, concat LSTM decreases by 9.27%, and the
LSTM method decreases by 10.16%. The result demonstrates that the proposed soft sensor
algorithm is fault tolerant. Due to the involvement of EWMA in the compensation, the
LSTM-EWMA method still performs second only to the proposed method. In contrast, the
LSTM method is significantly affected by sensor failure, with the R-square dropping below
0.8 and the RMSE exceeding 0.01. LSTM is also biased in estimating the trend of the actual
values. Comparison of LSTM without compensation illustrates the effect of compensation
through Figure 7. It can be seen from batch No. 52 that the dissolved oxygen sensor has
failed, resulting in a measured dissolved oxygen content higher than the actual value.
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The expected values of the quality variables from the soft sensors constructed by LSTM
also change abruptly at the corresponding positions, and the estimates are consistently
low following the sensor offset. In contrast, the proposed method utilizes faulty sensor
data modeling and maintains a smooth trend similar to the actual values. The study
demonstrates that the proposed soft sensor algorithm can tolerate failures.

14.85

14.80

= =
Eal- o
~ ~
o w

14.65

DO2 concentration

14.60

14.55

w Nh“nlwl’.’lwu'“’ 'm'

10

Penicillin concentration
(real)
N
S
-

30

N
o

(proposed)

=
o

Penicillin concentration

/“\[/\ ’

10

Penicillin concentration
(LSTM)
N
o
—
=y

0 50 100 150 200
Batch

Figure 7. Comparison of estimation results for soft sensors under sensor offset.

As seen in Table 3, the performance of all methods also decreases with sensor slow
drift, illustrating the critical influence of dissolved oxygen concentration on the penicillin
concentration produced. Even in the absence of abrupt offset, slow drift introduces a
nonlinear bias that can still impact the accuracy of the soft sensor. LSTM continues to
perform the worst among the methods, showing the most significant deviation. This
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indicates the poor robustness of the linear soft sensor in case of sensor failures. From
Figure 8, the LSTM estimates show a slowly decreasing drift trend after the failure, reflecting
the effect of the sensor failure on the accuracy of the soft sensor estimates. The concat LSTM
method also demonstrates a significant decline in effectiveness. The results demonstrate
that the LSTM-EWMA method outperforms the LSTM method overall in faulty cases,
indicating the effectiveness of fault-tolerant soft sensor compensation using historical
measurement data.
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Figure 8. Comparison of estimation results for soft sensors under sensor drift.

5.6. Methods for Aligning Uneven Batches

To illustrate the handling of unequal batches, the most common methods padding and
resample are used as comparisons, introduced in Section 2. As can be seen from the Table 4,
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comparison methods based on the proposed two-layer LSTM soft sensor framework under
normal conditions have an R-square score above 0.9. Moreover, the results of the proposed
method in this study are again the best among them. The padding method for uneven
data is the least effective of the three methods, which shows that the missing information
caused by the discarded data affects the estimation accuracy of the soft sensor. Stretching
or compressing the data also distorts and destroys the validity of the information. The soft
sensors’ estimations decreased when the dissolved oxygen sensor failed. However, the
proposed method decreases the least. In fact, it is the most minor degradation among all
the methods in fault slow drift fault.

Table 4. Comparison of estimation results from methods for aligning uneven batches.

RMSE R? MAE
Normal Offset Drift Normal Offset Drift Normal Offset Drift

Proposed  0.00579 0.00623 0.00602 0.93355 0.92292 0.92813 0.00379 0.00491 0.00397
Padding 0.00700  0.00839 0.00683 0.90427 0.86237 0.88750 0.00542 0.00591 0.00562
Resample 0.00679 0.00793 0.00736 0.91006 0.87706 0.89425 0.00521 0.00592 0.00502

Methods

5.7. Endpoint Detection Results

The estimation results of the soft sensor model can be used for endpoint detection of
batch production once the quality variable reaches a certain level. In industrial batch pro-
cesses, reactions have to be terminated timely to prevent waste of resources and decreased
production quality due to prolonging the production when the primary reaction has already
finished [54]. The specific methods have been described in Section 3. This section only
presents the application of the soft sensor model in endpoint detection. The generated
penicillin data are still used as a case study. In order to achieve endpoint detection, the
actual penicillin yield should be as close as possible to the target value when the soft sensor
estimated penicillin yield reaches the target value.

