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Abstract

Fault detection and diagnosis are vital functions in process industries, supporting real-time monitoring and ensuring plant safety. 

However, the presence of complex, high-dimensional, and highly correlated process data presents a significant challenge for traditional 

monitoring systems. In natural gas processing, the acid gas removal unit is a critical subsystem responsible for removing acid gases 

such as hydrogen sulfide and carbon dioxide. Faults such as foaming, tray corrosion, cooler fouling, low gas flow, and reduced 

amine circulation are common in AGRUs but have received limited attention in the literature, highlighting a significant research gap. 

To address this, a comprehensive study was conducted by simulating the AGRU process and its associated faults using Aspen Plus 

Dynamics. This enabled the generation of realistic, multivariate time-series data under normal and faulty operating conditions. For the 

fault detection phase, two approaches were developed and comparatively evaluated: principal component analysis, which employs 

Hotelling's T2 and squared prediction error metrics, and a long short-term memory autoencoder, which utilizes reconstruction error 

and leverages sequential learning. Subsequently, a fault diagnosis was performed using bidirectional recurrent neural networks, 

specifically Bi-GRU and Bi-LSTM models, which were trained to classify fault types based on their temporal signatures. The Bi-GRU 

model demonstrated superior performance with an accuracy of 99.8% and an F1-score of 99.6%, indicating its suitability for robust 

fault classification. To enhance model interpretability, shapley additive explanations were applied to identify critical input variables 

influencing model predictions, and the results were compared with those from local interpretable model-agnostic explanations. 
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1 Introduction
Process safety and risk management remain critical 
challenges in the process and manufacturing industries. 
To enhance safety, digital systems are increasingly inte-
grated across the entire lifecycle of process plants, driven 
by the advancements of Industry 4.0, which promotes 
automation, digitalization, and intelligent operations  [1]. 
While distributed control systems (DCS) and advanced 
process control (APC) have improved process monitor-
ing and control, managing abnormal operating conditions 
still heavily relies on manual intervention contributing 

to approximately 70% of production accidents. In pro-
cess industries, there is a growing demand for high prod-
uct quality, minimal operational downtime, and enhanced 
safety  [1–3]. However, human error remains a predomi-
nant factor, accounting for approximately 70% of indus-
trial accidents, which in turn leads to substantial eco-
nomic losses and environmental impacts  [4–6]. Despite 
advancements in control systems, catastrophic incidents 
have occurred, such as the Bhopal disaster in India and 
the Mina Al Ahmadi Refinery explosion in Kuwait, which 
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resulted in significant fatalities and financial losses. 
Additionally, minor industrial incidents occur daily, result-
ing in billions of dollars in annual losses due to unsafe 
operations  [7]. Fault detection (FD) is crucial for ensur-
ing system safety and facilitating practical risk assess-
ment. It enables the identification of abnormalities, pre-
venting minor issues from escalating into major failures. 
Enhancing operational safety and reliability, it helps miti-
gate risks, supports predictive maintenance, and improves 
decision-making. FD also ensures compliance with safety 
regulations and contributes to efficient and cost-effective 
system performance [8]. 

Research in fault detection and diagnosis (FDD) has 
seen significant advancements, driven by the adoption of 
advanced methodologies, including deep learning, big data 
analytics, and hybrid or multimodal approaches  [9–12]. 
Data-driven approaches, including statistical and machine 
learning techniques, are increasingly being employed to 
enhance FD in industrial systems. Principal component 
analysis (PCA) remains a popular method due to its sim-
plicity and effectiveness  [13]. To overcome the limita-
tions of individual methods, hybrid approaches have been 
developed that combine multiple techniques to enhance 
diagnostic performance  [14]. Notably, Copula-Bayesian 
models and strong relevant mechanism Bayesian networks 
(SRMBN) have demonstrated promise in risk modeling 
and fault diagnosis [15]. However, traditional models often 
struggle with feature extraction from high-dimensional 
data, underscoring the need for more scalable solutions. 
In this context, Alauddin et al. [16] proposed a robust arti-
ficial neural network (ANN) model that addresses issues 
of mislabeled and low-quality data by integrating data 
quality features derived from Mahalanobis distance, out-
performing conventional ANNs under higher mislabel-
ing levels. Similarly, an early FD method in forced-oxi-
dation systems was developed using an attention-based 
long short-term memory (LSTM) network for predictive 
maintenance [17]. Additionally, Tao et al. [18] introduced 
a triage-based convolutional neural network (Tr CNN) for 
fault diagnosis in the Tennessee Eastman (TE) process, 
which overcame the limitations of single-model strategies 
by adapting models to specific fault types, thereby improv-
ing diagnostic accuracy. Collectively, these advancements 
contribute to more precise and efficient FD across a range 
of industrial applications.

Natural gas is considered a cleaner energy source; how-
ever, impurities such as H2S and CO2 must be removed 
to prevent environmental harm. Amine-based absorption 

in acid gas removal units (AGRUs) remains the most effi-
cient method for this purpose [19–22]. Ensuring AGRU's 
efficient and safe operation reduces emissions, supports 
global climate goals, and aligns with the sustainable devel-
opment goals (SDGs) for clean energy and climate action. 
Advances in purification technology further enhance sus-
tainability and energy security [3, 23–25]. 

As a multivariate and complex process, monitoring of 
AGRUs is crucial for accurately measuring the composi-
tion of acid gases [26, 27]. Various sensors are employed 
to monitor the critical variables of the unit [28]. The per-
formance of AGRUs is often affected by common issues, 
including disturbances in cooler duty, fouling and depo-
sition of contaminants or heat-stable salts (HSS), reduced 
tray efficiency, and fluctuations in feed composition and 
temperature  [29,  30]. These faults can adversely impact 
the purity of natural gas as well as the temperature and 
pressure profiles within the absorption column. To pre-
vent performance decline caused by faulty systems, 
developing robust FD methods is crucial for improv-
ing operational safety, efficiency, and ensuring uninter-
rupted production. Furthermore, optimizing AGRU oper-
ations supports the energy sector's broader objective of 
balancing global energy demands with environmental 
sustainability [31–33].

In previous studies, the  monitoring of AGRU has been 
carried out by a large variety of shallow learning mod-
els, which mark the early stage of machine learning evo-
lution [34–36]. Pradittiamphon and Wongsa [37] demon-
strated the partial least squares (PLS) capability of FD 
in the gas absorption process, helping to prevent costly 
interventions. In another study, Hakimi et al. [22] utilized 
ANN to effectively detect faults in a CO2 scrubbing col-
umn using data generated from Aspen Plus. In a differ-
ent approach, Al-Sinbol and Perhinschi  [38] employed 
artificial immune systems, which were validated using 
a rigorous dynamic model of the gas absorption unit. 
This method successfully identified 14  abnormal con-
ditions, such as accumulated salts and leaks, within the 
system  [38]. The  mentioned literature shows that vari-
ous models have been developed for FD in chemical pro-
cesses, but the root cause identification in AGRUs using 
deep learning remains scarce [39–43]. 

Deep learning has emerged as a transformative tech-
nology for fault diagnosis and process optimization in 
the chemical and pharmaceutical industries, providing 
innovative solutions to several challenges faced in tra-
ditional methods  [44–47]. By leveraging multiple layers 
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of nonlinear processing units, deep learning networks 
can effectively model complex processes, automatically 
extract features from raw signals, and improve predictive 
accuracy [48, 49]. Unlike shallow learning, deep learning 
offers a superior network structure, enhancing its ability 
to handle intricate tasks [31, 50]. 

