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This review focuses on the use of these data-driven approaches in optimizing complex
chemical processes using artificial intelligence. Non-linear reactions, multivariable control
parameters and high energy demand require advanced optimization techniques in industrial
chemical systems. With the increased availability of process data coming from sensors,
control systems, and monitoring platforms there is a new opportunity for enhancing
operational efficiency using intelligent analysis. While conventional methods principally
based on first-principles modeling and mathematical programming are indispensable, they
often make simplifying assumptions that hinder performance on high-dimensional,
nonlinear systems, sometimes requiring prohibitive computational resources. It covers the
main paradigms of Al, such as machine learning, deep learning, reinforcement learning and
evolutionary algorithms and describes their application in the context of process simulation
and digital twin technologies. A comprehensive review of recent applications in reactor
optimization, separation through distillation, energy management and predictive
maintenance is presented. Based on these findings, it can be concluded that Al-based models
have the potential to analyze big operational data and help in achieving optimal operating
conditions while also enhancing process stability and reducing energy consumption. These
advancements enable industrial development to realize sustainability by improving energy
efficiency, resource utilization and reducing pollution from chemical manufacturing
process.
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L. INTRODUCTION

Reaction kinetics, mass and heat transfer are examples of highly complex and interrelated processes typical of chemical
industries. The optimization of chemical and industrial processes is critical for productivity enhancement, energy savings, and safety [1]
[2]. Mathematical and first-principles models typically provide much insight but give a reduced view of behavior in some complex
systems [1]. Artificial intelligence methods, especially reinforcement learning and data-driven techniques, are frequently utilized for
autonomous decision-making making and improved efficiency to tackle high-dimensional and non-linear problems [3]. Such methods
also enable decarbonization and the integration of renewable energy systems into chemical processes [4]. Recent approaches based on
hybrid models that synergize physical laws with data-driven strategies have achieved better predictive performance for complex dynamics
in a variety of settings [5] [6]. However, the growing black box nature of deep learning models is coupled with the need to impose physical
constraints to promote safety and robustness [7] Incorporating physical knowledge into learning paradigms enhances robustness and
facilitates realistic control policies, bridging theoretical insight with computational efficiency [8—10]. Social and political issues associated
with the chemical reactions that are being monitored have resulted in tighter regulation of our output, which runs the risk of hamstringing
supply chain efficiency but at least creates opportunities for improvement thanks to recent developments in artificial intelligence. Al
algorithms can capture complex relationships directly from process data and can manage nonlinear, multivariable systems much better
than conventional methods. Modern chemical plants utilize machine learning extensively for predictive modeling, process monitoring,
fault detection and control. These strategies are implemented at a range of scales, including molecular design and reaction analysis to
whole plant optimization and supply chain management [11]. The application of Al with conventional process systems engineering can
lead to enhanced solutions in product design, process synthesis and safety management [12]. However, limitations still exist owing to a
lack of adequate high-quality experimental data and stringent safety requirements during in situ implementation [13] [14]. Challenges for
seamless integration are also posed by legacy infrastructure, which requires careful data preprocessing, and synchronization to maintain
compliance in regulated environments [1].

Traditional Approaches Challenges in Chemical Industry
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Figure 1: AI-Driven Framework for Chemical Process Optimization.
Source: Authors (2026).

Figure 1 illustrates the integration of traditional modeling approaches with artificial intelligence techniques to optimize complex
chemical processes. It highlights key challenges, applications, and future directions, emphasizing the role of physics-constrained and
data-driven methods in enhancing efficiency, safety, and sustainability. While Machine learning based model predictive control (MPC)
methods are still being developed, the higher real-time computational costs and lack of standardized sensor data capture have limited their
adoption outside of large facilities: in small-scale laboratory settings [15]. Reinforcement learning is increasingly combined with MPC
to automatically adjust parameters and constraints for stable system operation driven by rewards [16]. There is also a need to support the
development of open-access databases and standardized modeling frameworks to reduce data silos [17] [18]. Simultaneously, generative
Al and large language models accelerate capabilities in advanced decision-making, e.g., process synthesis and automated fault diagnosis
[19] [20]. The application of techniques including transformer architectures and generative adversarial networks enables novel new
molecular designs and synthetic defect scenarios, thereby addressing data scarcity [19-21]. Moreover, access to massive amounts of
industrial data from real-time sensors, control systems or process historians is propelling the recent integration of Al in chemical
engineering [11]. Data that can be used to predict and make decisions regarding the best way for their processes. Deep reinforcement
learning approaches have shown great promise for multi-timescale decision problems in areas such as improving the stability and
flexibility of refinery operations [22]. Moreover, reinforcement learning and evolutionary algorithms offer effective solutions for
optimizing complex process models that enable sustainable design and operation of chemical plants. Such strategies enable the generation
of optimized process layouts with reduced human involvement and play a part in advancing goals along lines of the circular economy and
renewable feedstock usage [23].
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Machine learning is also used more in operations where the timeliness of a solution matters, enabling adaptive models to learn
operational patterns and improve the accuracy of real-time optimization. Table 1 summarizes important Al approaches for chemical
process development categorized with three roles including modeling, monitoring, and advanced methods with the corresponding
contribution to efficiency, safety, and sustainability followed by recent trends and future research directions.