The target yield for the penicillin batch is set at 24 g/L. Production will cease once the
penicillin concentration, estimated by the soft sensor model, reaches the target. The actual
concentration of penicillin at the moment production stopped for the different models is
shown in Figure 9. The MAE of the actual penicillin concentration at the time of production
cessation under different conditions regarding the set value is shown in Table 5. It can
be seen that the penicillin concentration fluctuates around the target level when various
methods are used to stop the process. The discontinuation values of various methods
show some deviation. The proposed method shows the least fluctuation near the reference
line of 24 g/L. This indicates that the endpoint detection with the proposed method can
halt production at the appropriate time to prevent resource wastage. Furthermore, the
fluctuation of the LSTM-EWMA method is smaller than that of the concat LSTM. However,
the penicillin content at the time when this method stops production almost always did not
reach the set value. The penicillin concentration of the LSTM method tends to fall below the
intended value and fluctuates with a greater range and error when production is stopped.
This indicates that the accuracy is also higher when focusing on control based on a soft
sensor model with higher estimation accuracy. It can also be seen from the box plots that
the proposed method exhibits the least fluctuation in the termination value, the narrowest
box plot, and the median is closest to 24 g/L. Although the box plot corresponding to
the final value of the LSTM-EWMA method is also very narrow, the median is noticeably
smaller, and there are more outliers. In summary, accurate endpoint detection based on the
proposed method can be implemented for the actual penicillin production process.
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Figure 9. Comparison of endpoint detection results by different methods. (a) Normal condition.
(b) Abrupt offset. (c) Slow drift fault.

Table 5. Mean absolute error in different methods of soft sensors for endpoint detection of stopped

production.
Normal Offset Drift
Proposed 0.64123 0.65597 0.70415
LSTM-EWMA 1.66602 1.68973 1.68063
Concat LSTM 1.79287 1.80891 1.83912
LST™M 2.03024 2.14383 2.16533

6. Conclusions

This paper presents a fault-tolerant soft sensor algorithm for uneven batch processes.
Uneven batch data, as well as sensor failures—whether abrupt offset or slow drift—affect
the accuracy of the soft sensor. The proposed method aligns the uneven batch data by
utilizing the differential idea of converting the accumulated quality variable into a process
rate. The processed slice data are modeled using the LSTM network. Furthermore, another
LSTM network is utilized to model the quality variable of historical batches to compensate
for errors caused by sensor failures. The research in this paper focuses on drift and offset
faults, which are common in batch processes and significantly impact quality. A case study
on IndPensim-generated penicillin production batch process data shows that the proposed
algorithm is able to robustly estimate the penicillin concentration when the dissolved
oxygen sensor fails. Comparison experiments also demonstrate the effectiveness of the
idea presented in this paper for handling uneven batch data compared to other common
methods. This paper also employs the soft sensor model for endpoint detection of the
penicillin production process, which outperforms other comparative methods. Since the
proposed algorithm is data-driven and easy to migrate, it is also applicable to other batch
industrial production processes with sensor failures. Future work will consider including
more types of sensor faults to further refine and optimize methods for quality soft sensors.
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Abbreviations

The following abbreviations are used in this manuscript:

LSTM Long short-term memory
PLS Partial least square

SAEs Stacked self-encoders
MLR Multiple linear regression

SVR Support vector regression
ANN Artificial neural network
RNN Recurrent neural network
DNN Deep neural network

CNN Convolutional neural network

EWMA  Exponential weighted moving average
RMSE  Root mean squared error
MAE Mean absolute error

R? R-square score
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