Recent research has explored deep learning models 
for FDD in chemical processes  [51–53]. Deep learning 
approaches have demonstrated promising results in FDD 
for chemical processes, particularly in improving the accu-
racy and efficiency of detecting incipient faults [54]. A deep 
learning-based FDD model utilizes gated recurrent units 
(GRUs) and LSTM networks to analyze time-series sensor 
data. These architectures incorporate gating mechanisms 
to effectively capture temporal dependencies, enabling the 
differentiation between normal and faulty operating condi-
tions. This makes them particularly suitable for modeling 
complex and nonlinear chemical processes [55, 56]. Various 
deep learning architectures have been explored, including 
deep autoencoders [57], stacked sparse autoencoders [54], 
extended deep belief networks  [55], and dense feed-for-
ward neural networks  [52]. These methods demonstrated 
improved accuracy in fault classification and early detec-
tion compared to traditional statistical techniques  [52]. 
These models were successfully applied to benchmark 
datasets such as the TE process  [54,  56] and real-world 
applications, including natural gas pumping units [52]. 

Deep convolutional neural networks (DCNNs) have 
demonstrated excellent performance in diagnosing faults 
in the TE process benchmark  [51]. In addition, LSTM 
recurrent neural networks (RNNs) have outperformed 
traditional FDD methods in learning long-term pat-
terns [51, 58]. Hybrid models that integrate convolutional 
networks, LSTM, and attention mechanisms demonstrated 
promising results in capturing spatial and temporal fea-
tures, achieving superior accuracy in fault diagnosis [59]. 
Deep learning models excel in FDD due to their ability 
to automatically extract meaningful features from raw 
sensor data and effectively capture the dynamic behavior 
of industrial processes [60]. Despite significant advance-
ments in deep learning for chemical process monitoring, 
critical research gaps persist in its application to AGRUs.

To address existing gaps in FDD for safety-critical 
processes such as AGRUs, this study presents a novel, 
structured, and interpretable deep learning-based frame-
work tailored for multivariate time-series process data. 
The novelty of this work lies in its integration of sequential 
deep learning models with explainable AI techniques that 
enhance both performance and interpretability in FDD.

The proposed methodology follows a systematic three-
phase structure: 

1.	 FD using long short-term memory autoencoders 
(LSTM-AEs) compared with traditional PCA, 

2.	 fault classification through bidirectional gated recur-
rent units (Bi-GRUs) and bidirectional long short-
term memory (Bi-LSTM) networks, and 

3.	 model interpretability via shapley additive explana-
tions (SHAP). 

Comparative analysis in phase one highlights the trade-
offs between statistical and deep learning methods in iden-
tifying anomalies. Phase two leverages the temporal learn-
ing capabilities of bidirectional architectures to improve 
classification accuracy and support robust root cause anal-
ysis. Finally, phase three introduces SHAP to overcome 
the "black-box" limitations of deep models by providing 
feature-level attributions that are transparent and action-
able for process engineers.

The main contributions of this study are threefold: 
•	 A comparative performance assessment between 

conventional PCA and LSTM-AE for anomaly detec-
tion in multivariate time-series data.

•	 The deployment of Bi-GRU and Bi-LSTM models to 
enhance fault diagnosis by capturing bidirectional 
temporal dependencies.

•	 The application of SHAP for interpretability enables 
domain experts to understand and trust model pre-
dictions in complex process environments.

2 Multi-class fault detection and diagnosis algorithm
The hybrid model presented in this study focuses on FD 
in the AGRU system, utilizing both LSTM-AE and PCA-
based methods to evaluate their effectiveness. Bi-LSTM 
and Bi-GRU models were employed to accurately diag-
nose faults by capturing temporal dependencies within the 
process data. This approach enables real-time deployment 
on edge devices such as programmable logic controllers 
(PLCs) and DCS, which are commonly used in industrial 
AGRU operations. The integration of these techniques pro-
vides a robust framework for FDD, as illustrated in Fig. 1.

The methodology comprises several structured steps. 
First, time-series data representing normal and abnor-
mal operating conditions were generated using Aspen 
Plus Dynamics. Six process faults were simulated under 
a closed-loop configuration, monitoring the response of 
18 variables. Each fault was introduced after 10 h of nor-
mal operation, resulting in seven distinct faults (one nor-
mal and six fault conditions). The generated dataset was 
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structured as a matrix of dimensions [4600  ×  7  ×  18]. 
In  the second step, the dataset was split into 18 features 
and 7 fault labels. The third step involved handling missing 
values, detecting outliers, and normalizing the data. In the 
fourth step, PCA/LSTM-AE were applied to transform the 
data and calculate statistical metrics, including Hotelling's 
T 2 statistic, squared prediction error (SPE), and reconstruc-
tion error (RE). The fifth and sixth steps involved param-
eter tuning and K-fold cross-validation to optimize model 
performance. In the seventh and eighth steps, the pro-
cessed data was used to train an optimized deep learning 
model for root cause analysis. The ninth and tenth steps 
focused on testing the model and evaluating its diagnostic 
performance. Finally, the eleventh step addressed the inter-
pretability of deep learning outputs using SHAP and local 
interpretable model-agnostic explanations (LIME). 

In the Supplement, Algorithm S1 summarizes the com-
plete methodology adopted for developing the proposed 
PCA–deep learning-based fault analysis framework.

3 Data generation using Aspen Plus
3.1 Process description
AGRU employs amine-based solvents to eliminate 
unwanted CO2 from natural gas, making it suitable for 
domestic and commercial applications [3]. The amine-based 

gas-sweetening process involves three primary columns. 
In the absorption column, acid gases are removed from nat-
ural gas through a reaction with the amine solution, resulting 
in a rich amine stream exiting the column. This rich stream 
is then directed to the second column, where it undergoes 
flashing before being sent to the stripper. In the stripper, the 
amine is regenerated by separating the absorbed acid gases 
from the solution. The regenerated amine is subsequently 
recycled back to the absorption column for reuse.

In this study, the flow rates, temperature, pressure, and 
composition of the sour gas were defined based on data 
from the gas field, as shown in Table  1. A steady-state 

Fig. 1 Flowchart of DL algorithm for FDD

Table 1 Process parameters for AGRU process

Parameter* Value Parameter Value

Molar flow rate (kmol/h) 5680 n-C5 0.03%

Temperature (°C) 35 Nitrogen 7.49%

Pressure (bar) 57 CO2 4.6%

C1 85.39% MDEA 50 wt%

C2 1.36% Pressure (bar) 54

C3 0.55% Temperature (°C) 43

i-C4 0.16% No of trays 20

n-C4 0.13% Tray spacing (m) 0.69 

i-C5 0.05%
* C1 is methane, C2 is ethane, C3 is propane, C4 is butane, C5 is pentane.
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simulation was developed using Aspen Plus V10.0  [61], 
employing the electrolyte non-random two-liquid (eNRTL) 
thermodynamic model with an equilibrium-based 
approach. The primary CO2 recovery unit in the simu-
lation was a RadFrac absorption column. The  sour gas 
entered the column at 57 bar and 35 °C, while a 50 wt% 
methyldiethanolamine (MDEA) solution was introduced 
at 54 bar and 45 °C. The column consisted of 20 trays with 
a tray spacing of 0.69 m, meeting the criteria for satisfac-
tory separation performance. The amine feed was intro-
duced at tray 2, and the sour gas entered at tray 19. To 
ensure the sweet gas stream contained less than 2 mol% 
CO2, an acid gas-to-amine ratio of 0.35 mol acid gas per 
mol amine was maintained, in compliance with environ-
mental regulations [19]. 