Table 1: Key Themes and Applications of Artificial Intelligence in Chemical Process Optimization.

Al/
Key Theme Description Computational Industrial Significance
Techniques
Chemical industries involve interconnected Mathematical Supports process
Complexity of phenomena such as reaction kinetics, heat transfer, programming, understanding but often
Chemical Processes | and mass transfer, which require efficient optimization | first-principles relies on simplifying
for productivity and energy management. models assumptions.
o Al methods enable exploration of nonlinear and Machlne Enhap ces decision mgklng
Role of Artificial . . ) ) learning, and improves operational
. high-dimensional process spaces that are difficult to . . . .
Intelligence . . S . reinforcement efficiency in chemical
solve using conventional deterministic techniques. )
learning plants.
. . Integration of physical laws with data-driven models Physws—mlformed Pr0V1.des bejcter .
Hybrid Modeling . .o . machine representation of industrial
improves prediction accuracy for complex chemical . . ) o
Approaches learning, hybrid | systems while maintaining
processes. . o
models interpretability.
Data
. Implementation of Al faces barriers such as limited preprocessing, Ensures reliable and safe
Challenges in Al . . . . .
Adoption high-quality datasets, legacy infrastructure, and safety sensor deployment of intelligent
constraints in industrial environments. integration, optimization systems.
model validation
o Al models are applied for predictive analysis, fault Model predictive | Improves plant reliability,
Process Monitoring . . .
and Control detection, and real-time control of chemical processes control, deep process safety, and
across multiple operational scales. learning production stability.
Generative . .
. . . . Enables innovative
Emerging techniques such as generative Al and large adversarial .
Advanced Al S . chemical product
. language models assist in molecular design, process networks,
Innovations . . . development and process
synthesis, and automated fault diagnosis. transformer .
automation.
models
. . . . . Deep .
Al integration with process systems engineering and . Contributes to energy
. . reinforcement .
Future Research reinforcement learning frameworks supports . efficiency, renewable
L . . learning, . . .
Directions sustainable and autonomous chemical process . integration, and sustainable
L evolutionary : ; .
optimization. . industrial operation.
algorithms

Source: Authors (2026).
II. FUNDAMENTALS OF CHEMICAL PROCESS OPTIMIZATION

The chemical process optimization is concerned with finding optimal operating conditions that enhance performance subject to
safety and technical constraints. Research in these areas aims to improve product yield and selectivity, energy efficiency, and cost. Control
systems, plant historians and similar tools are providing valuable data for predictive decision-making that also includes optimization in
modern industries [24]. Now, let's go for what comes after Traditional methods are based on first-principles models and mathematical
programming approaches, which can be trusted but turn out to be complex, computationally demanding, and less applicable for large
dimensional systems [25] [26]. Artificial intelligence (AI) has come to the rescue, specifically allowing for data-driven and derivative-
free optimization. Such approaches can model complicated, non-linear interactions (component systems) without designing the details;
thus they are suitable for black-box and large-scale issues. Thus, approaches based on Al increase the efficiency and speed of locating
optimal operating conditions in data-rich industrial environments [27-30].

II1. ARTIFICIAL INTELLIGENCE TECHNIQUES FOR CHEMICAL PROCESS OPTIMIZATION
II1.1 MACHINE LEARNING

Machine learning has found extensive applications for predictive modeling and optimizing chemical processes [31]. These
approaches take advantage of historical or syntactic data to learn complexion-linear relationships between temperature, pressure, and
concentration. For instance, various machine learning techniques such as artificial neural networks, support vector machines, random
forests and gradient boosting are employed to predict KPI (key performance indicator) metrics like reaction conversion, product yield
and energy consumption [31]. They aid in optimization by determining the best operating conditions and enhancing overall efficiency.
They also assist in system identification, as they can build models based on data-driven approaches instead of heavily relying on physical
laws [31].
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Model development is also expedited by automated model selection and parameter tuning. [32] Aside from predictive modeling,
machine learning helps in optimization by studying historical data to expedite the efficiencies of algorithms [4]. This databased approach
allows for creation of adaptive systems, which improve over time in their accuracy and decision-making ability [14]. Figure 2 explains
the Al techniques for chemical process optimization.
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Figure 2: Artificial Intelligence Techniques for Chemical Process Optimization.
Source: Authors (2026).

