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ARTICLE INFO ABSTRACT

Article History Human-friendly analysis of chemical process industries is a nonlinear dynamic system. This
Received: March 25, 2026 paper also points out a great research issue of smart and scalable monitoring methods as the
Reviewed: April 25, 2026 traditional statistics-based and model-driven methods are often not sufficient in discovering
Accepted: July 25, 2026 complex relationships with high-dimensional data due to the gradual digitalization of
Published: August 31, 2026 industry. The purpose of this paper is to review and analyses existing work on deep learning-
Keywords: based methods for chemical processes monitoring and fault detection. This method provides
Reinforcement Learning, an overview of approaches based on architecture like the autoencoder, CNN, RNN, and
Deep Learning, hybrid models and their deployment in benchmark scenarios or real industrial applications.
Chemical Process Monitoring, The results indicate that deep learning models enhance fault diagnosis performance via
Fault Detection, automatic feature extraction, early anomaly detection and effective modelling of temporal
Fault Diagnosis, dependencies. Hybrid and attention-based models fast-track robustness and diagnostic
Autoencoder, capability even further. Emphasizing the practical significance of deep learning that extends
Industry 4.0 beyond traditional use cases, the study mentions areas such as predictive maintenance and

process safety and operational optimization. It applies for United Nations Sustainable
Development Goals (SDG 9, SDG 12, SDG 7), to realize any kind of industry with high
efficiency and sustainability.
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I. INTRODUCTION

Monitoring understood chemical processes is a key factor in plant-safe operating, with under overhead monitoring being paramount
to success. PD provides continuous observation of process variables to identify abnormalities, diagnose faults and prevent failures.
(Advanced Fault Detection and Diagnosis) in detection of dangerous accidents and reducing economic damage. Modern-day industrial
systems are becoming increasingly complex in nature and require more advanced methodologies for effective condition monitoring to be
adopted, transitioning from traditional statistical techniques towards the usage of artificial intelligence (Al) which facilitates better fault
detection and diagnosis measures [1].
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In recent years, data-driven approaches are attracting increasing attention thanks to their ability to model complex non-linearity
and temporal correlation of chemical processes [2], [3] which is difficult for the traditional model-based approach. Some of the
correlations in modern industrial plants are highly nonlinear, making it impossible for classical linear techniques such as Principal
Component Analysis to model complex dependencies [4], so this is essential. As a result, there has been an increasing number of studies
demonstrating that deep learning architectures can outperform traditional approaches by autonomously deriving representative features
and identifying complex patterns directly from high-dimensional process data [5]. These models are well-suited to address the most
serious fault in conventional methods for examining chemical production, which is the dynamic and high-dimensional nature of chemical
production where the complexity is embedded [6]. Deep learning in combination with machine learning methods like bidirectional long-
term memory neural network, fully connected neural networks, and extra trees algorithms have been proven to increase fault detection
rates of complex chemical processes like the Tennessee Eastman process [7]. The process used in this simulation is widely known as the
Tennessee Eastman Process, which is a common benchmark for metrics of success in methods that deal with monitoring and control of
processes as it models real-life chemical plant behaviors with complex dynamics under various fault scenarios which establish a good
ground for validating techniques to implement advanced algorithms for fault detection and diagnosis [8], [9]. This platform includes a
product condenser, reactor, vapor-liquid separator, product stripper and recycle compressor with 41 measured variables and 12
manipulated variables that produce highly time-varying, nonlinear, strong coupling effects data across 22 different health states consisting
of 21 fault categories and normal operation for more stringent assessment [10]. The complexity of the Tennessee Eastman Process dataset,
which encompasses a variety of fault scenarios and detail-rich interactions among the subtle dynamics of an operational plant, makes a
robust procedure for fault detection and identification essential; deep learning models are increasingly showing great potential in fulfilling
this role [11-13].

As a result, deep autoencoders and recurrent variational autoencoders have been successfully utilized in anomaly detection and
fault diagnosis of this nature system with superior performance compared to traditional statistical methods [8], [14]. In addition, merged
deep learning models with ensemble networks, like Autoencoder-assisted Feature Ensemble Net (AFE-Net), have shown superior
performance in identifying the nascent fault which could be subtle inside process data and hard to identify [15], [16]. These measurements
and changes are representative of nonlinear and nonstationary nature of the industrial processes where they are often used thus showcasing
how these challenges make deep learning a powerful tool to address large-scale as well as high-dimensional data. Thus, this tutorial
review will provide a systematic survey of the current state-of-the-art deep architecture and methodologies applied to chemical process
monitoring and fault detection, critically addressing their potential applicability to real industrial cases. The highlight will be on how
these methods are able to utilize the distinctive capabilities of deep architectures, like modeling sequential data and recreating nominal
operating conditions [17], [18] as well as improve fault detectability and minimizing false alarms for intricate chemical systems. These
trends include the exploration of quantum computing-based deep learning methods, which have the potential to provide unique solutions
for addressing computational limits and improving fault diagnosis in industrial processes, such as that used in the Tennessee Eastman
Process [19]. This assists in reducing time consumption such as training deep learning models on immense industrial datasets for fault
detection classification. Classical methods like Principal Component Analysis (PCA) and model-based approaches rely on simplistic
assumptions, failing to account for complicated nonlinear dynamics.

As data, such as those from the sensors and distributed control systems become more widely available process data-driven methods
have received significant attention in particular deep learning. These sophisticated deep learning-based models have the power to
automatically extract hierarchical features and detect more nuanced patterns which contain information about process anomalies,
effectively addressing the challenges presented by traditional methods that struggle in dealing with noisy, correlated, and high-
dimensional industrial processes. However, a major drawback of implementing deep learning models for fault diagnosis is the
interpretability issue, also known as "black box," nature of deep learning models [20], making it difficult to identify the failure root. This
results in limited use of these approaches in industrial settings where safety is an important parameter as revealing the underlying
mechanism of a fault for prevention and system tuning is critical [21]. As a result, research increasingly focuses on interpretable deep
learning models and explainable Al methods that allow us to understand the decision-making process inside these complex algorithms so
as not only to increase trust towards their results but also make it easier for them to be used in industrial fault detection and diagnosis
pipelines. Machine learning approaches benefit from automatic feature extraction, making deep learning a promising technique to achieve
better fault classification performance for complex industrial systems. This survey will cover various deep learning architectures including
convolutional neural networks, recurrent neural networks and their sophisticated variants exploring their respective contributions and
feasibility of addressing the distinctive features presented in chemical process data for robust monitoring and fault diagnosis. A
comparative summary of prominent deep learning and traditional techniques in the context of fault detection and diagnosis for chemical
process monitoring is provided in Table 1.
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Table 1: Deep Learning Techniques for Chemical Process Monitoring and Fault Detection.

Sr. No. Technique / Method Model Type Key Dataset / Key Features | Advantages Limitations
Application Process
1 Principal Component | Statistical Method Fault Industrial Linear feature | Simple and Poor for nonlinear
Analysis (PCA) detection processes extraction fast systems
2 Convolutional Neural Deep Learning Fault Chemical Spatial feature High Needs large dataset
Network (CNN) classification | process data learning accuracy
3 Recurrent Neural Deep Learning Time-series Dynamic Sequential Captures Vanishing gradient
Network (RNN) monitoring processes modeling temporal
behavior
4 Bidirectional LSTM Advanced Deep Fault Tennessee Bidirectional High High computation
(Bi-LSTM) Learning detection Eastman sequence detection
Process learning accuracy
5 Autoencoder (AE) Unsupervised Anomaly High- Feature Detects Low interpretability
Learning detection dimensional compression unknown
data faults
6 Variational Probabilistic Fault Nonlinear Latent variable Handles Complex training
Autoencoder (VAE) Model diagnosis systems modeling uncertainty
7 Feature Ensemble Hybrid Deep Incipient fault Complex Feature fusion Detects Model complexity
Network (AE-FEN) Learning detection chemical subtle faults
plants

Source: Authors (2026).
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Figure 1: PRISMA flowchart for article selection process.
Source: Authors (2026).

The PRISMA diagram in figure 1 depicts the systematic selection of studies with initial inclusion from databases (n=680) and
other sources (n=30), followed by removal of duplicates. From the 710 records screened, 428 were eliminated and 282 full-text articles
were evaluated for eligibility. Ultimately, 94 high-quality studies underwent qualitative synthesis after the exclusion of a further 188 full-

text manuscripts.
Il. FUNDAMENTALS OF PROCESS MONITORING AND FAULT DETECTION

The overall structures of a process monitoring system, with data acquisition and feature extraction as input, followed by fault
detection (FD), fault diagnosis (FDD), and root cause analysis (RCA), are depicted in figure 2. It also identifies the types of common
faults that can occur in chemical processes, allowing for the systematic identification and mitigation of abnormal operating conditions.
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Figure 2: Process Monitoring and Fault Detection Framework.
Source: Authors (2026).