The steady-state simulation results were validated 
against actual operating conditions from the gas field. Key 
parameters included a top-column CO2 composition of less 
than 2 mol%, an acid gas-to-amine loading of 0.35, a col-
umn top pressure of 54 bar, rich amine pressure of 55.5 bar, 
regenerator operating pressure of 2.1  bar, and a reboiler 
bottom temperature of 131 °C. For the development of the 
dynamic simulation, the regenerator pressure was slightly 
increased to 2.2 bar to ensure convergence, accounting for 
additional inlet/outlet valves and the corresponding pres-
sure drop across each tray. Once the steady-state simula-
tion was successfully converged, it was exported to Aspen 
Plus Dynamics V10.0  [61] in pressure-driven mode, as 
shown in Fig. 2. As Aspen Plus Dynamics does not sup-
port rate-based models, an equilibrium model was used 
instead. To mitigate deviations from rate-based behavior, 
vaporization efficiency was considered in the steady-state 
configuration. Design specifications for valves, coolers, 
heaters, and the absorption column were defined to ensure 

stable dynamic operation. Since controller configuration 
and tuning are critical in dynamic simulations, multiple 
control strategies were implemented. Pressure, level, con-
centration, and flow controllers were successfully con-
figured. Controller gains (Kc) were determined individu-
ally for each controller, and tuning was carried out using 
the Ziegler–Nichols method. All controllers were mod-
eled in automatic mode. Specifically, pressure, concentra-
tion, and level controllers were set to direct-acting mode, 
while flow and temperature controllers were configured in 
reverse-acting mode.

4 Process faults
The Aspen Plus dynamic simulation of the AGRU, as 
described earlier, was used to generate both normal and 
faulty datasets. Faults were introduced as disturbances 
that caused deviations from normal operating condi-
tions. The plant was operated under fault-free conditions 
for 40  h to capture baseline data, during which all pro-
cess variables remained within their specified operating 
ranges. To simulate fault conditions, a total of six distinct 
faults were introduced into the AGRU simulation, as sum-
marized in Table 2. Each fault scenario was initiated after 
10  h of normal operation and comprised 1,000  normal 
samples followed by 3,600 faulty samples. The deviations 
in the behavior were observed in 18 process variables, as 
shown in Table 3. White noise was added to the clean data 
obtained from Aspen Dynamics using Eq. (1) to simulate 
sensor noise, mimicking sensor inaccuracies typically 
observed in field instruments. The noise was modeled 
based on standard deviations representing 1–5% of the typ-
ical signal range for each sensor. This approach helps test 
the model's tolerance to mild-to-moderate disturbances 
and evaluate generalization under varying signal-to-noise 

Fig. 2 Process flow diagram of AGRU
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ratios. Although synthetic sensor noise is introduced into 
the dataset to mimic real-world conditions, it may not fully 
represent the complex and dynamic nature of sensor dis-
turbances typically observed in industrial AGRU envi-
ronments. Real-world noise can vary significantly across 
different operating regimes, potentially obscuring subtle 
fault signatures and affecting the reliability of model pre-
dictions. Additionally, the presence of noise may lead to 
misleading rankings of feature importance, thereby reduc-
ing the model's interpretability. These limitations could 
compromise FD accuracy, particularly during transitional 
phases or abnormal operating conditions. To address these 
limitations, future work will focus on enhancing the mod-
el's real-world applicability by incorporating actual sensor 
datasets from operating AGRUs, including historical fault 
events and maintenance records. This will enable bench-
marking of the current model's performance under real 
plant conditions. Additionally, techniques such as trans-
fer learning and online fine-tuning will be explored to 

adapt the model to plant-specific noise patterns and oper-
ational variations. To further enhance noise resilience, 
domain-specific filtering methods, such as Kalman filters 
or wavelet-based denoising, will be integrated during the 
preprocessing stage, ensuring more robust and accurate 
FD in practical deployment scenarios.

X X Nnoisy clean� � � �0 2,� 	 (1)

Following standard deep learning practices, the col-
lected dataset was divided into 70% training, 15% valida-
tion, and 15% test sets, which is a widely used approach in 
machine learning, particularly for medium-sized datasets, 
as detailed in Table 4. The primary reason for this allocation 
is to ensure that the model has enough data to learn effec-
tively while still maintaining reliable validation and testing 
sets. The training set, which comprises the largest portion 
(70%), enables the model to capture the underlying patterns 
and relationships in the data. Meanwhile, the validation 
set (15%) serves as an intermediary checkpoint, helping to 
fine-tune hyperparameters, select the best model, and detect 
overfitting during the development phase. The test set (the 
remaining 15%) acts as an unbiased evaluation of the final 
model's performance, ensuring that the results reflect how 
well the model generalizes to unseen data.

A detailed description of each fault is provided below.

4.1 Fault 1: cooler fouling
Maintaining precise control over the amine temperature 
is critical to meeting the required CO2 specifications. 
The amine cooler's duty decreases over time due to corro-
sion and fouling, which are primarily caused by the depo-
sition of heat-stable amine salts, degradation products, and 
amino acids. This reduction in cooler duty significantly 
impacts the amine temperature [29]. The first fault (F1) was 
introduced by decreasing the cooler duty, which directly 
affected the amine temperature. As the temperature rises, 

Table 2 AGRU fault descriptions

Fault Abbreviation Fault Abbreviation

Normal 
condition N

Increase in 
differential 

pressure
F4

Cooler fouling F1 Loss of amine flow F5

High sour gas 
temperature F2 Damaged tray F6

High gas flow F3

Table 3 Measured process variables of AGRU

Parameter Abbreviation Parameter Abbreviation

Sour gas 
pressure (bar) x1

Rich amine 
pressure (bar) x10

Sour gas 
temperature (℃) x2

Rich amine 
temperature (℃) x11

Sour gas 
flowrate 
(kmol/h)

x3
Rich amine flow 

(kmol/h) x12

Amine 
temperature (℃) x4

Tray 1 liquid 
level (m) x13

Amine flow 
(kmol/h) x5

Tray 4 liquid 
level (m) x14

CO2 composition 
in sweet gas (℃) x6

Tray 10 liquid 
level (m) x15

Sweet gas 
pressure (bar) x7

Tray 14 liquid 
level (m) x16

Sweet gas 
temperature (℃) x8

Tray 19 liquid 
level (m) x17

Sweet gas flow 
(kmol/h) x9 Bottom level (m) x18

Table 4 Parameter specifications for data acquisition

Parameter Value

Sampling interval 0.01 h

Total number of samples/faults 4600

Normal samples in each fault 1000

Faulty samples in each fault 3600

Training set size 70%

Validation set size 15%

Test set size 15%

White noise (band-limited white noise) x = 0.0003, 
Pressure = 0.0002
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the viscosity of the amine decreases, potentially leading to 
foaming on the tray. Additionally, excessively high tem-
peratures can reduce the physical solubility of CO2 in the 
MDEA solution [62, 63]. 

4.2 Fault 2: high sour gas temperature
The second fault (F2) corresponds to an increase in tempera-
ture of the sour gas entering the system. Malfunctioning 
gas coolers, air preheaters, or heat exchangers can result 
in insufficient cooling before absorption. Additionally, 
excessive gas compression, such as from improper com-
pressor settings, can lead to a temperature rise due to adi-
abatic heating, disrupting the overall temperature profile 
of the column. The reaction between CO2 and MDEA is 
exothermic; therefore, an increase in column tempera-
ture reduces the driving force for mass transfer, thereby 
decreasing the absorption rate. For this reason, monitor-
ing and controlling the amine temperature is essential to 
keep it within the optimal range. Proper temperature reg-
ulation helps prevent foaming when processing gas and 
other hydrocarbon sources. Sour gas can undergo hydro-
carbon condensation below 25 °C, while the CO2 concen-
tration in the amine rises significantly above 45 °C [21]. 
To achieve optimal performance, the gas temperature 
should be maintained between 25–35  °C, and the amine 
temperature should be kept within 40–45 °C. Increasing 
the gas temperature can gradually reduce the CO2 recov-
ery efficiency [27].

4.3 Fault 3: high gas flow
By considering the reservoir conditions, the third fault 
(F3) is associated with an elevated sour gas flow rate. This 
typically happens due to higher production rates from the 
upstream wells or process units, leading to a higher flow 
rate of untreated (sour) gas. This is common when new wells 
are brought online or when production conditions change. 
Moreover, if the inlet gas compression system is not work-
ing efficiently, the volume of gas entering the system may 
increase due to pressure variations. Additionally, malfunc-
tioning of the inlet control valve may allow excessive sour 
gas to enter the contactor, leading to higher flow rates. This 
increase in sour gas flow may also cause flooding in the 
column. Flooding is a hydrodynamic phenomenon where 
a portion of the liquid phase is carried to the tray above, 
causing droplet ejection from the froth due to an increased 
gas rate  [64]. This liquid accumulation leads to column 
flooding, significantly reducing separation efficiency and 
capacity [65, 66]. Flooding is typically identified by a sharp 

rise in tray differential pressure, increased column pres-
sure drops, and a loss of separation performance [27].