I11.2 DEEP LEARNING

Deep learning is an advanced version of machine learning in which multilayer architectures of neural networks are used to
analyze large and complex datasets. Deep learning models can learn hidden patterns and relationships in process data, without the need
for manual feature extraction as used in classical machine learning models. In chemical process analysis where time sequence industrial
data is generated through sensors and control systems, deep learning techniques can be very useful. Such models have been extensively
implemented for time-series prediction of process variables, detection of process failures and prediction of energy consumption patterns
at industrial plants. Among different deep learning architectures, Long Short-Term Memory networks are very proficient with sequential
data as well as extrapolating future process behavior based on historical patterns. Deep learning models help to enable more effective
resource allocation and operational planning in chemical manufacturing systems by accurately predicting process performance and energy
demand. Further, the ability of such architectures to automatically learn higher-order features from raw input makes it possible to build
highly sophisticated models that predict property values from molecular data [33] that can be transferred downstream (eg., catalyst
saturation prediction in fluid catalytic cracking). Moreover, the "deep learning revolution" has introduced a paradigm shift in
reinforcement learning methodology allowing agents to rapidly learn about complex, stochastic chemical environments via continuous
optimization of control policies based on interaction [2]. These deep architectures, despite operational advantages — whether it is
improved efficiency in training via Grads or tapering off additional neurons delivering diminishing returns — also struggle with issues
around sensor noise and data at scarce locations (e.g., noise-blind areas); therefore, recent research has explored the addition of
interpretable stages [34]. In industry, these architectures were successfully integrated into superstructure approaches for solving complex
NLPs, such as biodiesel production or carbon capture systems [35].

I11.3 REINFORCEMENT LEARNING

Reinforcement learning Reinforcement learning is designed for decision making which interacts with the environment. Here, an
agent learns to determine its optimal actions by exploring various schemes and learning or being retrained from responses (rewards) or
mistakes (penalizations). Reinforcement Learning for Chemical Process Optimization goal of chemical process optimization is to
determine optimal control policies for dynamic and continuous systems, situations where the behavior of the system varies over time or
precise mathematical models are hard to have. It is applied in optimal control of chemical reactors [4], dynamic tuning of process variable,
and automation of complex industrial tasks. In large-scale plants, state-of-the-art approaches have been employed to co-develop feasible
flowsheet designs and operational tactics, enhancing flexibility and productivity. These methods are adequate for the context of multi-
step decision problems such as automated flow chemistry, in which strategies iteratively improve [36]. The foundational model is often
modeled around Markov Decision Processes with an agent optimizing its actions by maximizing cumulative rewards, which are typically
expressed through equations such as the Bellman equation [37]. Reinforcement learning is well-suited for stochastic and uncertain process
conditions, enabling effective management of complex industrial environments [38]. In addition to real-time control, its application in
automating the design of continuous process systems has also been reported recently, proving its ability to learn complicated decision-
making through interaction [39], [23].

I11.4 EVOLUTIONARY ALGORITHMS

Evolutionary algorithms are optimization techniques based on the process of natural selection wherein possible solutions to a
problem evolve across generations to arrive at an optimal solution. Population approaches are particularly well-suited for chemical process
optimizations, since they can accurately capture nonlinear relationships, the performance of multiple objectives and large decision spaces.
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Common methods include genetic algorithms, particle swarm optimization and differential evolution. Such methods are often
used in combination with machine learning models to create hybrid frameworks which can efficiently explore complex parameter spaces.
Such techniques are used in a variety of areas, including optimizing reactor configurations, operating conditions and control strategies to
increase efficiencies while minimizing costs within the chemical industries among others. They perform very well on the type of problems
that prove challenging for classical gradient based methods, those with discontinuities or poorly defined constraints [40]. Evolutionary
algorithms are population-based search strategies that avoid being trapped in local optimum and thus provide a coupled approach to non-
convex optimization problems common in chemical systems. Other types of metaheuristic techniques (e.g., harmony search and particle
swarm optimization) also allow for the exploration of discrete design spaces and can therefore facilitate better configurations in a process
[41]. These methods are scalable to high-dimensional problems and use nature-inspired operators that seek stable solutions without strict
mathematical convergence needed, which is often hard for complex industrial systems [42—44]. Table 2 summarizes the major artificial
intelligence techniques applied in chemical process optimization, including machine learning, deep learning, reinforcement learning, and
evolutionary algorithms. It outlines their underlying principles, common models, industrial applications, advantages, and limitations
relevant to improving efficiency and decision making in chemical processing systems.

Table 2: Artificial Intelligence Techniques and Their Applications in Chemical Process Optimization.