1.1 PROCESS MONITORING FRAMEWORK

A standard process monitoring architecture primarily contains a series of interlinked steps that provide reliable processing and
timely detection of abnormal situations. The first step is Data acquisition that refers to data from real-time measurements such as
temperature, pressure, and the flow rate taken using various sensors placed in the process. Raw data extracted from sensors is processed
through feature extraction to derive indicators indicating system behavior. Using these characteristics, fault detection techniques are used
to identify healthy and faulty operating conditions. When a fault is detected, fault diagnosis identifies and classifies the cause of the
deviation. Here, fault detection is the identification of whether a fault occurs, and fault diagnosis is the determination of what specifically
caused that error to occur so that it can be corrected appropriately. The increased reliance on reliable and timely Fault Detection and
Diagnosis in the modern engineering systems for operational safety and resilience poses challenges, particularly in complex and data-
intensive environments due to limitations of model-based or rule-based approaches [22]. Abnormal operation settings in such domains
are still increasingly supplemented with intervention, which leads to a high number of production accidents. Data preprocessing, training
PCA and LSTM autoencoder models, calculating monitoring statistics, determining thresholds, and marking anomalies if those thresholds

are cancelled in the workflow shown in figure 3 [23].
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Figure 3: PCA-LSTM Autoencoder—based Anomaly Detection Pipeline.
Source: [23].

As a result, the implementation of a reliable automated system for detecting and diagnosing faults is critical to improving process
safety as well as efficiency in modern-day industrial processes. Consequently, a process monitoring system should not only predict the
next-step values of quality variables accurately but also efficiently to facilitate timely corrective intervention before considerable
disturbances [24]. This highlights the performance of technologies predictive monitoring, which use a knowledge-based understanding
approach to classify deviations based on analytical techniques [25]. These systems function by determining normal behaviors and
subsequently detect deviations from it that may be an early indicator of failure [26].

1.2 TYPES OF FAULTS IN CHEMICAL PROCESSES

In these systems, faults may occur at smart sensors (e.g., faulty measurements) or control devices (e.g. faulty control actions),
leading to compromised system performance. Sensor faults happen when measurement devices give wrong or noisy data because of
calibration errors, drift, or failure, which results in incorrect information about the process. Actuator faults are relevant to control elements
like valves, pumps or motors that fail to respond accordingly to the control signal. Process disturbances are external or internal deviations
like variations in feed composition, changes in temperature, and environmental influences which interrupt the normal operation.
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The gradual decline in the performance of a system due to wear, fouling corrosion or aging of components reducing the efficiency
of a system is called equipment degradation. Finally, there are structural faults, either of material failure, leakage or blockage in the
system infrastructure, which can severely impact safety and operations. As detailed, these distinct fault types require extensive monitoring
approaches that can detect small deviations in several operational parameters to ensure system integrity and avoid significant failures
[27]. Figure 4 shows one of model-based approach where outputs from the process compared with model predictions for detection,
isolation and management of a fault in system [28]. A fault, in general terms, is defined as an unallowed alteration of at least one process
parameter from a suitable state and may be organized to abruptness category type such as clear faults, intermittent and gradual [29]. The
detection latency, which is the latent period before a fault materially influences the process, may widely vary with respect to fault types
and will require complex models for accurate estimation of fault commencement and magnitude [30], [31]. The output of process
monitoring in terms of fault detection, diagnosis and isolation as well as root case analysis is a structured solution to these challenges.
Detection indicates if we have abnormalities, diagnosis states what kind of fault we have, isolation points out at what component or
subsystem we deal with, and root cause analysis gives us the deepest insight of the reasons that triggered the fault to apply appropriate
corrective and preventive actions. In this context, a fault is an external register which makes the system behave differently than it was
designed to do and can be classified based on its physical location as either component, actuator or sensor faults [32]. This delineation is
important for developing targeted diagnostic strategies, as independent fault origins need separate remedial actions [33-35]. From a
temporal viewpoint, faults could also be categorized as sudden or drift, which is based on if the parameter deviation is stepwise or
progresses over time and usually drift behavior indicates equipment degradation [36]. The important stage of the process monitoring
framework, fault types, and their role in secure and dependable industrial operation are summarized in Table 2.

Input

e d ‘ Process Model

Process System

e Indicating if there is fault Faultidetection

e Determining where the fault is

Fault isolation

e Removing faults before they
affect the process performance

Fault management

Figure 4: Model-Based Fault Detection and Diagnosis (FDD) Framework.
Source: [28].

Table 2: Process Monitoring Framework and Fault Types.

Stage / Fault Type Description Key Components Significance
Data Acquisition Collection of real-time process data Sensors, instruments Provides input for monitoring
Feature Extraction Processing raw data into meaningful features | Signal processing tools Improves detection accuracy
Fault Detection Identification of abnormal conditions Detection algorithms Early warning of faults
Fault Diagnosis Identification of fault type and cause Classification models Supports corrective action
Types of Faults Sensor, actuator, disturbance, degradation Process components Affects safety and performance

Source: Authors (2026).
I1l. DEEP LEARNING TECHNIQUES FOR FAULT DETECTION

Key deep learning models for fault detection that can learn spatial, temporal and nonlinear patterns in the PID process data such
as Autoencoders, CNNs, RNN/LSTM and hybrid architecture are illustrated in figure 5. Additionally, it emphasizes more sophisticated
techniques like attention mechanisms and graph-related models that incorporate feature relevance consideration and relationship
reasoning across the system to facilitate fault diagnosis.
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Figure 5: Deep Learning Techniques for Fault Detection in Chemical Processes.
Source: Authors (2026).

1.1 AUTOENCODERS (AE) AND STACKED AUTOENCODERS (SAE)

Autoencoders have proven valuable in chemical process monitoring, due to their ability for unsupervised feature learning and
anomaly detection. These neural networks work by encoding the process data into a lower-dimensional latent space (via an encoder) and
then reconstructing it back to original form (via a decoder), therefore learning compact and meaningful representation of process data.
This allows the model to learn the normal operating patterns of the system during this process. The reconstruction error is then obtained
and since the output can differ significantly from the input in case of fault it serves as an indicator. Autoencoders are a popular neural
network architecture, which can compress input data into a latent representation of lower dimensionality and then decompress it, with
anomalies being detected via an increased reconstruction error [7]. This mechanism exploits the fact that an autoencoder trained only on
normal operational data will present a higher reconstruction error for anomalous inputs since they do not belong to the normal distribution
of the learned data [37]. This diffuse nature of fault occurrence makes it very hard for human-noise systems to define conditions upon
which faults will occur and their trigger rates [38]. This ability makes autoencoders highly applicable for unsupervised fault detection of
chemical processes, which is non-linear and high dimensional, with the consideration that comprehensive labeled fault data is often not
readily available. Since in classical Principal Component Analysis we performed an intrinsic linear transformation, it failed to adequately
model nonlinear process variables [39]; therefore, defective detection might not be accurate when monitoring fault in more complex
systems compared autoencoders were a more robust option for linear/nonlinear process monitoring [40].

Autoencoders can be used to work with incomplete and/or noisy datasets, which are often encountered in industrial environments.
The stacked autoencoders which are formed by cascading linear transformation methods add more advantage over autoencoders by
learning hierarchical and high-level features from the complex process dataset. Stacked autoencoders and their modified variants have
received very good performance in industrial benchmark datasets, especially when adapting to missing or partially observed data as these
methods can learn deeper spread representations that contribute positively towards fault detection. The basic architecture of an
autoencoder is composed of an encoder that compresses the high-dimensional input data into a lower dimensional latent space, and a
decoder that reconstructs the reconstructed data from this lower dimensional representation [4], [41]. The encoder compresses the data
and maps from high-dimensional space to low-dimensional space, while the decoder generates original data from compressed code [42].
By learning the structure of the data, the network can identify anomalies as deviations from this learned structure [43]. Autoencoders are
trained in an unsupervised manner, which makes them very suitable for cases where anomalous data can be heterogeneous and not
necessarily annotated with explicit labels [44]. Variational autoencoders are another advancement of the autoencoder architecture that
brings a probabilistic perspective to the latent space, allowing for generative modeling capabilities as well as regularization during training
such that overfitting can be reduced. Figure 6 shows a deep learning pipeline that involves using autoencoders and classification models
to process vibration data to detect faults, which is helpful for health index construction to discover the state of system monitoring. [45].
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Figure 6: Deep Learning-Based Fault Detection and Health Index Construction Framework.
Source: [45].
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Unlike regular autoencoders, stacked autoencoders have multiple layers where the output from one layer’s autoencoder is fed as
input to the next [46]. The deeper architecture, including more hidden layers in both encoder and decoder locations, makes stacked
autoencoders capable of capturing relatively complex relationships within the data [18], which allows to represent high-dimensional
features or nonlinearities on fault indications as well [47], [48].