4.4 Fault 4: increase in differential pressure
The fourth fault (F4) is related to increased pressure drop 
in the column, reflecting a foaming scenario. Foaming is 
a common issue in absorbers that can impact CO2 recovery. 
It typically occurs when foam-promoting contaminants 
enter the plant with the feed. Foam formation and stabil-
ity are influenced more by the surface properties of the 
liquid phase than by physical factors like temperature and 
pressure. A foaming amine plant is identified by high and 
erratic differential pressure in the absorber column  [65], 
along with fluctuating levels, amine carryover to down-
stream systems, and reduced production capacity [57].

4.5 Fault 5: loss of amine flow
The fifth fault (F5) is triggered by the reduction in the 
amine flow, which badly affects the CO2 separation effi-
ciency. Several factors can cause this issue such as valve 
sticking and pump malfunctioning [64]. Due to the reduc-
tion in amine flow, the gas-to-liquid ratio increases, reduc-
ing mass transfer efficiency. Poor circulation may also 
cause fluctuating gas pressures in the column [65]. 

4.6 Fault 6: damaged tray
The sixth fault (F6) is related to a reduction in tray effi-
ciency in the absorption column, indicating possible cor-
rosion caused by solvent degradation. Solvent degradation 
represents a critical operational challenge in amine-based 
absorption systems, primarily due to the formation of 
HSS and corrosive by-products. These undesirable con-
taminants in solvents tend to be abrasive to the protec-
tive layer of the tray, causing corrosion on the tray. These 
degradation mechanisms contribute to accelerated corro-
sion rates, particularly affecting the absorber and strip-
per trays, which subsequently diminishes tray efficiency 
and compromises mass transfer performance. To system-
atically evaluate the repercussions of solvent degradation 
within the proposed fault diagnosis framework, this phe-
nomenon has been incorporated as reduced tray efficiency. 
This fault condition emulates the long-term cascading 
effects of solvent degradation, including impaired CO2 
absorption capacity, elevated reboiler energy demand due 
to inefficient separation, and potential operational insta-
bilities. The selection of reduced tray efficiency as a repre-
sentative fault is motivated by its ability to encapsulate the 
multifaceted impact of solvent degradation while enabling 
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measurable deviations in critical process parameters, such 
as CO2 loading, lean amine purity, reboiler duty, and col-
umn pressure drop. By integrating this fault scenario, the 
proposed model is rigorously validated against both com-
mon operational disturbances and severe degradation-in-
duced failures, ensuring robustness in real-world indus-
trial applications [29, 67].

5 Model development for fault detection and diagnosis
5.1 Fault detection
Section  5.1 outlines the implementation of the proposed 
FD algorithms. Various anomaly detection techniques 
have been explored in the literature to address this com-
plexity [68, 69]. In this study, two approaches LSTM-AE 
and PCA—were employed for fault identification in an 
AGRU. The performance of the LSTM-AE model was 
compared with that of PCA-based detection techniques, 
specifically using Hotelling's T 2 and SPE statistics, to 
evaluate their effectiveness in identifying abnormal oper-
ating conditions. A multivariate time-series dataset com-
prising seven different operational scenarios and 18 pro-
cess variables from the AGRU system was used as input 
for both models. The overall implementation strategy for 
the LSTM-AE and PCA approaches is illustrated in Fig. 3.

PCA is a statistical technique capable of handling mul-
tiple variables and anomalies that normally occur in indus-
trial data using T 2 and SPE techniques [70]. The original 
dataset was transformed into principal components (PCs) 
and undergoes several steps before being projected into 
the new PCA space. Firstly, the data was scaled, and then 
its covariance was calculated. In the PCA method, the 
original data was scaled to a matrix X with zero mean and 
unit variance. Then, based on a singular value decompo-
sition (SVD) algorithm, the matrix X can be decomposed 
using the given Eq. (2) [71]: 

X TPReconstructed =
T 	 (2)

where T is the score matrix and P is the loading matrix.
The PCA model includes number of PCs, which are cal-

culated by cumulative percent variance (CPV) using the 
Eq. (2) [72, 73]. 
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The PCA transforms the original set of m variables to 
ℓ PCs where λ is the variance of the score vector and m is 
the total number of variables. The corresponding number 
of PCs was determined by setting CPV larger than 95%. 
In PCA-based anomaly detection, control limits and statis-
tics must be identified to check the normal and abnormal 
behavior of the process [68, 71]. SPE is a commonly used 
statistical method that indicates deviation in the discarded 
(residual) space, whereas T 2 indicates sample deviation in 
the PC space, indicating a potential fault.

The T 2 statistic was calculated by using Eq. (4) [74, 75].

T x xT T2 1� �p p� 	 (4)

Where x is the data point and Λ is the eigenvalue. The p 
contains the eigenvectors. The threshold of T 2 is calculated 
using the F-distribution method mentioned in Eq. (5).
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Where Fisher distributions are represented by Fℓ,m−1,α,ℓ , and 
(m − ℓ) are the degrees of freedom. Whereas α is the sig-
nificance level. The SPE was determined as follows [75]:

SPE new new� �x x P PT T
a

T 2 	 (6)

Fig. 3 Sequence of FD model
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Where, xnew is an observed vector to be detected. Pa is 
(m × a) matrix that comprised of the first column of the 
loading matrix P and Pa is a m ×  (m − a) matrix that is 
comprised of the rest of the columns of P. The threshold 
limit was calculated by using Chi-Square approximation 
as illustrated as Eq. (7) [72]. 

SPEthreshold � � �
�� �

�

�
�
�

�
�

�

�
1

2

2

2

2

2

2

1

2
1

1C h h ho o o
h

i

o�

�
���

�

�
���

��ii i h
j a

n

o�� � � �
� �
� 1 2 3 1

2

1

1 3

2

2
, ,

� �
�

	 (7)

The Cα has been taken from the standard classification. 
The PCA-based model was first developed using data from 
normal operating conditions. Subsequently, T 2 and SPE-
based monitoring control charts were applied to the faulty 
dataset. An observation was flagged as abnormal when the 
values of T 2 or SPE exceeded their respective thresholds.

While PCA-based FD provided a useful baseline by 
highlighting deviations in the latent space, it exhibited lim-
itations in distinguishing between actual faults and transient 
noise. To enhance robustness, an LSTM-AE model was 
developed for FD. LSTM-AE was developed to model the 
normal operating behavior of the system and identify faults 
based on deviations in RE. The model is trained exclusively 
on normal (fault-free) data, allowing it to capture the under-
lying temporal dependencies and variable interactions that 
characterize healthy system dynamics. Once trained, the 
model evaluates incoming time-series sequences and com-
pares them to the learned baseline behavior. 

Significant deviations in RE are interpreted as indi-
cators of faulty or abnormal conditions. The input data-
set, consisting of multivariate time-series measurements, 
is first normalized to a [0, 1] range using Min-Max scal-
ing to ensure consistent variable scaling across all fea-
tures. The  normalized data is segmented into overlap-
ping sequences of fixed length n. Each sequence served as 
an input sample to the LSTM-AE. A stacked LSTM-AE 
was implemented using PyTorch to model normal system 
behavior and detect deviations based on RE. The model 
architecture consists of a two-layer LSTM encoder with 
128  hidden units per layer, followed by a fully con-
nected layer that compresses the encoded sequence into 
a 32-dimensional latent representation. The decoder mir-
rors this structure, using a linear transformation to expand 
the latent space to 64  dimensions, which is then passed 
through a two-layer LSTM decoder with 64 units, recon-
structing the original input shape. 