Common Chemical Process
Al Technique Principle / Concept Algorithms / C L. Advantages Limitations
Applications
Models
Learns relationships ANN, SVM, Reaction yield
. o Handles
. between input process Random prediction, energy . . .
Machine . . nonlinear Requires large, high-
. variables and outputs Forest, consumption o .
Learning ) o . S multivariable quality datasets
using historical or Gradient estimation, process
. . ) . systems
simulation data. Boosting modeling
Uses multilayer neural Hich
networks to CNN, LSTM, | Fault detection, sensor accura% for High computational
Deep Learning automatically learn Deep Neural data analysis, time- com 1}; X cost and limited
hidden patterns from Networks series prediction P interpretability
datasets
large datasets.
. Q-learning,
Agen.t !earns optimal Deep Reactor control, Effective for
. decisions through . . . - .
Reinforcement . . . Reinforcement adaptive process dynamic Training requires
. interaction with . .. .e. )
Learning . . Learning, control, automated decision extensive simulations
environment using . .
. Policy operations problems
reward signals. .
Gradient
Genetic
. Algorith itable f
Population-based gor'lt . . Su1tal? ¢ for
. R Particle Reactor design nonlinear
Evolutionary optimization inspired Lo . Slow convergence for
. . . . Swarm optimization, parameter multi-
Algorithms by biological evolution L . L large search spaces
OCESSES Optimization, tuning objective
p ’ Differential problems
Evolution
. . I
Combines data-driven ANN-GA, Process desien I;;g?gggi
Hybrid Al learning with ANN-PSO, Lo & P Increased model
.S . optimization, catalyst and .
Models optimization or Physics- erformance prediction | optimization complexity
physics-based models. | informed ML p p P
accuracy
. . Analyzes sequential LSTM, Effective for
Time-Series . . Energy demand . .. .
S industrial sensor data Recurrent . . dynamic Sensitive to noisy
Prediction forecasting, equipment
to forecast future Neural D process sensor data
Models . monitoring
process behavior. Networks systems
. R
Uses data-derived andom
surrogate models to Forest, Reduces
Data-Driven Gradient Quality prediction, reliance on Dependent on
S support process . . . . . .
Optimization SR Boosting, operational planning physical training data quality
optimization and
.. . Surrogate models
decision-making. .
modeling
. Harmony .
Metaheuristic Populat1on-based Search, Ant Process flowsheet Effegtlve for
S search techniques . high- No guarantee of
Optimization . . Colony synthesis, plant layout . . .
exploring large design R N dimensional global optimum
Methods Optimization, optimization
spaces. PSO problems

Source: Authors (2026).
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IV. APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN CHEMICAL PROCESS OPTIMIZATION
IV.1 REACTOR DESIGN AND OPTIMIZATION

Cascading chemical reactors define reaction efficiency, product yield, and ultimately productivity — they are at the heart of
chemical manufacturing. Optimization of operating parameters such as temperature, pressure, catalyst concentration and residence time
is necessary to achieve high conversion and selectivity. Traditional methods depend on kinetic modeling and numerical simulations,
which are computationally expensive for large systems. Al shields it with process data to derive an ideal state of operation. Many of the
Al-powered frameworks perform integration between the machine learning models and simulation tools that mimic reactor behavior
under different scenarios. Different hybrid approaches, such as using machine learning with reinforcement learning or genetic algorithms
have demonstrated better reactor performance and faster convergence toward an optimal solution. This results in a more comprehensive
search of the design and operating parameters, improving efficiency and lowering operational costs. Neural network-based approaches
facilitate constructs involving complex reaction kinetics representation that can reliably predict under transient thereof conditions [45].
Such frameworks also enable systematic exploration of reaction spaces, rather than relying solely on trial-and-error methods [10].
Moreover, they enhance detection robustness over parameter uncertainties and maintain stable results in changing environments. Further
developments are the use of computational fluid dynamics combined with deep learning and genetic algorithms, enabling tremendously
faster optimization [46]. These approaches, when combined with experimentally proven microkinetic models, allow for exactly tuning
catalyst properties and feed conditions to maximize yield [47]. Machine learning is also used on self-optimizing systems to make
recommendations for optimal reaction conditions and relationships between process variables and catalytic performance [48]. Figure 3
shows the main applications of Al in chemical engineering, for example reactor optimization, distillation efficiency, energy management
and predictive maintenance. First, it shows how Al-based approaches improve process performance and energy utilization efficiency
while allowing the proactive adoption of measures in industrial operations.