111.2 CONVOLUTIONAL NEURAL NETWORKS (CNN)

Convolutional neural network (CNN) offers a feasible solution to fault detection in chemical processes owing to its strength in
capturing spatial correlations among simultaneous process variables. Process data in multivariate systems often have structured
relationships that are well suited for extraction by CNNs through convolutional operations. Such networks use filters to extract local
patterns and return feature maps that provide an indication of the states of interest in the process. This property enables CNNs to handle
high-dimensional data flows, their advantages lying in the ability to pick up on signals that powerful statistical tests might fail to detect,
especially when temporal or image-like encodings of process variables are used [49]. CNNs are capable of automatically extracting the
most important features, making them useful for anomaly detection from recurrence plots based on multisensory streams, and allowing
them to diagnose faults in real time [50]. In addition, it is possible to combine advanced CNN architecture with other deep learning
models, contributing to hybrid systems that improve robustness and interpretability in industrial fault diagnosis. Several deep learning
methods have been applied to fault detection, with CNNs being one of the most prominent due to their high performance in terms of
complex features and classification. Input images, illustrated in the figure7 CNN framework as requiring passes through convolution layer
followed by pooling and fully connected layers to extract features from input data and perform their final classification [51]. CNNs take
advantage of their hierarchical design to recognize patterns associated with faults through progressively abstracted features learned from
raw process data and frequently show superior performance compared to more traditional machine learning algorithms when sufficiently
large datasets are available.

Convolution Convolution
Layer 1 Layer 2 Pooling Fully-Connected
Layer 1 Layer

i Output
Layer

MLP Dimension

Reduction

Flatten

Concatenation

Figure 7: Convolutional Neural Network (CNN) Architecture for Feature Extraction and Classification.
Source: [51].

Learning these localized features significantly increases the accuracy of fault classification by CNN-based models, and as a result,
enables robust discrimination between normal and faulty operating conditions. They are especially good at dealing with high-dimensional
and multidimensional process data where traditional methods can struggle to find hidden correlations. This is one of the main reasons
that, with better feature extraction ability by CNNs, performance-wise they provide a more reliable approach for monitoring and fault
identification in chemical process systems. The basic structure of a CNN consists of convolutional layers that extract features via learnable
filters and pooling layers that down-sample the data while maintaining most vital information [52]. Compared to other algorithms, CNNs
are particularly suited for processing time-series features or imaging-based representations of process variables, as they create a processing
chain with multiple layers that distinguish increasingly abstract levels of regularities in the series data [52]. The approach of CNNs to
learn feature hierarchies purely from raw sensor data, avoiding the need for explicit feature engineering, has significant utility in complex
industrial fault detection scenarios [53].

1.3 RECURRENT NEURAL NETWORKS (RNN) AND LSTM

Inherent to chemical processes that their systems are dynamic, with system behavior changing with time and depending on previous
states. This makes Recurrent Neural Networks a natural candidate for those environments, since they are made to approximate temporal
dependencies in sequential input. Because RNNs have internal memory, they can learn to model the relationships between current and
previous observations, making them suitable for analyzing time-series blue-tooth sensor data. RNNs can learn time-varying patterns that
may correspond to gradual increase of process anomalies or the incipient stage of faults, which is useful for proactive process monitoring
[54]. More specifically, RNNs handle sequential inputs by using the output of a hidden layer from one temporal step as an input to the
next hidden layer, allowing networks to learn and perform complex data transformations over long ranges of timesteps [55]. Due to the
diminishing target problem in traditional RNNs when learning long-term dependencies, Long Short-Term Memory neural networks have
become effective approaches for fault detection among RNN architectures [56]. Their advanced gating functionalities (input, output and
forget gates) are what makes it possible, wherein input gate helps them in remembering past states and forget gate enables them to forget
the state [57]. The specialized neural network architecture of Long Short-Term Memory (LSTM) networks overcomes the limitations of
traditional RNNs regarding long-term dependencies.
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LSTM networks are designed with memory cells and gate variables that enable them to keep significant information over longer
time spans, as well as skip out on irrelevant details. In chemical processes, this ability is crucial to detect abnormalities where deviations
could occur gradually or have a time-lag feature. In particular, the insertion of input, output and forget gates in LSTMs allows them to
learn which features are important temporal behavior that needs to be retained in their memory cells, which significantly enhances
reliability and accuracy where it comes to fault diagnosis. Figure 8 depicts the receiving of raw data from measurement signals to online
processing and then uses a PAM analysis to detect, locate, and predict faults in rotating machinery systems [58]. This architecture enables
LSTMs to mitigate the vanishing gradient issue that traditional RNNs face, helping to retain important information from time steps in
earlier training cycles [59-61]. The internal memory and gating mechanisms allow RI-GECRs to capture long-term temporal dependencies
much more effectively due to greatly enhanced gradient flow [62].

-------------------------------------------

Fault Diagnosis
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5 . PdM Analysis
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E Scalogram Vibration Image Spectrogram Kurtogram E

Data Collection

Figure 8: Predictive Maintenance Framework for Fault Diagnosis and Prognosis Using Vibration Signal Analysis.
Source: [58].

Hybrid architectures, such as CNN-LSTM combine the strengths of both structures by using CNNs for spatial feature extraction
and LSTMs for the temporal analysis. These models are based on the integrated approach, which can facilitate successful and effective
detection of fault dynamics and time-delay effects in process and provide greater accuracy and reliability to monitoring systems. Although
standard RNNs have demonstrated success in various tasks, challenges like vanishing or exploding gradients during the training process
can significantly limit their performance with sequences of longer length [63], [64]. These limitations can be addressed with more
advanced RNN variants, such as long short-term memory (LSTM) networks and Gated Recurrent Units, which use complex gating
mechanisms to control information flow in the model more effectively, improving their ability to fit time-series data with long-range
dependencies [65]. LSTMs specify an input gate, a forget gate and an output gate to regulate the transport of information which enables
them to selectively save and recall information over long periods [66], [67]. This unique architecture allows LSTMs to remember
important information over long sequences and avoid vanishing gradient problems, which often limit the effectiveness of traditional
RNNs in learning long-term dependencies [68-70]. The forget gate decides what will be thrown away from the previous cell state, the
input gate decides what new information should be saved in this cell, and the output gate controls what is sent to hidden state [71].

111.4 HYBRID DEEP LEARNING MODELS

To effectively model the complexity of chemical processes, recent trend in process monitoring is to adopt hybrid deep learning
models that combine various architectures. These approaches typically integrate the advantages of various methods to incorporate both
spatial and temporal features associated with process data. A common approach is to utilize CNN-LSTM frameworks for deriving spatial—
temporal features, where convolutional layers capture local correlations and LSTM units model time-dependent dynamics. These
combined strengths harness the CNN's ability to extract features in a hierarchical manner, along with LSTM's ability to learn long-range
temporal dependencies, resulting in the establishment of a strong mechanism for decoding complex fault signatures from intricate process
dynamics [72]. Additionally, kernel deep learning has been introduced in soft sensor context with hybrid variable-wise weighted stacked
autoencoders [73]. Another potential direction of development related to emission monitoring systems can be found at the crossroads
between explainable artificial intelligence (Al) and deep learning, aiming for more transparent and reliable algorithms catering to
emissions-sensitive processes [74]. These hybrid methods typically combine anomaly detection and fault classification, employing
aggregated feature representations resulting in higher diagnostic accuracy than standalone models. RRNNs help understand the spatio-
temporal aspects of environmental data [75], hence, are suitable to develop hybrid deep approaches by aggregating CNN with RNN or
LSTM for accurate detection and prediction of fault in complex industrial processes.
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Likewise, hybrid systems such as Autoencoder-LSTM facilitate feature extraction and predictive functionality simultaneously,
enabling early fault anomaly detection from learned data representations. Graph Neural Networks have also received attention in modeling
process topology, where the connections between different units or variables are considered as interconnected nodes, providing a broader
view of inter-system interactions. It has been shown that hybrid CNN-LSTM networks can achieve a better result about anomaly detection
and fault prediction tasks in industrial applications on the premise of modeling both spatial and temporal information [76]. This is
especially apparent in hydraulic systems, where integrated CNN and LSTM architectures outperformed traditional methods for anomaly
detection [77]. Integrated frameworks which merge CNN, Autoencoders and LSTM network have shown improved performance on multi-
class fault classification tasks. These diverse hybrid methods enhance feature extraction, improve detection accuracy, and rarefaction of
a fault diagnosis more accurately in complex chemical processes.

1.5 ATTENTION MECHANISMS AND GRAPH-BASED MODELS

Attention mechanisms and graph based deep learning structures have also been integrated into these advanced models, highlighting
their strengths in accurate fault detection and diagnosis for chemical processes. Attention mechanisms allow the model to exploit different
importance levels of process variables by focusing on more significant features for fault identification. This weighted force fitting aids
model interpretability and helps to emphasize which features contribute most towards unexpected behavior. To illustrate, Dual-Stage
Attention RNN architectures can learn input-level attention weights as well as temporal attention weights simultaneously, allowing
highlighting of relevant features and significant time steps while forecasting [78]. Likewise, the channel—spatial attention method can
improve feature importance as well as reduce noise in CNN-LSTM for real-time sensor fault detection [79]. Additionally, the combination
of these attention mechanisms with LSTMS allows us to forecast future patterns of important variables, providing good early prediction
results in several fault cases [80]. Instead of focusing on a single feature among many, attention can be incorporated into hybrid deep
learning architectures that dynamically emphasize important features for better risk recognition under changing operational scenarios
[81]. This flexibility allows them to perform especially well in settings with skewed datasets, a frequent occurrence within fault
identification approaches [82]. Graph-based approaches, including popular paradigms like Graph Neural Networks, show great potential
in modeling the complex relationships between various process variables and sensors throughout a chemical plant. A four-stage approach
of understanding the data, learning patterns, diagnosing faults and finally taking maintenance actions is shown in figure 9 which enhances
reliability and performance levels of a system [83].
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Figure 9: Al-Based Predictive Maintenance Workflow: From Data Understanding to Maintenance Action.
Source: [83].