The model was trained using the Adam optimizer with 
a learning rate of 0.001, a batch size of 32, and trained over 
50 epochs on fault-free data. RE was computed as the mean 
squared error between the input and output sequences. 
The model is trained to minimize the mean squared RE 
between the input and the reconstructed sequence. The RE 
for a sequence is computed as Eq. (8):
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Where x and x' represent the reconstructed values of the 
jth variable at the ith time step within the sequence. After 
training, the LSTM-AE is evaluated on the complete data-
set, including both normal and potentially faulty regions. 
For each input sequence, the RE is computed and moni-
tored. A FD threshold δ is determined empirically using 
Eq.  (9) based on the 95th percentile of the REs obtained 
from the training data.

� � � �Percentile RE train95
	 (9)

If REt > δ at time t exceeds this threshold, the corre-
sponding sample is flagged as faulty. This data-driven 
thresholding approach enables the detection of anoma-
lies without requiring prior knowledge of specific fault 
patterns. The use of an LSTM-AE empowers the model 
to capture temporal dependencies in multivariate process 
data, allowing for early and accurate detection of both 
abrupt and gradually evolving faults. 

5.2 Deep learning multiclass fault diagnosis model
GRU and LSTM are advanced types of RNNs designed 
to address the vanishing gradient problem and effectively 
capture long-term dependencies in sequential data. Both 
models are widely used in time-series analysis, natural 
language processing, and FD in industrial processes due 
to their ability to retain relevant information over extended 
sequences [54, 57, 76, 77]. 

LSTM consists of three key gates, namely input, for-
get, and output gates, that regulate the flow of information 
through a memory cell. This structure enables LSTM to 
selectively retain important information and discard irrel-
evant data, making it highly effective for handling long-
term dependencies in complex datasets. GRU, on the other 
hand, is a simplified version of LSTM with only two gates, 
the update and reset gates. This streamlines its architec-
ture and reduces computational complexity while main-
taining performance. Unlike LSTM, GRU has a stream-
lined structure with fewer gating mechanisms (reset and 
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update gates), resulting in a reduced number of trainable 
parameters. This enables faster convergence during train-
ing and lower inference latency, key requirements for real-
time deployment in industrial settings such as AGRUs. 
Additionally, GRU's ability to capture essential temporal 
dependencies without the added complexity of cell states 
(as in LSTM) contributes to improved generalization with 
less computational overhead, making it more suitable for 
edge-based or resource-constrained environments.

In comparison, LSTM is generally preferred when 
working with long and complex sequences, as it can bet-
ter preserve information over extended time steps. GRU, 
being less computationally demanding, is often favored 
for tasks requiring faster training and inference while 
still capturing important sequential patterns. Both models 
have demonstrated strong performance in FDD applica-
tions, with LSTM excelling in capturing intricate depen-
dencies and GRU offering a balance between accuracy and 
efficiency [59, 77]. 

The architecture of Bi-LSTM and Bi-GRU is shown in 
Figs. 4 and 5, along with Eqs. (10)–(19), in which zt is the 
input gate, rt is the reset gate, h' is the new hidden state, h is 

the candidate output of hidden layer, o is the output of GRU, 
ft is the forget gate LSTM, it is the input gate, ct is the cur-
rent cell state, ct' is the new cell state, ht is the hidden state.

z W x U h bt g z t z t z� � � � �� ��� 1 	 (10)

r W x U h bt g r t r t r� � � � �� ��� 1 	 (11)

� � � � � � �� ��h W x r U h bh t h t ztanh 1
	 (12)

h z h z ht� �� � � �� �� ��1 1 	 (13)

o W h bg o t o� �� �� 	 (14)

f W X U h bt g f t f t f� �� � � �� � ��� ���� 1 	 (15)

i W X U h bt g o t o t f� �� � � �� � ��� ���� 1 	 (16)

c f c i ct t t t t� � � � �� ��1 	 (17)

� � �� � � �� � ��� ���c W X U h bt c t c t ctanh 1
	 (18)

h o ct t t� � � �tanh 	 (19)

Fig. 4 Architecture of Bi-GRU
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The performance of both models was systematically 
evaluated in this research, with complete hyperparam-
eter settings provided in Table  5. The multiclass and 
multivariate classification model was developed using 
a Python environment, in which the Keras  [78] package 
and TensorFlow  [79] were applied for the Bi-GRU and 
Bi-LSTM networks using 70% as a training set and 15% as 
a validation and test set using the obtained data. The data-
set contains both normal and abnormal data for training. 

AGRU data was preprocessed by eliminating the use-
less or invalid data points from the dataset, and the slid-
ing window method was applied. Then, the input data was 
loaded into the networks for the diagnosis of fault type. 
The architecture of the models was finalized using the 
Keras tuner. A library designed explicitly for hyperpa-
rameter tuning in Keras models. Hyperparameter tuning 
is essential to optimize the performance of Bi-GRU and 
Bi-LSTM-based models  [77] It involves systematically 

Table 5 Configuration of hyperparameters for Bi-GRU and Bi-LSTM models

Hyper parameter GRU model LSTM model

Layer 1 Bidirectional 128 units Bidirectional 96 units

Layer 2 128 units 160 units

Layer 3 32 units 64 units

Activation function tanh tanh

L2 regularization parameter (with each layer) 0.0067 0.005

Dropout (after each layer) 0.3, 0.2, 0.2 0.1, 0.1, 0.2

Dense layer 64 units with ReLU activation 32 units with ReLU activation

Activation function on output layer Softmax Softmax

Optimizer and learning rate Adam, 0.0003 Adam, 0.0001

Epochs 200 200

Loss function Categorical cross entropy Categorical cross entropy

Fig. 5 Architecture of Bi-LSTM
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searching for the best combination of hyperparameters 
to improve the model's accuracy, generalization, and effi-
ciency. K-fold cross-validation was used to validate both 
models. This resampling technique evaluates machine 
learning models by dividing the dataset into K subsets 
(folds) [6]. The model was trained on K-1 folds and tested 
on the remaining fold, repeating the process 10 times with 
different test folds. 

5.3 Performance assessment of the models
FD methods aim to identify faulty conditions while min-
imizing false alarms accurately. Key evaluation metrics 
include fault detection rate (FDR) and false alarm rate 
(FAR), where FDR measures the model's ability to detect 
actual faults correctly, and FAR represents the proportion 
of normal conditions misclassified as faults [6]. The per-
formance of LSTM-AE and PCA-based FD was assessed 
using FAR and FDR, as defined in Eq. (16) and Eq. (17). 
To evaluate the effectiveness of the proposed fault diag-
nosis system using deep learning models (Bi-GRU and 
Bi-LSTM), performance metrics such as accuracy, pre-
cision, recall, and F1-score were utilized. Accuracy rep-
resents the overall correctness of the model's predictions, 
precision quantifies the proportion of true positive (TP) 
predictions among all predicted positives, recall assesses 
the model's ability to identify actual positive cases cor-
rectly, and the F1-score offers a balanced measure by com-
puting the harmonic mean of precision and recall. These 
metrics are further detailed in Eqs. (20)–(24).

FDR
TP

TP FN
�

�
	 (20)

FAR
FP

FP TN
�

�
	 (21)

In Eqs.  (17)–(22), TP refers to correctly identified 
faulty conditions, meaning the model accurately detects 
an actual fault. True negative (TN) represents correctly 
classified normal conditions, where no fault is present, and 
the model correctly identifies it as such. A false positive 
(FP) occurs when the model incorrectly classifies a normal 
condition as faulty, leading to a false alarm. False nega-
tive (FN) happens when the model fails to detect an actual 
fault, classifying it as normal instead [6]. 