IV.2 DISTILLATION AND SEPARATION PROCESSES

Distillation is one of the most employed separation techniques and among the most energy-consuming processes in chemical
industries. Thermal management introduced very large heats to maintain the vapor—liquid equilibrium leading to separation of chemical
components. Al techniques are increasingly applied to optimize major distillation column operating parameters, including reflux ratio,
feed composition, tray design and column pressure. Machine learning models use historical process data to predict the effect of these
features on product quality and energy consumption. Coupled with optimization algorithms, these models help in determining the
operating conditions that minimize energy footprints while also satisfying required specifications for products. It has been shown that Al-
driven strategies can reduce energy consumption without any impact on the separation efficiency or product purity. Furthermore, data-
driven approaches also facilitate the scale-up transition from laboratory to industrial applications, where the number of operating variables
increase appreciatively and typical mechanistic models are tightly related to computational costs [49]. Such advanced systems are a step
in the direction of Process Intensification 4.0, where equipment design and control can be iteratively improved by means of data-driven
response surface models to increase sustainability for an entire system [50]. Furthermore, the enabling of autonomous reasoning agents
now enables full automation of both distillation simulation and carbon emission accounting, allowing for the design of heat pump-assisted
processes that dramatically reduce the cost of industrial separation [51]. In addition to the above-mentioned evolution at system level,
artificial intelligence is also crucial in screening environmentally friendly solvents (ionic liquids and deep eutectic solvents) to substitute
traditional fossil raw material-based alternatives in demanding separation processes [52]. Moreover, machine learning-based predictive
frameworks present the opportunity of real-time energy optimization for distillation processes by applying systematic learning and
validation to define optimal operating points from a hyper-parameter standpoint [53]. To illustrate the concerns above, neural network-
based strategies are already following second-law thermodynamic principles to improve the exergy efficiency of their performance while
maintaining near perfect product quality.
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Figure 3: Applications of Artificial Intelligence in Chemical Process Optimization.
Source: Authors (2026).
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IV.3 ENERGY MANAGEMENT IN CHEMICAL PLANTS

Energy management in chemical plants is crucial because energy costs contribute greatly to overall production costs [1].
Moreover, a plethora of environmental regulations compels industries to curtail emissions and enhance energy efficiency. Al models can
help analyze the vast amount of operational data generated by sensors, control systems and energy monitoring devices to understand
general trends about how a facility uses energy over time. These models allow us to understand how energy demand at nested process
units is impacted by operating conditions. Because of the abundance of time-series data in manufacturing processes, deep learning
methods are widely used to forecast energy demand through such process data. Precise predictions of energy consumption also allow
plant operators to vary process parameters dynamically to allocate resources more efficiently. Thus, Al-based energy management
systems enable chemical manufacturing plants to make more data-driven decisions regarding their energy usage to be more efficient and
environmentally friendly. While unit-level changes are still the most accessible, multi-scale smart systems engineering is being employed
to apply these optimizations at the facility scale where complex interactions between micro-scale materials discovery and macro-scale
industrial park layouts must be coordinated. To this, a unified approach ensures the transition to carbon neutrality by matching industrial
productivity with sustainable requirements [54]. Digital platforms allow monitoring of environmental emissions in real-time and provide
direct implementation of mitigation strategies based on hybrid energy systems [55]. Additionally, the design of advanced integrated
energy systems is imperative for balancing economic profitability and decarbonization goals in industrial landscapes [56].

IV.4 PROCESS MONITORING AND PREDICTIVE MAINTENANCE

In the chemical industries, process monitoring and predictive maintenance are largely based on artificial intelligence. Novel
plants produce massive amounts of real-time data from sensors, control systems, Excel sheets to monitoring platforms which can be
employed with Machine Learning models for anomaly detection, faults identification and predictions of equipment failures beforehand.
Examples of such applications are early fault detection in reactors, pipelines, pumps, and heat exchangers as well as long-term process
stability. In predictive maintenance systems, Al algorithms predict the remaining useful life of mission-critical equipment and help plan
timely maintenance to reduce unexpected shutdowns, operational risks and costs. This transforms approaches making plants more reliable
and enabling safe and efficient operation with proactive decisions. Moreover, intelligent control architecture also allows for
modularization of processing units, providing flexibility and scalability in manufacturing systems [57]. ENCORE utilizes multi-agent
systems that promote coordinated decision-making by interconnecting diagnostic and automation tools between process units [58].
Nevertheless, more studies are needed to assess economic viability and related hazards at large-scale implementation [59]. Some machine
learning models, for instance random forest models, have been shown to improve predicted catalyst deactivation based on real-time data
and thereby allowing a change in maintenance regimes. Likewise, deep learning applications in carbon capture systems allow for
optimizing operational conditions such as temperature and pressure to improve CO: sequestration performance [60]. Transitioning to
condition-based maintenance incorporates continuous diagnostics as early warning metrics that improve the long-term durability of
critical assets [61]. The incorporation of diverse datasets like pressure, flow rates and operational signals has aided in minimizing
downtime of equipment while enhancing the lifespan of equipment, leading to enhanced operational performance of chemical plants [62]
[63]. The major current and potential applications of artificial intelligence to chemical process optimization are summarized in Table 3,
which include OLED design, distillation systems, energy management, process monitoring and predictive maintenance.

Table 3: Major Applications of Artificial Intelligence in Chemical Process Optimization.