This is an approach where the process is represented with graph models (a network of interconnected nodes and edges), and each
node corresponds to a specific process variable or unit. These representations can effectively capture the complexities of relationships
and interactions in the system. Graph Attention Networks (GAT) introduced attention heuristics along with the underlying graphical
structures to better learn the spatial and temporal dependencies between variables in input data. At a deeper level, tailored graph neural
networks such as EG-SAGCN further modify edge weights and use spatial attention to better learn local and global relationships in sensor
networks [84]. This enables a more detailed understanding of how disturbances diffuse over interlinked systems. Considering their
capability of naturally model relationships between entities, a characteristic that suits well for property modeling [85] and addresses
challenges in traditional descriptor-based methods. In Table 3, a consolidated comparison of various prominent deep learning architectures
tailored for fault detection in chemical process systems is provided, specifying their learning modes, characteristics and applications. It
shows how different models based on data patterns can systematically improve the accuracy and reliability of detection using spatial,
temporal, and relational patterns in process data.
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Table 3: Deep Learning Techniques for Chemical Process Monitoring and Fault Detection.

Technique Model Learning Key Data Type Key Advantages Limitations Typical
Category Type Application Features Use Case
Autoencoder Neural Unsupervised Anomaly High- Reconstructi Detects Low Industrial
(AE) Network detection dimensional on error unknown faults | interpretability | monitoring
Stacked Deep NN | Unsupervised Feature Complex Hierarchical | High accuracy High Missing
Autoencoder extraction data learning complexity data cases
(SAE)
CNN Deep Supervised Fault Multivariate Spatial High accuracy Needs large Sensor
Learning classification features data systems
RNN Deep Supervised Time-series Sequential Temporal Captures Vanishing Process
Learning analysis modeling dynamics gradient monitoring
LSTM Advanced Supervised Fault Time-series Memory Handles long- High Dynamic
RNN prediction gates term data computation systems
CNN-LSTM Hybrid Supervised Spatio- Time-series Combined High reliability | Complex model | Real-time
temporal features monitoring
Attention Advanced Supervised Feature Large Variable Better Training Fault
Model DL importance datasets weighting interpretability complexity diagnosis
GNN Graph- Semi- System Network Node Captures Complex Large
based supervised modeling data relations dependencies implementation plants

Source: Authors (2026).

The only existing effective methods are those that enhance spatiotemporal feature learning, promote diagnosis capability, and
contextualize root cause analysis by identifying the most relevant variables and their interactions which make them increasingly suitable
for complex large-scale chemical process systems.

IV. APPLICATIONS IN CHEMICAL PROCESS INDUSTRIES

Figure 10 summarizes the Tennessee Eastman Process (TEP) as a standard system for testing fault detection models with industrial
real applications in processes such as petrochemical, polymer, pharmaceutical and wastewater. It emphasizes the primary advantages of
deep learning — early fault detection, predictive maintenance, enhanced process safety, and efficient root cause analysis.

Tennessee Eastman Process (TEP) i oy Industrial Case Studies

Petrochemical Plants
Benchmark Simulation HIE} %
e
@ Fault Detection & Diagnosis
w Model Evaluation & Testing

o= >=
Pharmaceutical Processes Wastewater Treatment

Early Fault @ P Predictive Process Root Cause
Detection 4 Maintenance Safety Analysis

Figure 10: Applications of Deep Learning in Chemical Process Industries.
Source: Authors (2026).

IV.1 TENNESSEE EASTMAN PROCESS (TEP)

The Tennessee Eastman Process is one of the most widely used benchmark systems for process monitoring and fault detection
techniques. It reflects a real industrial chemical process including complex reactions, recycle streams and multivariable control structures.
Due to its nonlinear and dynamic characteristics, it can provide a test platform for advanced data-driven as well as deep learning-based
methods validation. The dataset provides intact operation as well various fault cases that are very important to evaluate performance of a
model in detection and diagnosis task, allowing standardized comparisons among different techniques. State-of-the-art results in the
context of fault diagnosis on the Tennessee Eastman Process dataset have been reported for advanced GNNs (including with learnable
adjacency matrices) over classical recurrent neural networks. As illustrated in figure 11 [86], an abnormal condition is detected based on
analysis of these multi-sensor signals, as well as a specific type of fault is classified using a diagnostic model.
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Figure 11: Sensor-Based Fault Detection and Diagnosis Framework.
Source: [86].

This is due to their capability of modeling complex spatial correlations and inter-relational dependencies among the variables that
the process encompasses [87]. Yet the continuously changing relations between time series and different operational conditions are still
challenging to model [88]. This indicates a need for further explorations to design GNN architectures that can flexibly respond and capture
such changes, possibly via employing temporal graph learning methods or integrating physics-informed constraints to improve the
generalizability across different operational scenarios [89], [90]. TEP is run over multiple different indicative operating conditions and
predefined fault cases, allowing for the systematic evaluation of fault detection and diagnosis algorithms. This benchmark is widely used
by researchers to assess model performance across detection accuracy, false alarm rate, robustness under noise and uncertainty. For
example, a recent work proposed the new Twin Transformer architecture combined with the Gated Dynamic Learnable Attention
mechanism to improve detecting and diagnosing different faults, trained on Tennessee Eastman Process Dataset independently process
input data while dynamically adapting attention strategies [9]. Big advantages in accuracy and reliability of fault detection have been
shown using deep learning applied to Tennessee Eastman Process. By employing techniques like autoencoders, CNNs, and hybrid
architectures that can capture complex patterns inherent in the process data, these approaches have shown improved robustness and
generalization by effectively handling multiple fault scenarios.

IV.2 INDUSTRIAL CASE STUDIES

Deep learning-based fault detection methods have been successfully applied to a wide variety of industrial chemical processes.
These techniques are used in petrochemical plants and refinery operations to monitor complex reaction networks and dynamic separation
units that feature multiple interacting species. Deep learning models are used to monitor reaction parameters for product quality in polymer
production. In pharmaceutical processes, they are similarly valuable in providing necessary quality assurance by quickly finding
anomalies in batch operations and continuous manufacturing systems. These applications exploit the ability of deep learning to handle
high dimensional sensor data, allowing them to detect subtle anomalies that may propagate into significant equipment failures or
excursions early, providing operational safety and efficiency. In addition, the use of deep learning in these industrial contexts has
contributed to decreased unscheduled downtime and improved resource utilization by enabling proactive maintenance scheduling. Thus,
this positive approach is significant in improving overall reliability and economic performance of the system. The efficacy of these
approaches on features fusion and ensemble learning underscored that these methods have also been extensively validated to real-world
datasets collected from industrial facilities such as wastewater treatment plants in which they are shown superior fault detection
performance over single model-based setups [91-97]. There are many practical benefits of incorporating deep learning into process
monitoring systems. It allows fault detection as early as possible by recognizing small changes in process behavior before these turns into
serious failings. Forecasting equipment degradation and scheduling maintenance interventions can lead to improved predictive
maintenance strategies that lower downtime and maintenance costs. It also makes process safety even better, since advanced models can
detect abnormal conditions in real time and initiate preventive measures. Additionally, deep learning systems enhance the ability to
conduct effective root cause analysis by identifying individual outlier occurrences along with their causative factors, thus allowing for
continuous enhancement of chemical process operations [98-100]. Data-driven strategies are crucial to tackling the intrinsic complexities
of chemical processes, where dynamic and non-linear interactions make it hard for conventional modelling approaches [101]. Table 4
provides a summary of various industrial applications for deep learning in chemical processes, including faults detection and monitoring,
as well as operational efficiency improvement.

Table 4: Applications for Deep Learning in Chemical Process Industries.

Application Area Process Type DL Technique Used Key Function Benefits
Tennessee Eastman Process Benchmark system AE, CNN, LSTM Fault detection High evaluation accuracy
Petrochemical Plants Continuous process CNN, RNN Process monitoring Improved safety

Refineries Separation units CNN-LSTM Fault diagnosis Reduced downtime
Polymer Production Reaction systems Autoencoder Quality monitoring Product consistency
Pharmaceutical Industry Batch process LSTM, RNN Anomaly detection High precision
Wastewater Treatment Environmental systems Ensemble DL Fault prediction Better reliability
Smart Manufacturing Industry 4.0 Hybrid DL Predictive maintenance Cost reduction
Cyber-Physical Systems Automated plants GNN, Attention Fault & attack detection Enhanced security

Source: Authors (2026).
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In today’s Industry 4.0 settings, the scope of deep learning-based approaches goes beyond typical monitoring tasks to recognize
unseen defects and provide alerts for possible cyber threats in industrial control systems. This ability is critical for safe, reliable function
within highly automated and interconnected chemical process industries.