Accuracy
TP TN

TP FP TN FN
�

�
� � �

	 (22)

F1 Score
Precision Recall

Precision Recall
�

� �
�

2 	 (23)

Recall
TP

TP FN
�

�
	 (24)

Precision
TP

TP FP
�

�
	 (25)

6 Results and discussion
Section 6 presents three critical aspects of fault analysis in 
the AGRU system. First, it examines the system's behavior 
in response to various faults, offering insights into how pro-
cess variables deviate under abnormal conditions. Second, 
it focuses on FD using analytical approaches that identify 
deviations from normal operation. Ultimately, the study 
employs a deep learning algorithm to address fault diag-
nosis, utilizing advanced predictive modeling techniques 
to accurately classify faults and identify their root causes.

6.1 Behavior of AGRU
Section 6.1 presents the behavior of the absorption column 
under fault conditions. In the Supplement, Fig.  S1 illus-
trates the process under normal operating conditions, while 
Figs. S2–S7 depict various fault scenarios. Faults 1 and 2 
are associated with cooler fouling and an increase in sour 
gas temperature, respectively. These faults were introduced 
by applying step changes to the cooler duty and gas tem-
perature, as shown in Figs. S2 and S3. Once each set point 
was reached, the subsequent fault condition was introduced 
into the system. Both faults disrupted the temperature pro-
file within the column. In particular, the sour gas tempera-
ture increased from 35 °C to 55 °C, significantly reducing 
the absorption efficiency and compromising the quality 
of the sweet gas. As a result, the CO2 concentration in the 
treated gas increased to 0.019 mol/mol. It was also observed 
that higher sour gas temperatures elevated the temperatures 
of the sweet gas and rich amine streams. To mitigate these 
effects, the lean amine feed must be supplied at a lower tem-
perature, and additional cooling may be required to reduce 
the temperature of the recycled amine below that of the fresh 
amine feed. A standard operational practice is to maintain 
a temperature difference of more than 5  °C between the 
rich amine feed and the sour gas feed to ensure efficient gas 
absorption. A reduction in this temperature difference can 
lead to foaming, which negatively impacts tray hydraulics 
and destabilizes the liquid level at the bottom of the column.
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Fault 3 was introduced as a step change in the sour gas 
flow rate, as shown in Fig. S4. The sour gas flow was ini-
tially increased to 9000  kmol/h, followed by small step 
increases and decreases to observe the system's response. 
This change can induce entrainment flooding, which 
reduces the liquid-to-vapor (L/V) ratio in the column, ulti-
mately degrading the quality of the sweet gas stream due 
to elevated CO2 composition. 

In typical AGRU design and operation, feedback con-
trol is commonly employed to regulate the CO2 concen-
tration in the outlet sweet gas (the controlled variable) by 
adjusting the inlet amine flow rate (the manipulated vari-
able). This control relationship is reflected in the corre-
sponding response of the amine flow rate. Additionally, 
a high sour gas flow rate can entrain the MDEA solution, 
causing upward liquid carryover and leading to down-
comer flooding. This flooding increases the liquid level 
on the trays and at the bottom of the column, as observed 
in the simulation results, which negatively affects separa-
tion efficiency and allows the CO2 concentration to exceed 
2 mol%. Moreover, the elevated sour gas flow disturbs the 
sweet gas temperature due to the increased gas volume 
entering the system.

Fault  4 was simulated by increasing the differential 
pressure across the column, a condition typically associ-
ated with foaming. Foaming is primarily caused by con-
taminated feed, resulting in abrupt fluctuations in tray lev-
els and bottom levels, as illustrated in Fig. S5. When this 
fault occurs, the CO2 removal efficiency declines, as indi-
cated by an increase in the CO2 concentration in the sweet 
gas, reaching 0.017 mol/mol. Foaming can result in liquid 
carryover to subsequent trays and may also lead to stage 
flooding. This undesirable process condition disrupts both 
liquid and vapor flow patterns within the column. Such 
disturbances are evident from the changes observed in the 
amine flow rate and the bottom liquid level, confirming 
the negative impact of foaming on column performance 
and separation efficiency.

Fault 5 was implemented as a step change in the column, 
simulating a loss of amine flow. This loss disrupts the liquid-
to-gas (L/G) ratio, which is critical for maintaining the qual-
ity of the sweet gas. As a result, the CO2 concentration in 
the sweet gas increases, reaching 0.027 mol/mol, as shown 
in Fig.  S6. The imbalance between liquid and gas flows 
also causes the sweet gas flow rate to rise to 5100 kmol/h. 
The  reduction in amine flow not only decreases the rich 
amine stream, but also leads to an overall increase in col-
umn temperature due to the higher gas throughput. This 

temperature rise further impacts the performance of the 
regenerator and the recycled amine stream, ultimately com-
promising the system's separation efficiency.

Fault  6 in this study represents tray corrosion result-
ing from the deposition of contaminants, and it was simu-
lated by reducing tray efficiency, as illustrated in Fig. S7. 
Corrosion leads to a decrease in active surface area and 
a loss of contact area, which disrupts the balance between 
liquid and gas flows. This imbalance reduces contact time, 
thereby impairing the overall performance of the col-
umn. Under normal operating conditions, tray efficiency 
is maintained at 80%. To simulate the fault condition, 
the efficiency of multiple trays was reduced to below 5%, 
which led to a significant increase in CO2 concentration at 
the column top and a reduction in the pressure of the sweet 
gas stream, indicating a pressure drop within the column. 
As observed in the system responses, this pressure drop 
negatively impacted tray levels and also influenced the 
rich amine flow rate at the column bottom, further deteri-
orating the column's separation efficiency.

6.2 Fault detection
The LSTM-AE demonstrates effective FD across six dis-
tinct fault cases (F1–F6), as illustrated in the RE plots in 
Fig. 6 (a)–(f). Each plot highlights the RE (black line), the 
detection threshold (red dashed line), and the faulty regions 
(red shaded areas), where the error exceeds the threshold. 
The shaded regions visually represent the periods during 
which the model detects faults. The performance eval-
uation of the LSTM-AE and PCA-based FD method is 
assessed using the FDR and FAR, as presented in Table 6.

In all cases, the model accurately identifies these periods, 
as reflected by the FDR values. Specifically, F6 achieves an 
FDR of 1.00, indicating complete detection of the injected 
faults, and FDR for remaining faults F1–F5 lie in the range 
of 0.9–0.99, which also shows good detection. The corre-
sponding FARs are extremely low (ranging from 0.001 to 
0.003), showing that the AE rarely misclassifies normal 
data as faulty. Based on the detection outcomes presented 
in Fig. 6 for fault 1, it is evident that the LSTM-AE is highly 
reliable in distinguishing between normal and faulty condi-
tions. The absence of false alarms (FAR = 0.000) demon-
strates that the model is trained exclusively on normal 
(fault-free) data, enabling it to learn the underlying dynam-
ics of the normal process with high fidelity. As a result, 
the RE for unseen normal sequences remains consistently 
below the decision threshold, ensuring that no normal sam-
ples are incorrectly flagged as faults. However, some faults 
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are incorrectly flagged as normal and remain undetected. 
These undetected cases (FN = 228) may correspond to fault 
transitions or low-magnitude fault manifestations where 
the RE did not significantly exceed the decision threshold. 
The  FDR of 0.935 suggests that the model successfully 
detected the majority of faults, with only a small propor-
tion (6.5%) of fault samples remaining undetected. This 
reflects the model's ability to distinguish between genuine 

faults and natural process variability, thereby avoiding spu-
rious alarms and ensuring strong robustness during normal 
operations, which is a critical requirement for industrial 
FD systems. Unnecessary alarms can lead to operational 
inefficiencies. For fault F2, illustrated in Fig.  7  (b), the 
LSTM-AE achieved an almost perfect FDR = 0.99 with a 
minimal FAR = 0.003, indicating its capability to identify 
even subtle deviations from normal operation. Likewise, 
for faults F3, F4, and F5, the LSTM-AE consistently yielded 
high detection rates (0.949–0.96) with very low false alarms 
(all ≤ 0.002), confirming the model's robustness in general-
izing across diverse fault types while avoiding misclassi-
fication of normal data as faulty. Overall, the LSTM-AE–
based detector demonstrates a favorable balance between 
achieving a high FDR and maintaining zero false alarms, 
making it particularly suitable for deployment in safety-crit-
ical applications where false alarms can be costly. The cor-
respondence between elevated REs and the onset of fault 