Application Key Process Al Techniques Optimization Industrial Challenges /
Area Variables Used Objective Benefits Limitations
Temperature, Machine .
. Improve Higher reactor .
Reactor pressure, Learning, Neural . . Complex reaction
. reaction efficiency and S .
Design and catalyst Networks, . kinetics and limited
LS . . conversion and reduced .
Optimization concentration, Genetic . . experimental data
. . . product yield operational cost
residence time Algorithms
Reflux ratio, Reduce ener Improved
P feed Machine ey prov High system
Distillation . . consumption separation .
composition, Learning, ANN, . . complexity and
Column LT while efficiency and .
. column Optimization S sensitivity to
Optimization . maintaining lower energy . o
pressure, tray Algorithms : operating conditions
. product purity use
configuration
Solvent Improved
Separation proper‘ges', Deep Learning, Enhan'ce solyent oy
vapor-liquid S separation selection and Data availability and
Process ey Predictive . o
. equilibrium, . efficiency and reduced process variability
Design . Modeling SO .
operating sustainability environmental
pressure impact
Energy
Energy consumption Deep Learning, Predict energy Lower
Management patterns, Time-Serics demand and operational Dependence on
in Chemical operating load, Models optimize energy | energy costand | accurate sensor data
Plants process usage emissions
parameters
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. Detect
Temperature, Machine
. abnormal Improved safety
Process pressure, flow Learning, " . ..
. conditions and | and operational | Noise in sensor data
Monitoring rate, Pattern . s -
. o maintain reliability
concentration Recognition .-
stability
Equipment
vibration, Predict Reduced
Predictive temperature, Random Forest, equipment downtime and Requires long-term
Maintenance historical Deep Learning failure and maintenance operational data
maintenance remaining life cost
data
. Hybrid Al -
Integrated Multiple plant- yorl Optimize Improved
. . Models, .. Complex model
Plant wide operating . overall plant productivity and . .
S . Reinforcement T integration
Optimization variables Learning performance sustainability

Source: Authors (2026).
V. INTEGRATION OF ARTIFICIAL INTELLIGENCE WITH PROCESS SIMULATION AND DIGITAL TWINS

This type of artificial intelligence can be combined with process simulation and data analytics tools to enhance the decision-
making in chemical industries. Digital Twin is a key concept in this domain and refers to the representation of the physical system (plant
or process, etc.) mirrored to the virtual world — dynamically updated by incoming real-time data captured from sensor devices and
control units. This model reflects real plant behavior and allows the engineers to monitor, simulate, and analyze performance at different
operating conditions without disturbing the actual operations. Applying Al into digital twin frameworks expands its potential for
processing large amounts of data and uncovering intricate connections between processes. By integrating design parameters,
communication protocols and operational variables, these systems allow for simulation realization with high levels of accuracy [64-68],
which can improve predictive maintenance as well as lifecycle assessment. Hybrid approaches such as these are found to be particularly
beneficial in carbon capture, utilization and storage systems as they aid in optimizing the use of energy while reducing operational costs
[69-73]. Digital twins also employ machine learning models that can be used to optimize capture processes based in solvents type,
achieving cost reductions of 10—20% for large-scale applications [67]. Moreover, the real-time analytics and hybrid modeling proposed
in these platforms are valuable for managing complex industrial data when integrating with legacy systems and cybersecurity issues [74].
In general, Al-powered digital twins can be used for real-time decision-making and life cycle management, which can assist with the
development of adaptive and autonomous systems [75]. This led to systems that aid the engineers know how alterations in parameters
like temperature, pressure, flow rate and feedback affect process performance. Moreover, these systems drive real-time optimization by
continuously evaluating the incoming process data and suggesting optimal operating conditions. The other major advantage is
implementing predictive maintenance models that are data-driven and predicting potential equipment failures by detecting deviations
from normal patterns in which the equipment works.

Furthermore, digital twin environments enable engineers to verify new process strategies and control algorithms as well as design
modifications in a virtual space prior to partaking them within the physical plant. Hybrid modeling (HM) approaches that merge artificial
intelligence models with first-principles equations based on mass, energy, and momentum balances are increasingly acknowledged as
some of the most powerful tools for chemical process optimization, due to their ability to combine the predictive power of data-driven
methods with the physical insight provided by traditional chemical engineering models. However, while fundamental models are more
accurate than their black-box counterparts, they can also be computationally expensive to evaluate and create a high barrier to entry for
real-time iterative optimization. This is where data-driven surrogate models effectively alleviate this limitation at sub-second execution
speeds [76-83]. Further, these surrogate models also facilitate real-time optimization strategies and maximize an objective function in the
context of non-linear constraints and frequent disturbances to the process. This further enables hybrid semi-parametric modeling to
provide more parsimonious yet useful representations of the system at hand by combining mechanistic insights with data-driven precision,
thus ensuring that the generated models are both physically meaningful and computationally efficient [84]. In addition to performance
improvements, the deployment of such frameworks also helps to enable autonomous operational decision-making through continuous
learning which refines predictive insights [85-90].