V. ADVANTAGES OF DEEP LEARNING IN PROCESS MONITORING

Deep learning can hold significant benefits in process monitoring due to its ability to deal with nonlinear and high dimensional
data, which are often encountered in complex industrial processes. It can automatically derive the stimulus-relevant feature from raw
sensor data, thus removing the manual feature engineering step and lessening reliance upon domain-specific preprocessing unlike
traditional methods. It reduces the number of false positives with deep learning models able to learn fine-grained differences and latent
features in process data. Furthermore, these methods assist in near-real-time monitoring where persistent analysis of streaming data helps
in timely abnormality detection. In predictive maintenance, deep learning can use raw sensor data to detect early signs of equipment
failure and predict impending failures. Thus, deep learning methods outperform traditional ones in capturing dynamic connections and
underlying processes.

VI. CHALLENGES AND LIMITATIONS

While deep learning has significant potential for chemical process monitoring, several practical challenges hinder its broad
industrial application. These have to do with problems concerning data availability, interpretability of models, computational demands
and suitability across processes. Since this technique is still in its initial phases, knowing its limitations will help avoid the implementation
pitfalls and provide directions for developing efficient and robust fault detection systems.

V1.1 DATA-RELATED ISSUES

One of the significant challenges to applying deep learning in monitoring chemical processes is data. Labeled fault data are limited
in many industrial settings because faults happen rarely and do not follow any systematic documentation. For supervised learning, this
results in a lack of training samples. Moreover, the datasets usually are heavily imbalanced where there is more amount of normal
operating data than faulty conditions available which leads to models being biased towards normal predictions. Dealing with missing,
incomplete and noisy sensor data introduces additional complexity in developing a model that accounts for the reliability and accuracy
of feature extraction and learning processes.

V1.2 INTERPRETABILITY

Many deep learning systems are black boxes in nature, meaning they do not lend themselves to easy interpretation of internal
workings or decisions. The present absence of such insight is particularly limiting in safety-critical industries like chemical processing,
where knowing not just that a fault occurred but why it can be crucial. Due to the limited ability of such models to explain themselves,
engineers and operators may be reluctant, if not downright fearful, to rely on them — especially in high-stakes environments that mandate
very stringent regulatory compliance and accountability.

V1.3 COMPUTATIONAL COMPLEXITY

The implementation of deep learning models involves significant computational requirements. Training complex architectures,
such as deep neural networks, requires high processing power and long training times, particularly when dealing with large-scale industrial
datasets. In addition, these models typically require extensive datasets to achieve high accuracy, which may not always be available in
real-world applications. This increases the cost and complexity of deployment in industrial settings.

V1.4 GENERALIZATION

Generalization remains a critical issue in deep learning-based fault detection systems. Models trained on a specific process or
dataset may not perform effectively when applied to different processes due to variations in operating conditions, system configurations,
and process dynamics. This limits the scalability and adaptability of such models across different industrial applications, requiring
retraining or fine-tuning for each new environment.

VII. FUTURE RESEARCH DIRECTIONS

To address current constraints and improve the performance of those deep learning models, researchers are focused on novel
methods and high-performance computer technologies. Future works will surely focus on enhancing the explainability of such models,
decreasing dependency on annotated content, and coupling intelligent systems with modern industrial architectures. This will greatly
enhance the robustness and practical reliability of deep learning within chemical process monitoring.

VII.1 EXPLAINABLE Al (XAl)

Explainable Artificial Intelligence is emerging as a critical research direction to address the lack of transparency in deep learning
models. By incorporating XAl techniques, it becomes possible to interpret model predictions and understand the underlying reasoning
behind fault detection and diagnosis. This improves trust and acceptance of Al systems in industrial environments, particularly in safety-
critical chemical processes. In addition, explainability supports informed decision-making by providing engineers with actionable insights
rather than only prediction outputs.
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VI1.2 TRANSFER LEARNING AND FEW-SHOT LEARNING

Transfer learning and few-shot learning approaches offer promising solutions to the challenge of limited labeled data in industrial
applications. These techniques enable models trained on one process or dataset to be adapted to another with minimal additional data.
This reduces the need for extensive data collection and labeling efforts. Such approaches are especially useful in chemical industries
where fault data are rare, allowing models to generalize knowledge across different plants and operating conditions.

VIL.3 INTEGRATION WITH INDUSTRY 4.0

The integration of deep learning with Industry 4.0 technologies is expected to significantly enhance process monitoring and fault
detection capabilities. The use of loT-based systems enables real-time data acquisition from sensors and equipment, facilitating
continuous monitoring. Digital twins provide virtual replicas of physical systems, allowing real-time simulation, prediction, and
optimization of process performance. Edge computing further supports rapid decision-making by processing data closer to the source,
reducing latency and improving system responsiveness in industrial environments.

VI1.4 SELF-SUPERVISED AND UNSUPERVISED LEARNING

Self-supervised and unsupervised learning methods are gaining attention as they reduce the dependency on labeled datasets. These
approaches allow models to learn patterns and representations directly from raw data, making them suitable for large-scale industrial
applications where labeled data are limited or unavailable. By leveraging unlabeled data, such methods enhance scalability and enable
more efficient deployment of intelligent monitoring systems across diverse chemical processes. Deep learning has significantly
transformed chemical process monitoring and fault detection by enabling accurate, data-driven analysis of complex industrial systems.
Techniques such as autoencoders, CNNs, and LSTMs provide improved detection accuracy and adaptability compared to traditional
approaches. Despite challenges related to interpretability and data availability, ongoing research in explainable and hybrid models is
addressing these limitations. Future advancements integrating deep learning with Industry 4.0 technologies will further enhance the
reliability, safety, and efficiency of chemical process industries.

VIIl. CONCLUSION

Deep learning has emerged as a highly effective approach for chemical process monitoring and fault detection, offering clear
advantages in handling nonlinear, high-dimensional, and dynamic industrial data. Techniques such as autoencoders, convolutional neural
networks, recurrent neural networks, and hybrid architectures have demonstrated strong capability in extracting meaningful features,
identifying subtle anomalies, and improving fault classification accuracy. These models significantly outperform conventional statistical
and model-based methods, particularly in complex systems such as the Tennessee Eastman Process and real industrial environments. The
study also highlights that deep learning enables real-time monitoring, early fault detection, and predictive maintenance, thereby improving
process safety, reliability, and operational efficiency. Despite these strengths, several practical challenges remain, including limited
labeled data, model interpretability, computational requirements, and generalization across different processes. Addressing these issues
is essential for large-scale industrial adoption. Recent research trends indicate that the integration of explainable Al, transfer learning,
self-supervised learning, and Industry 4.0 technologies will play a critical role in advancing this field. These developments are expected
to improve model transparency, adaptability, and scalability across diverse industrial applications. Overall, deep learning-based process
monitoring represents a transformative direction for modern chemical industries, supporting intelligent decision-making and enabling
safer, more efficient, and data-driven operations in increasingly complex manufacturing environments.

IX. AUTHOR’S CONTRIBUTION

Conceptualization: Mahesh Ganpat Bhong, Anant Sidhappa Kurhade and Kiran Dattatray Devade.
Methodology: Mahesh Ganpat Bhong, Kiran Dattatray Devade and Sagar Baburao Patil.
Investigation: Manjusha Tatiya, Jyoti B. Deone and Shital Yashwant Waware.
Data Curation: Manjusha Tatiya and Jyoti B. Deone.
Formal Analysis: Sagar Baburao Patil and Anant Sidhappa Kurhade.
Writing — Original Draft: Mahesh Ganpat Bhong and Manjusha Tatiya.
Writing — Review and Editing: Anant Sidhappa Kurhade, Kiran Dattatray Devade and Shital Yashwant Waware.
Resources: Kiran Dattatray Devade and Sagar Baburao Patil.
Supervision: Anant Sidhappa Kurhade.
Approval of the final text: All authors.
X. ACKNOWLEDGMENTS

The authors would like to express their sincere gratitude to Dr. D. Y. Patil Institute of Technology and DPGU, School of
Technology and Research - Dr. D. Y. Patil Unitech Society, Pimpri, Pune for providing t he necessary support and research infrastructure.

Page 1459



ITEGAM-JETIA, Manaus, v.12 n.60, p.1447-1463, July/August, 2026.

XI. REFERENCES

[1] M. Ahang, T. Charter, O. Ogunfowora, M. Khadivi, M. Abbasi, and H. Najjaran, “Intelligent Condition Monitoring of Industrial Plants: An Overview of Methodologies
and Uncertainty Management Strategies,” arXiv (Cornell University), Jan. 2024. doi: 10.48550/arxiv.2401.10266

[2] Sonali Shrikant Patil, “Al-Supported Forecasting of Biomass Availability under Changing Environmental and Resource Conditions”, Appl. Chem. Eng., vol. 9, no. 1,
p. ACE-5878, Feb. 2026.