Table 6 Performance evaluation of PCA and LSTM-AE models

Fault LSTM-AE 
FDR

LSTM-AE 
FAR

PCA 
T 2 

FDR

PCA 
T 2 

FAR

PCA 
SPE 
FDR

PCA 
SPE 
FAR

F1 0.93 0.00 0.812 0.06 0.810 0.055

F2 0.99 0.003 0.82 0.03 0.814 0.02

F3 0.96 0.0018 0.875 0.03 0.879 0.03

F4 0.95 0.0012 0.838 0.020 0.834 0.015

F5 0.949 0.002 0.78 0.02 0.79 0.06

F6 1.00 0.001 0.878 0.03 0.88 0.03

Fig. 6 RE plot for LSTM-AE (a) Fault 1: cooler fouling (b) Fault 2: high sour gas temperature (c) Fault 3: high sour gas flow (d) Fault 4: increase 
in differential pressure (e) Fault 5: loss of amine flow (f) Fault 6: damaged tray

(a) (b)

(c) (d)

(e) (f)
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conditions indicates that the model is capable of capturing 
both abrupt and gradual deviations from normal operation. 
Moreover, the consistently low FARs confirm that these 
detections are not attributable to noise or normal variability, 
thereby underscoring the robustness and reliability of the 
proposed approach for FD in time series data.

In addition to the deep learning-based approach, the 
T 2 statistic evaluates how well a sample conforms to the 
PCA-defined latent space by capturing variations along 
the PCs. In contrast, the SPE statistic measures deviations 
in the residual space, representing variance not explained 
by the PCs. The plots of T 2 and SPE for faults are shown 

Fig. 7 T 2 and SPE for process faults (a) Fault 1: cooler fouling (b) Fault 2: high sour gas temperature (c) Fault 3: high sour gas flow (d) Fault 4: increase 
in differential pressure (e) Fault 5: loss of amine flow (f) Fault 6: damaged tray

(a) (b)

(c) (d)

(e) (f)
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in Fig. 7 (a)–(f). The 95% T 2 threshold limit is shown with 
a red dotted line, and the 95% SPE threshold is set to cap-
ture 95% of the normal process variability. Samples lie 
below the threshold, indicating that the process is operat-
ing within normal limits. Samples exceed the threshold, 
signaling a deviation from normal operating conditions. 
The results of fault 1 are illustrated in Fig. 7 (a), which indi-
cates that the model correctly identified 3476 fault samples 
as TPs. In comparison, 774  fault samples are misclassi-
fied as normal FNs. In terms of normal data, 1000 samples 
are correctly classified as TNs, whereas 47 normal sam-
ples are incorrectly flagged as faulty FPs. Based on these 
outcomes, FDR achieved a value of 0.818, indicating that 
approximately 81.8% of faults were successfully detected 
and FAR is found to be 0.06, corresponding to only 6% 
of normal samples being incorrectly flagged as faults. 
Approximately similar results are observed from SPE. 
The comparative analysis of the T 2 and SPE–based PCA 
FD indices highlights both similarities and subtle differ-
ences in their performance across the six fault scenarios. 

The comparative analysis between the LSTM-AE and 
PCA-based FD methods as presented in Table  6, high-
lights the clear superiority of the deep learning approach. 
The comparison clearly highlights the limitations of 
linear methods against advanced deep learning mod-
els. PCA, being a linear dimensionality reduction tech-
nique, assumes that process variations can be adequately 
explained by a small number of orthogonal PCs. While 
this works reasonably well for simple linear correlations, 
it struggles to capture the nonlinear dynamics and tem-
poral dependencies that are common in industrial pro-
cesses. As a result, the FDR values for PCA (T 2:  0.78–
0.88, SPE:  0.79–0.88) remain consistently lower than 
those of the LSTM-AE (0.93–1.00). Moreover, PCA's SPE 
and projection-space monitoring (T 2) are both sensitive 
to process noise and minor normal fluctuations, which 
explains the relatively high FARs of 0.015–0.06. In con-
trast, the LSTM-AE achieves FARs close to zero (0.00–
0.003) because it learns temporal patterns and nonlinear 
mappings directly from normal operating data. By recon-
structing sequences rather than isolated snapshots, the 
LSTM-AE can distinguish between genuine faults and 
harmless variations, leading to much more reliable moni-
toring performance.

Therefore, the superior results of the LSTM-AE can be 
attributed to its ability to handle nonlinear, time-depen-
dent process behaviors, whereas PCA's reliance on linear 
projections makes it less effective for complex FD tasks. 
This explains why PCA tends to miss certain faults or raise 
unnecessary alarms, while the LSTM-AE provides both 
higher sensitivity and robustness in practical applications.

6.3 Performance assessment of DL models
The outcomes of the evaluated models are tabulated in 
Table  7. Model performance was evaluated using stan-
dard classification metrics, including accuracy, precision, 
recall, and F1 score. Among all models, the Bi-GRU exhib-
ited the best overall performance. Its architecture, which 
dynamically retains past information through a simplified 
gating mechanism without the use of a separate cell state, 
makes it particularly robust to noisy inputs and less prone 
to overfitting short-term fluctuations. The GRU achieved 
an accuracy of 99.8%, successfully identifying all six 
faults present in the AGRU system test samples. Its high 
precision of 99.8% indicates minimal FPs, while a recall 
of 99.7% confirms that it successfully captured nearly all 
true fault events. The F1 score of 99.7% further demon-
strates its balanced and reliable classification capability.

In terms of computational efficiency, GRU also outper-
formed LSTM, due to its simpler structure. The Bi-GRU 
trained and predicted faster than the Bi-LSTM, making it 
a more practical choice for real-time FD scenarios where low 
latency is critical. Nonetheless, LSTM may still be preferred 
in applications that benefit from its greater modeling capac-
ity, albeit at the cost of longer processing times. While both 
deep learning models demonstrated excellent performance, 
their suitability for deployment depends not only on accu-
racy but also on execution speed and resource availability.

In addition to LSTM and GRU, classical machine learn-
ing models, namely random forest (RF), XGBoost, logis-
tic regression, and K-nearest neighbors (KNN), were eval-
uated for comparison, illustrated as Table  8. Although 
these models achieved reasonably high accuracies (97.5% 
for XGBoost, 98.8% for RF, 96.3% for logistic regression, 
and 98.4% for KNN), they consistently underperformed 
relative to the deep learning approaches. Moreover, their 
lower recall and F1 scores indicate a reduced capacity to 
detect subtle or sequential fault patterns. Unlike GRU and 

Table 7 Performance evaluation of models

Model Accuracy Precision Recall F1 score Average training time/epoch Average prediction time/epoch

Bi-GRU 99.8% 0.998 0.997 0.997 0.012 s 0.002 s

Bi-LSTM 99.1% 0.990 0.991 0.990 0.06 s 0.008 s
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LSTM, these traditional models are limited in their abil-
ity to model temporal dependencies, which are critical in 
FD for dynamic, multivariate processes such as AGRU 
systems. This comparison further highlights the superior 
ability of GRU and LSTM models to capture time-depen-
dent fault behavior effectively.

The proposed models were also benchmarked against the 
work of Kathlyn et al. [57], who conducted a classification 
study on AGRU FD. The proposed GRU and LSTM archi-
tectures achieved accuracies of 99.8% and 99.1%, respec-
tively, outperforming the shallow sparse autoencoder with-
out tuning (89.47%), with tuning (99.39%), and the deep 
sparse autoencoder without tuning (90.73%). Although the 
fine-tuned deep sparse autoencoder achieved a compara-
ble accuracy of 99.9%, the proposed models offer compet-
itive performance with only a marginal difference. This 
improvement can be attributed to the optimized architec-
ture of the proposed models, which effectively captures the 
complex nonlinear relationships within the AGRU process 
data. Additionally, the use of more robust regularization 
and hyperparameter optimization strategies contributed to 
better generalization and reduced overfitting compared to 
conventional sparse autoencoder configurations.