VI. CHALLENGES IN AI-BASED CHEMICAL PROCESS OPTIMIZATION

While artificial intelligence offers tremendous advantages in the optimization of chemical processes, several issues inhibit its
widespread adoption in industrial chemical facilities. These challenges are primarily related to data availability, model transparency,
system integration and operational safety. Four major challenges (data quality, model interpretability, integration with first-principles
models and cybersecurity) stand in the way of its successful industrial introduction for chemical processes as illustrated by Fig. 4.
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Figure 4: Challenges in Al-Based Chemical Process Optimization.
Source: Authors (2026).

VI.1 DATA QUALITY AND AVAILABILITY

Access to high-quality and well-structured datasets has been a major bottleneck in applying Al methods in the chemical
processes. Often the industrial plants run based on incomplete, noisy or inconsistent data due to limitations in sensor systems, issues of
data collection and/or disturbances to the process. Machine learning models rely on a vast amount of accurate up-to-date data for them to
learn well and predict accurately. The performance of Al models may deteriorate if the quality & accuracy of training data is poor.
Moreover, due to the nature of these processes and low-frequency breakdowns, they are characterized by a lack of quality labeled data
which makes it especially difficult to train robust diagnostic agents [91]. Additionally, the black-box nature of many deep learning
architectures limits their utility due to at least two reasons; [92] high levels of resource consumption for developing such algorithms and
the difficulty in interpreted reasoning behind "black box™ prescription that can be cumbersome for some operations [93]. To address this,
there is a growing emphasis among researchers for explainable Al frameworks with traceable rationales behind optimization decisions,
building the trust needed for human-in-the-loop oversight in safety-critical settings [94].

V1.2 MODEL INTERPRETABILITY

A related problem is the interpretability of Al models. More sophisticated techniques such as deep learning work as complex
computational systems with internal thresholds that are often hard to interpret. These models are often referred to as “black box” systems.
Engineers working in the chemical industry tend to favor interpretable models that explain how process variables affect outputs.
Interpretability also has value in that limited interpretability can undermine confidence in Al-based decision systems. The black-box
nature decreases regulatory compliance and risk management while enforcement of multidimensional regulations requires an
advancement in explainable Al methods that build stakeholder trust in algorithmic decision-making activity [95]. Additionally, current
research is biased towards a focus on the properties of algorithms and their theoretical performance over simulated benchmarks rather
than producing lightweight and operable solutions more in line with industry requirements [96]. To overcome this void, future work
should reconsider the established machine learning life cycle toward one whose primary focus is the real-life application rather than
theoretical performance at a single point in time that ensures robustness to multivocal real-life operations [97].

VI.3 INTEGRATION WITH FIRST-PRINCIPLES MODELS

Traditional chemical engineering analysis uses first-principles models based on mass and energy balances as well as reaction
kinetics that describe the physical laws that govern processes. On the other hand, artificial intelligence models are data driven and usually
do not explicitly consider physical constraints. Designing hybrid frameworks that combine these two approaches still proves challenging.
One major constraint of cutting-edge Al methods, specifically deep learning, is their lack of transparency and inability to leverage known
physical, chemical, and biological principles. This can lead to predictions that are not perfectly consistent with actual system behavior
[49]. Consequently, future data-driven approaches should incorporate some insight from the domain to increase the reliability of models
and keep predictions near thermodynamic and kinetic limits [98-103]. Beyond modeling challenges, applying machine learning to process
control brings challenges of robustness, stability and safety [104]. Therefore, adaptive control strategies are needed that can accommodate

dynamic data and guarantee reliable performance in large-scale industrial applications such as electrolysis and carbon capture systems
[105].

V1.4 CYBERSECURITY AND RELIABILITY

Since chemical plants operate with stringent safety and reliability guidelines, any Al systems integrated into the industrial control
platforms must be comprehensively validated prior to deployment. The rising proliferation of connected sensors, digital infrastructure
and cloud-based systems creates cybersecurity challenges as well. As a result, secure data transmission and reliable system performance
along with safe Al algorithm integration are essential for effective implementation.
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Process data can be sensitive or proprietary in nature, requiring advanced measures for data privacy to mitigate the risk of loss
of intellectual property [106], malicious interference, and similar risks. Tackling these challenges must involve collaboration across Al
specialists, chemical engineers and policymakers for unified protocols to secure data and validate models [107] [108]. The success of
such adoption is also dependent on the ongoing investment towards building a multidisciplinary workforce capable of understanding and
managing Al-driven systems by plant operators [109]. Moreover, to take advantage of the full potential that Al offers to chemical
industries, a transition into interdisciplinary studies is required in which both machine learning practitioners and domain experts (chemical
engineers) collaborate [110]. This is necessary to enable digital transformation, minimize inertia towards change and ensure that the safety
and reliability required in modern chemical production systems is met on an on-going basis [111].