[3] M. Li, P. Peng, H. Sun, M. Wang, and H. Wang, “An Order-Invariant and Interpretable Dilated Convolution Neural Network for Chemical Process Fault Detection and
Diagnosis,” IEEE Transactions on Automation Science and Engineering, vol. 21, no. 3, p. 3933, Jul. 2023. doi: 10.1109/tase.2023.3290202

[4] F. Ma, C. Ji, J. Wang, W. Sun, X. Tang, and Z. Jiang, “MOLA: Enhancing Industrial Process Monitoring Using Multi-Block Orthogonal Long Short-Term Memory
Autoencoder,” arXiv (Cornell University), Oct. 2024. doi: 10.48550/arxiv.2410.07508

[5] T. Biegel, P. A. Helm, N. Jourdan, and J. Metternich, “SSMSPC: self-supervised multivariate statistical in-process control in discrete manufacturing processes,” Journal
of Intelligent Manufacturing, vol. 35, no. 6, p. 2671, Jun. 2023. doi: 10.1007/s10845-023-02156-7

[6] M. Lu, Z. Gao, Y. Zou, Z. Chen, and P. Li, “Three-layer deep learning network random trees for fault detection in chemical production process,” The Canadian Journal
of Chemical Engineering, Aug. 2024. doi: 10.1002/cjce.25465

[7] Ramdas Biradar, “Al Applications in Smart Mineral Processing: Ore Characterization, Sorting, and Efficiency”, Appl. Chem. Eng., vol. 8, no. 4, p. ACE-5791, Nov.
2025.

[8] Z. Xiao, A. K. Kordon, and S. K. Sen, “Fault Detection and Diagnosis in Tennessee Eastman Process with Deep Autoencoder,” Annual Conference of the PHM Society,
Oct. 2023. doi: 10.36001/phmconf.2023.v15i1.3578

[9] M. A. Labbaf-Khaniki, M. Manthouri, and H. Ajami, “Twin Transformer using Gated Dynamic Learnable Attention mechanism for Fault Detection and Diagnosis in
the Tennessee Eastman Process,” arXiv (Cornell University), Mar. 2024. doi: 10.48550/arxiv.2403.10842

[10] C. Lou, M. A. Atoui, and X. Li, “Recent deep learning models for diagnosis and health monitoring: A review of research works and future challenges,” Transactions
of the Institute of Measurement and Control, vol. 46, no. 14, p. 2833, Mar. 2023. doi: 10.1177/01423312231157118

[11] M. A. L. Khaniki, A. Golkarieh, H. Nouri, and M. Manthouri, “Enhanced Fault Detection and Cause Identification Using Integrated Attention Mechanism,” arXiv
(Cornell University), Jul. 2024. doi: 10.48550/arxiv.2408.00033

[12] W. Sun, A. R. C. Paiva, P. Xu, A. Sundaram, and R. D. Braatz, “Fault detection and identification using Bayesian recurrent neural networks,” Computers & Chemical
Engineering, vol. 141, p. 106991, Jun. 2020. doi: 10.1016/j.compchemeng.2020.106991

[13] I. Lomov, M. Lyubimov, I. Makarov, and L. Zhukov, “Fault detection in Tennessee Eastman process with temporal deep learning models,” Journal of Industrial
Information Integration, vol. 23, p. 100216, Mar. 2021. doi: 10.1016/j.jii.2021.100216

[14] J. Zhu, M. Jiang, and Z. Liu, “Fault Detection and Diagnosis in Industrial Processes with Variational Autoencoder: A Comprehensive Study,” Sensors, vol. 22, no. 1,
p. 227, Dec. 2021. doi: 10.3390/s22010227

[15] M. Gao, M. Wang, and M. Chen, “Autoencoder-assisted Feature Ensemble Net for Incipient Faults,” arXiv (Cornell University), Apr. 2024. doi:
10.48550/arxiv.2404.13941

[16] H. Ziaei-Halimejani et al., “Fault diagnosis of chemical processes based on joint recurrence quantification analysis,” Computers & Chemical Engineering, vol. 155, p.
107549, Sep. 2021. doi: 10.1016/j.compchemeng.2021.107549

[17] M. Yin, J. Tian, Y. Wang, and J. Jiang, “A Novel Distributed Process Monitoring Framework of VAE-Enhanced with Deep Neural Network,” Neural Processing
Letters, vol. 56, no. 2, Mar. 2024. doi: 10.1007/s11063-024-11577-1

[18] A. D. Hallgrimsson, “Detection and Evaluation of Abnormal Events in Complex Industrial Processes,” Research Portal Denmark, Jan. 2020.

[19] A. Ajagekar and F. You, “Quantum computing assisted deep learning for fault detection and diagnosis in industrial process systems,” Computers & Chemical
Engineering, vol. 143, p. 107119, Oct. 2020. doi: 10.1016/j.compchemeng.2020.107119

[20] P. Agarwal, M. Tamer, and H. Budman, “Explainability: Relevance based dynamic deep learning algorithm for fault detection and diagnosis in chemical processes,”
Computers & Chemical Engineering, vol. 154, p. 107467, Jul. 2021. doi: 10.1016/j.compchemeng.2021.107467

[21] C. Ji, F. Ma, J. Rao, J. Wang, and W. Sun, “Bridging the Gap in Chemical Process Monitoring: Beyond Algorithm-Centric Research Toward Industrial Deployment,”
Processes, vol. 13, no. 12, p. 3809, Nov. 2025. doi: 10.3390/pr13123809

[22] D. Paolini, P. Dini, A. Elhanashi, and S. Saponara, “Advanced Fault Detection and Diagnosis Exploiting Machine Learning and Artificial Intelligence for Engineering
Applications,” Electronics, vol. 15, no. 2, p. 476, Jan. 2026. doi: 10.3390/electronics15020476

[23] N. Khan, S. A. A. Taqvi, and M. Waqas, “A Hybrid Deep Learning and Statistical Approach for Fault Detection and Diagnosis in AGRU Systems: Integration with
Aspen Plus and Explainable Al” Periodica Polytechnica Chemical Engineering, vol. 69, no. 4, p. 697, Oct. 2025. doi: 10.3311/ppch.41572

[24] Swapnil S. Chaudhari, “Machine learning for waste-to-energy processes: Resource evaluation, conversion efficiency, and environmental effects”, Appl. Chem. Eng.,
vol. 9, no. 1, p. ACE-5850, Jan. 2026.

[25] C. Ji and W. Sun, “A Review on Data-Driven Process Monitoring Methods: Characterization and Mining of Industrial Data,” Processes, vol. 10, no. 2, p. 335, Feb.
2022. doi: 10.3390/pr10020335

[26] S. J. Qin, “Survey on data-driven industrial process monitoring and diagnosis,” Annual Reviews in Control, vol. 36, no. 2, p. 220, Oct. 2012. doi:
10.1016/j.arcontrol.2012.09.004

[27] J. P. Hessling, Uncertainty Quantification and Model Calibration, 2017. doi: 10.5772/65579

Page 1460



ITEGAM-JETIA, Manaus, v.12 n.60, p.1447-1463, July/August, 2026.

[28] M. Golyadkin, V. Pozdnyakov, L. Zhukov, and 1. Makarov, “SensorSCAN: Self-supervised learning and deep clustering for fault diagnosis in chemical processes,”
Artificial Intelligence, vol. 324, p. 104012, Sep. 2023. doi: 10.1016/j.artint.2023.104012

[29] J. Yang, “Fault Diagnosis and Prognosis in multivariate complex systems,” HAL, Jan. 2023.

[30] Y. S. Lee, S. K. Ooi, and J. Chen, “A novel multi-step prediction model for process monitoring,” International Journal of Advances in Intelligent Informatics, vol. 10,
no. 2, p. 333, May 2024. doi: 10.26555/ijain.v10i2.1528

[31] M. Onel, B. Burnak, and E. N. Pistikopoulos, “Integrated Data-Driven Process Monitoring and Explicit Fault-Tolerant Multiparametric Control,” Industrial &
Engineering Chemistry Research, vol. 59, no. 6, p. 2291, Nov. 2019. doi: 10.1021/acs.iecr.9b04226

[32] Z. Mei, “Fault diagnosis & root cause analysis of invertible dynamic system,” HAL, Jul. 2017.

[33] V. Venkatasubramanian, “Prognostic and diagnostic monitoring of complex systems for product lifecycle management: Challenges and opportunities,” Computers &
Chemical Engineering, vol. 29, no. 6, p. 1253, Apr. 2005. doi: 10.1016/j.compchemeng.2005.02.026

[34] N. A. B. Roa, “A data-based approach for dynamic classification of functional scenarios oriented to industrial process plants,” HAL, Dec. 2016.