6.4 Quantitative analysis
The conventional method of the confusion matrix is used 
for the quantitative analysis of the diagnostic results of 
AGRU. The outcomes of these models are illustrated in 
Figs.  8 and 9. The rows and columns of the confusion 
matrix represent the predicted faults and the true faults, 
respectively. The match between the predicted and true 
faults is indicated by a diagonal, while the errors of the 
tested algorithm are displayed in off-diagonal cells. 
According to the confusion matrix of the GRU, the accu-
racy of fault 5 is 95%, and the remaining faults are classi-
fied with 99% accuracy in the GRU model. The confusion 
matrix of the Bi-LSTM model indicates that it performs 
well in predicting the correct faults. However, fault 2 has 
a small error rate of 0.02, meaning that 2% of instances 
are misclassified, and fault 5 has a 16% misclassification 
rate, suggesting that the model struggles slightly with 

distinguishing these two faults. Other faults have a nearly 
perfect classification (value ≈ 1.0).

6.5 SHAP analysis
Explainable AI refers to techniques and tools that help 
make the decisions and predictions of machine learning 
models understandable to humans [80]. SHAP is a method 
that provides a way to interpret complex models by assign-
ing a value to each feature, representing its contribution 
to the model's prediction. This makes it easier to under-
stand which features are driving the model's decisions and 

Table 8 Performance comparison of fault diagnosis models

Model Accuracy (%) Precision Recall F1 score

XGBoost 97.5 0.965 0.965 0.967

RF 98.8 0.978 0.98 0.98

KNN 98.4 0.984 0.983 0.983

Logistic regression 96.3 0.97 0.96 0.96

Fig. 8 Confusion matrix of GRU

Fig. 9 Confusion matrix of LSTM
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how they interact with each other. SHAP is a key tool in 
the field of Explainable AI, due to its superior capacity to 
reveal both individual feature contributions and pairwise 
interaction effects within complex industrial processes. 
By using SHAP, data scientists and researchers can gain 
insights into the model's behavior, making it more trans-
parent and trustworthy. Fig. 10 is a heat map depicting the 
fault-wise SHAP interaction. The SHAP-based fault analy-
sis provides clear correspondence between variable impor-
tance and underlying physical mechanisms across the six 
studied fault scenarios. For cooler fouling (F1), heat-trans-
fer inefficiency elevates the importance of amine tempera-
ture (x4) and sour-gas flow (x3), with downstream flow vari-
ables (x9, x12) also becoming influential, while tray levels 
remain relatively uninformative. In the case of high sour-
gas temperature (F2), sour-gas temperature (x2) emerges 
as the most dominant factor, accompanied by sweet-gas 
temperature (x8), while pressure and flow variables show 
moderate contributions and level variables are negligible. 
High gas flow (F3) is primarily characterized by sour-gas 
and sweet-gas flows (x3, x9), supported by pressure indica-
tors (x7, x10), whereas temperature variables play a minor 
role. High differential pressure (F4) is best explained by 
rich-amine pressure (x10), with sweet-gas pressure (x7) and 
sweet-gas flow (x9) also exhibiting strong contributions; 
in contrast, temperatures and liquid levels remain of low 

importance. For loss of amine flow (F5), stage liquid lev-
els (x16) and circulation flows (x5, x12) dominate the SHAP 
profile, while sour-gas temperature (x2) shows a moderate 
effect and other pressure and level measurements are sec-
ondary. Finally, damaged tray faults (F6) are strongly asso-
ciated with tray-level variables (x13, x15, x17), with sour-gas 
flow (x3) contributing modestly and temperature and pres-
sure variables showing reduced influence.

Overall, the results indicate that temperature-driven 
faults (F1, F2) elevate the importance of temperature and 
flow variables, flow-driven faults (F3, F5) emphasize flow 
and level measurements, and hydraulic or flooding-related 
faults (F4, F6) are best captured by pressure and level indi-
cators. This consistency between SHAP importance and 
the physical mechanisms of fault propagation reinforces 
the interpretability of the model and highlights its poten-
tial to guide targeted sensor selection for early FD in the 
gas sweetening process.

To demonstrate the real-time applicability of the pro-
posed FDD framework, its deployment potential in indus-
trial environments, such as PLCs and DCS, is carefully 
considered. Once trained offline, the LSTM-AE and GRU 
models can be efficiently deployed using lightweight infer-
ence engines (e.g., TensorFlow Lite or ONNX), enabling 
FD to be refreshed every few seconds in accordance with 
the process data sampling rate. Integration with existing 
plant infrastructure can be achieved via standard industrial 
communication protocols such as OPC-UA or Modbus, 
using a sliding time window (e.g., 30–60 s) for continu-
ous anomaly detection. The framework is robust against 
transient conditions, start-up sequences, load changes, and 
fault progression, as demonstrated through dynamic simu-
lation data reflecting real-world operating scenarios.

In conclusion, the fusion of deep learning with SHAP-
driven interpretability not only demystifies the model's 
decision-making process but also enhances its readiness 
for real-time deployment in safety-critical AGRU oper-
ations. By delivering accurate, transparent, and action-
able insights into fault origins, the proposed framework 
advances the safe and efficient monitoring of complex 
chemical process units. While SHAP's theoretical sound-
ness justified its application in this study, alternative meth-
ods like LIME offer scalability advantages for real-time 
use. Future work could explore hybrid strategies such 
as using LIME for rapid fault screening and SHAP for 
detailed root cause analysis or assess newer explainability 
techniques tailored for industrial time-series data.Fig. 10 SHAP model explanation
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7 Conclusion
In this study, a hybrid framework was proposed for mul-
ticlass FDD in an AGRU dynamic system. PCA was 
employed for initial FD using Hotelling's T 2 and SPE sta-
tistics, effectively capturing deviations in process vari-
ables with a FDR exceeding 95%. However, the PCA-
based method exhibited high variability in T 2 and transient 
spikes, leading to false alarms in certain scenarios. In con-
trast, the LSTM-AE demonstrated superior robustness 
and interpretability in detecting faults, particularly under 
dynamic conditions. Its ability to model temporal depen-
dencies reduced false alarms and eliminated the need for 
manual threshold tuning, making it a more reliable option 
for real-time monitoring.

For fault diagnosis, deep learning models, specifi-
cally LSTM and GRU networks, were utilized to classify 
faults based on temporal patterns in multivariate time-se-
ries data. Among these, the GRU model outperformed, 
achieving an overall accuracy of 99.8% and an F1-score 
of 99.6%, ensuring precise classification across all fault 
scenarios. To enhance model transparency, an explain-
able AI technique, including SHAP was integrated. SHAP 
analysis revealed that the most highly influential variables 
across all fault types are sour-gas temperature (x2), amine 
temperature (x4), sour-gas flow (x3), sweet-gas flow (x9), 
rich-amine pressure (x10), and tray liquid levels (x13–x17). 
These variables represent the most sensitive indicators of 
abnormal behavior in the sweetening process and provide 

strong candidates for prioritization in sensor selection 
and monitoring. These findings underscore the effective-
ness of combining statistical process monitoring with 
deep learning and explainability techniques for robust and 
interpretable FDD in complex industrial environments. 
Future work will involve incorporating noisy field-ac-
quired data, applying robust denoising techniques, and 
developing adaptive learning mechanisms. Additionally, 
real-time integration of the proposed framework into 
live AGRU systems will be explored to evaluate its per-
formance under varying operational loads and transient 
conditions. The Future work will focus on incorporating 
field-acquired noisy data, robust denoising methods, and 
adaptive learning mechanisms, integrating this model into 
live AGRU systems and evaluating its performance under 
varying operating loads and transient states. 
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