[35] Y. Park, S. S. Fan, and C.-Y. Hsu, “A Review on Fault Detection and Process Diagnostics in Industrial Processes,” Processes, vol. 8, no. 9, p. 1123, Sep. 2020. doi:
10.3390/pr8091123

[36] I. Radda and M. Alexey, “Application of Failure Detection Methods to Detect Information Attacks on the Control System,” Research Square, Nov. 2021. doi:
10.21203/rs.3.rs-882662/v1

[37] J. Peng, H. Zhao, and Z. Hu, “Second-order component analysis for fault detection,” Journal of Process Control, vol. 108, p. 25, Nov. 2021. doi:
10.1016/j.jprocont.2021.10.011

[38] A. Ifeanyi and J. Coble, “Comparison of Optimizers for Fault Isolation and Diagnostics of Control Rod Drives,” arXiv (Cornell University), Jul. 2024. doi:
10.48550/arxiv.2407.06557

[39] M.-Q. Yu, Y. S. Lee, and J. Chen, “Fault diagnosis-based SDG transfer for zero-sample fault symptom,” International Journal of Advances in Intelligent Informatics,
vol. 9, no. 3, p. 551, Nov. 2023. doi: 10.26555/ijain.v9i3.1434

[40] Manjusha Tatiya, “Al Applications in Tailings and Waste Management: Improving Safety, Recycling, and Water Utilization”, Appl. Chem. Eng., vol. 8, no. 4, p. ACE-
5789, Nov. 2025.

[41] S. X. Ding and L. Li, “A study on fault diagnosis in nonlinear dynamic systems with uncertainties,” arXiv (Cornell University), Sep. 2023. doi:
10.48550/arxiv.2309.02732

[42] K. S. Geun, C.-Y. Ho, and P. H. Seong, “Signal Fault Identification in Nuclear Power Plants based on Deep Neural Networks,” Annals of DAAAM International
Symposium, 2019. doi: 10.2507/30th.daaam.proceedings.117

[43]J. M. Barrera, A. R. Reina, A. Maté, and J. Trujillo, “Fault detection and diagnosis for industrial processes based on clustering and autoencoders: a case of gas turbines,”
International Journal of Machine Learning and Cybernetics, vol. 13, no. 10, p. 3113, Jun. 2022. doi: 10.1007/s13042-022-01583-x

[44] 1. M. Arce, J. M. Mase, D. Rengasamy, B. Rothwell, and G. P. Figueredo, “Anomaly Detection for Unmanned Aerial Vehicle Sensor Data Using a Stacked Recurrent
Autoencoder Method with Dynamic Thresholding,” SAE International Journal of Aerospace, vol. 15, no. 2, p. 219, Sep. 2022. doi: 10.4271/01-15-02-0017

[45] Madhuri Karad, “Al Models for Life-Cycle Assessment of Bio-Energy Technologies and Pollution Quantification”, Appl. Chem. Eng., vol. 9, no. 1, p. ACE-5855,
Jan. 2026.

[46] D. Upadrashta and T. Wijaya, “AI/ML Based Anomaly Detection and Fault Diagnosis of Turbocharged Marine Diesel Engines: Experimental Study on Engine of an
Operational Vessel,” Information, vol. 17, no. 1, p. 16, Dec. 2025. doi: 10.3390/info17010016

[47] L. Huang, H. Ren, Y. Chai, and J. Qu, “A fault detection method based on stacking the SAE-SRBM for nonstationary and stationary hybrid processes,” International
Journal of Applied Mathematics and Computer Science, vol. 31, no. 1, Jan. 2021. doi: 10.34768/amcs-2021-0003

[48] A. G. Ayad, N. A. Sakr, and N. A. Hikal, “Fog-empowered anomaly detection in 10T networks using one-class asymmetric stacked autoencoder,” Cluster Computing,
vol. 28, no. 8, Aug. 2025. doi: 10.1007/s10586-025-05234-y

[49] P. M. Mbilong, Z. Aarab, F.-Z. Belouadha, and M. 1. Kabbaj, “Enhancing Fault Detection in CNC Machinery: A Deep Learning and Genetic Algorithm Approach,”
Ingénierie des systemes d information, vol. 28, no. 5, p. 1361, Oct. 2023. doi: 10.18280/isi.280525

[50] L. Erhan et al, “Smart anomaly detection in sensor systems: A multi-perspective review,” Information Fusion, vol. 67, p. 64, Oct. 2020. doi:
10.1016/j.inffus.2020.10.001

[51] Q. Lu and S. S. S. Al-Wahaibi, “Enhanced CNN with Global Features for Fault Diagnosis of Complex Chemical Processes,” arXiv (Cornell University), Oct. 2022.
doi: 10.48550/arxiv.2210.01727

[52] G. Vashishtha et al., “Advancing machine fault diagnosis: A detailed examination of convolutional neural networks,” arXiv (Cornell University), Feb. 2025. doi:
10.48550/arxiv.2502.08689

[53] A. Saeed et al., “Deep learning based approaches for intelligent industrial machinery health management and fault diagnosis in resource-constrained environments,”
Scientific Reports, vol. 15, no. 1, Jan. 2025. doi: 10.1038/s41598-024-79151-2

[54] R. Namdeti, “Artificial Intelligence in Chemical Engineering: Past, Present, and Future Perspectives,” Journal of Chemical Health Risks, Jan. 2023. doi:
10.52783/jchr.v13.i6.2058

[55] G. Hu, T. Zhou, and Q. Liu, “Data-Driven Machine Learning for Fault Detection and Diagnosis in Nuclear Power Plants: A Review,” Frontiers in Energy Research,
vol. 9, May 2021. doi: 10.3389/fenrg.2021.663296

[56] G. @. Rensch, “Model-based Process Surveillance and Optimisation for Fault Detection and Diagnosis,” Research Portal Denmark, Jan. 2022.

Page 1461



ITEGAM-JETIA, Manaus, v.12 n.60, p.1447-1463, July/August, 2026.

[57] K. Ranjan et al., “Application of artificial intelligence in electrochemical diagnostics for human health,” Discover Electrochemistry, vol. 2, no. 1, Aug. 2025. doi:
10.1007/s44373-025-00042-w

[58] Manjusha Tatiya, “Al-Driven Process Control for Enhancing Safety and Efficiency in Oil Refining”, Appl. Chem. Eng., vol. 8, no. 4, p. ACE-5792, Nov. 2025.

[59] L. Wang, “Recurrent Pattern Aware Multiphase Flow Soft Sensor Model,” Journal of Physics Conference Series, vol. 1952, no. 4, p. 042096, Jun. 2021. doi:
10.1088/1742-6596/1952/4/042096

[60] M. Pronk, “Generative LSTM Models and Asset Hierarchy Creation in Industrial Facilities,” arXiv (Cornell University), Mar. 2024. doi: 10.48550/arxiv.2403.06103

[61] D. D. K. Wayo et al., “Exploring Quantum-Dot Engineered Solid-State Photon Upconversion in PbS:Yb*",Er**/CuBiO Using Density Functional Theory and Machine
Learning Methods for Water Splitting,” arXiv (Cornell University), Dec. 2024. doi: 10.48550/arxiv.2501.00573

[62] Sonali Shrikant Patil, “Smart Biorefineries: Machine Learning for Process Control, Resource Utilization, and Emission Monitoring”, Appl. Chem. Eng., vol. 9, no. 1,
p. ACE-5874, Mar. 2026.

[63] R. Gupta et al., “Machine learning for sustainable organic waste treatment: a critical review,” npj Materials Sustainability, vol. 2, no. 1, Apr. 2024. doi: 10.1038/s44296-
024-00009-9

[64] S. Hong et al., “A Dynamic Soft Sensor Based on Hybrid Neural Networks to Improve Early Off-spec Detection,” Engineering With Computers, vol. 39, no. 4, p.
3011, Jul. 2022. doi: 10.1007/s00366-022-01694-7

[65] Sonali Shrikant Patil, “Machine Learning Strategies for Enhancing Syngas Quality, Biofuel Stability, and Air Pollution Control in Bio-Energy Plants”, Appl. Chem.
Eng., vol. 9, no. 1, p. ACE-5880, Feb. 2026.

[66] H.-Y. S. Chien et al., “Slower is Better: Revisiting the Forgetting Mechanism in LSTM for Slower Information Decay,” arXiv (Cornell University), May 2021. doi:
10.48550/arxiv.2105.05944

[67] Y. Hu, X. Xin, G. Yu, and W. Deng, “Deep insight: An Efficient Hybrid Model for Oil Well Production Forecasting Using Spatio-Temporal Convolutional Networks
and Kolmogorov-Arnold Networks,” Research Square, Oct. 2024. doi: 10.21203/rs.3.rs-4988083/v1

[68] M. Krichen and A. Mihoub, “Long Short-Term Memory Networks: A Comprehensive Survey,” Al vol. 6, no. 9, p. 215, Sep. 2025. doi: 10.3390/ai6090215

[69] M. Z. Yousaf et al., “Bayesian-optimized LSTM-DWT approach for reliable fault detection in MMC-based HVDC systems,” Scientific Reports, vol. 14, no. 1, Aug.
2024. doi: 10.1038/541598-024-68985-5

[70] Smita Desai, “Machine Learning Approaches for Biomass Resource Mapping and Sustainable Energy Planning”, Appl. Chem. Eng., vol. 9, no. 1, p. ACE-5843, Dec.
2025.

[71] J. Park and S. Chang, “A Particulate Matter Concentration Prediction Model Based on Long Short-Term Memory and an Artificial Neural Network,” International
Journal of Environmental Research and Public Health, vol. 18, no. 13, p. 6801, Jun. 2021. doi: 10.3390/ijerph18136801

[72] Y. Zhang, Y. Wang, and L. Gao, “CNN-MHBIGRU: A two-stage deep learning framework with multi-attention mechanisms for IoT intrusion detection,” Ad Hoc
Networks, vol. 181, p. 104082, Nov. 2025. doi: 10.1016/j.adhoc.2025.104082

[73] L. Rosyadi et al., “Multivariate soft sensor for product monitoring in the debutanizer column with deep learning,” Proceeding ICMA-SURE, vol. 2, no. 1, p. 9, Jan.
2023. doi: 10.20884/2.procicma.2023.2.1.7762

[74] L. Poudel et al., “Deep Learning-Enhanced for Amine Emission Monitoring and Performance Analysis in Industrial Carbon Capture Plants,” arXiv (Cornell University),
Sep. 2025. doi: 10.48550/arxiv.2509.05241

[75]J. O. Ojadi et al., “Deep Learning Models for Predicting and Mitigating Environmental Impact of Industrial Processes in Real-Time,” International Journal of Scientific
Research in Science Engineering and Technology, vol. 12, no. 2, p. 119, Mar. 2025. doi: 10.32628/ijsrset25122109

[76] B. Selvanathan et al., “Ensemble Deep Learning for Detecting Onset of Abnormal Operation in Industrial Multi-component Systems,” International Journal of
Prognostics and Health Management, vol. 13, no. 2, Oct. 2022. doi: 10.36001/ijphm.2022.v13i2.3093

[77] X. Wei, L. Liu, J. Wang, and X. Zheng, “Deep learning-based anomaly detection framework for hydraulic support systems in mining safety,” Scientific Reports, vol.
15, no. 1, Oct. 2025. doi: 10.1038/s41598-025-19055-x

[78] A. B. Bereketoglu, “Hybrid Meta-Learning Framework for Anomaly Forecasting in Nonlinear Dynamical Systems via Physics-Inspired Simulation and Deep
Ensembles,” arXiv (Cornell University), Jun. 2025. doi: 10.48550/arxiv.2506.13828

[79] N. C. Lobo et al., “Online Sensor Fault Detection Using Machine Learning Algorithms on a Laboratory-Scale Batch Reactor: LSTM Approach,” ACS Omega, Feb.
2026. doi: 10.1021/acsomega.5c11180

[80] S. Rao and J. Wang, “Temporal dynamic label smoothing against horizon-induced distribution overlap: Improving early fault detection and diagnosis in chemical
process,” Chemical Engineering Science, vol. 323, p. 123201, Dec. 2025. doi: 10.1016/j.ces.2025.123201

[81] N. Liu et al., “Hybrid deep learning framework with spatiotemporal pattern extraction for decant oil solid content soft sensor development in fluid catalytic cracking
units,” Petroleum Science, vol. 22, no. 7, p. 3042, Apr. 2025. doi: 10.1016/j.petsci.2025.04.006

[82] G. S. Dave, “Designing Health Monitoring System for fault prediction in Centrifugal Pump using ML and DL algorithm,” Journal of Information Systems Engineering
& Management, vol. 10, p. 361, Feb. 2025. doi: 10.52783/jisem.v10i14s.2305

[83] L. Allen, H. Lu, and J. Cordiner, “Knowledge-Enhanced Spatiotemporal Analysis for Anomaly Detection in Process Manufacturing,” Computers in Industry, vol. 161,
p. 104111, May 2024. doi: 10.1016/j.compind.2024.104111

[84] Y. Fan, Y. Dang, and Y. Guo, “Fault Identification Model Using Convolutional Neural Networks with Transformer Architecture,” Sensors, vol. 25, no. 13, p. 3897,
Jun. 2025. doi: 10.3390/s25133897

[85] S. Negny and L. Montastruc, “Book of Abstracts of the 32nd European Symposium on Computer Aided Process Engineering,” HAL, Jun. 2022.

Page 1462



ITEGAM-JETIA, Manaus, v.12 n.60, p.1447-1463, July/August, 2026.

[86] A. Kovalenko, V. Pozdnyakov, and I. Makarov, “Graph Neural Networks With Trainable Adjacency Matrices for Fault Diagnosis on Multivariate Sensor Data,” IEEE
Access, vol. 12, p. 152860, Jan. 2024. doi: 10.1109/access.2024.3481331

[87] M. Zhao, C. Taal, S. Baggerohr, and O. Fink, “Graph Neural Networks for Virtual Sensing in Complex Systems: Addressing Heterogeneous Temporal Dynamics,”
arXiv (Cornell University), Jul. 2024. doi: 10.48550/arxiv.2407.18691

[88] M. Zhao, C. Taal, S. Baggerohr, and O. Fink, “SKF Heterogencous Test-rig Bearing Load Sensing Dataset,” arXiv (Cornell University), Mar. 2025. doi:
10.5281/zenod0.14959000

[89] K. F. Niresi et al., “Physics-Enhanced Graph Neural Networks For Soft Sensing in Industrial Internet of Things,” arXiv (Cornell University), Apr. 2024. doi:
10.1109/jiot.2024.3434732

[90] H. Ren, X. Liang, C. Yang, Z. Chen, and W. Gui, “Spatial-temporal associations representation and application for process monitoring using graph convolution neural
network,” Process Safety and Environmental Protection, vol. 180, p. 35, Sep. 2023. doi: 10.1016/j.psep.2023.09.061

[91] A. Aman, Y. Liu, and Y. Chen, “Towards robust fault detection for industrial processes with a hybrid feature fusion and ensemble learning framework,” Digital
Chemical Engineering, vol. 17, p. 100270, Oct. 2025. doi: 10.1016/j.dche.2025.100270

[92] H.-Y. Liang, T. Yan, and W. Zhao, “Comprehensive assessment of recent major chemical accidents in China and path to sustainable solutions,” Smart Construction
and Sustainable Cities, vol. 2, no. 1, Jan. 2024. doi: 10.1007/s44268-023-00024-0

[93] J. N. Chukwunweike et al., “Integrating deep learning, MATLAB, and advanced CAD for predictive root cause analysis in PLC systems: A multi-tool approach to
enhancing industrial automation and reliability,” World Journal of Advanced Research and Reviews, vol. 23, no. 2, p. 2538, Aug. 2024. doi: 10.30574/wjarr.2024.23.2.2631

[94] Y. N. Kottavalasa and L. Snidaro, “Advancing chemical manufacturing processes through data-driven approaches: A survey,” Chemometrics and Intelligent Laboratory
Systems, vol. 267, p. 105553, Oct. 2025. doi: 10.1016/j.chemolab.2025.105553

[95] Patil Y, Tatiya M, Dharmadhikari DD, Shahakar M, Patil SK, Mahajan RG, Kurhade AS. The Role of Al in Reducing Environmental Impact in the Mining Sector.
Journal of Mines, Metals & Fuels. 2025 May 1;73(5).

[96] Raut PN, Dolas AS, Chougule SM, Darade MM, Murali G, Waware SY, Kurhade AS. Green Adsorbents for Heavy Metal Removal: A Study on Zinc lon Uptake by
Tinospora cordifolia Biocarbon. Journal of Mines, Metals & Fuels. 2025 Jan 1;73(1).

[97] Kurhade AS, Bhambare PS, Siraskar GD, Dixit SM, Purandare PS, Shital Yashwant Waware SY. Computational study on thermal management of IC chips with phase
change materials. J Adv Res Numer Heat Trans. 2024;26(1):34-43.

[98] Chougule SM, Murali G, Kurhade AS. Finite Element Analysis and Design Optimization of a Paddle Mixer Shaft. Journal of Mines, Metals & Fuels. 2025 May
1,73(5).

[99] Kurhade AS, Siraskar GD, Bhambare PS, Murali G, Deshpande SV, Warke PS, Waware SY. Simulation and analysis of heat transfer in counter-flow helical double-
pipe heat exchangers using CFD. International Journal of Modern Physics C. 2025 Dec 15;36(12):2550043.

[100] Waware SY, Ahire PP, Napate K, Biradar R, Patil SP, Kore SS, Kurhade AS. Advancements in Heat Transfer Enhancement using Perforated Twisted Tapes: A
Comprehensive Review. Journal of Mines, Metals & Fuels. 2025 May 1;73(5).

[101] Kurhade AS, Bhavani P, Patil SA, Kolhalkar NR, Chalapathi KS, Patil PA, Waware SY. Mitigating environmental impact: A study on the performance and emissions
of a diesel engine fueled with biodiesel blend. Journal of Mines, Metals & Fuels. 2025 Apr 1;73(4):981-9.

Page 1463