VII. CONCLUSION

Al has become a gamechanger in the field of chemical process optimization, enabling sophisticated modeling, prediction, and
intelligent decision-making in complex industrial processes. Using machine learning techniques, deep learning, reinforcement learning
and evolutionary algorithms, etc., modern chemical industries can recover nonlinear (nonlinear), multivariable processes that are not
currently developed using common methods. Such Al-powered methods also boost the efficiency of research and product strains, lower
energy consumption, and enable sustainable manufacturing practices. Combine this with capabilities of process simulation tools and
digital twin technologies, which have taken real-time optimization and predictive maintenance to the next level by enabling much more
adaptive and autonomous plant operations. However, it is imperative to diligently consider data quality, model interpretability, system
integration as well as cybersecurity challenges to allow for the safe and reliable industrial deployment of such approaches. In terms of the
future, developments in hybrid modeling, explainable Al and autonomous systems will further drive the adoption of intelligent
optimization frameworks. It will be important to continue conducting research in this area, by combining both fundamental and applied
approaches together with research teams from other disciplines to effectively utilize the advance of artificial intelligence to develop
smarter, more efficient, and sustainable chemical process industries that align themselves with environmental/economic goals worldwide.

VIII. AUTHOR’S CONTRIBUTION

Conceptualization: Anant Sidhappa Kurhade, Govindarajan Murali.

Methodology: Anant Sidhappa Kurhade, N. Alangudi Balaji, P. Ramani.

Investigation: Ganesh E. Kondhalkar, Sachin Kandharkar.

Discussion of results: Anant Sidhappa Kurhade, Govindarajan Murali, N. Alangudi Balaji.

Writing — Original Draft: Anant Sidhappa Kurhade.

Writing — Review and Editing: Govindarajan Murali, Sachin Kandharkar.

Resources: P. Ramani, Ganesh E. Kondhalkar.

Supervision: Govindarajan Murali, Sachin Kandharkar.

Approval of the final text: Anant Sidhappa Kurhade, N. Alangudi Balaji, P. Ramani, Ganesh E. Kondhalkar, Govindarajan Murali,
Sachin Kandharkar.

IX. 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 the necessary support and research infrastructure.

X. REFERENCES

[1] Chowdhury SH, Ghosh A, Acharya S, Saha SC, Pal PK, Roy S, Lahiri SK. Transforming chemical process engineering: The role of Al and machine learning in
revolutionizing process systems. Can J Chem Eng. 2025;104(2):699. https://doi.org/10.1002/cjce.70032

[2] Namdeti R. Artificial Intelligence in Chemical Engineering: Past, Present, and Future Perspectives. J Chem Health Risks. 2023;13(6).
https://doi.org/10.52783/jchr.v13.16.2058

[3] Toniato A, Schilter O, Laino T. The role of Al in driving the sustainability of the chemical industry. Chimia (Aarau). 2023;77(3):144.
https://doi.org/10.2533/chimia.2023.144

[4] Mitrai I, Daoutidis P. Accelerating process control and optimization via machine learning: A review. arXiv. 2024.

[5]Zhou T, Sundmacher K. Multiscale process systems engineering—analysis and design of chemical and energy systems from molecular design up to process optimization.
Front Chem Sci Eng. 2022;16(2):137. https://doi.org/10.1007/s11705-021-2135-x

[6] Bloor M, Ahmed A, Kotecha N, Mercang6z M, Tsay C, Chanona EADR. Control-informed reinforcement learning for chemical processes. arXiv. 2024.

[7] Schweidtmann AM, Esche E, Fischer A, Kloft M, Repke J, Sdger S, Mitsos A. Machine learning in chemical engineering: A perspective. Chem Ing Tech.
2021;93(12):2029. https://doi.org/10.1002/cite.202100083

[8] Lin R, Chen J, Xie L, Su H, Huang B. Facilitating reinforcement learning for process control using transfer learning: Perspectives. arXiv. 2024.
[9] Mukherjee A, Zavala VM. Physics-constrained machine learning for chemical engineering. arXiv. 2025.

[10] Neveux T, Commenge J, Vermeire FH. Editorial: Artificial intelligence-assisted design of sustainable processes. Front Chem Eng. 2024;6.
https://doi.org/10.3389/fceng.2024.1391673

Page 847



ITEGAM-JETIA, Manaus, v.12 n.61, p.838-851, September—October, 2026.

[11] Srinivasan KK, Puliyanda A, Thosar D, Bhakte A, Singh K, Addo P, Srinivasan R, Prasad V. Artificial intelligence and machine learning at various stages and scales
of process systems engineering. Can J Chem Eng. 2025;103(3):1004. https://doi.org/10.1002/cjce.25525

[12] Mann V, Lu J, Venkatasubramanian V, Gani R. A perspective on artificial intelligence for process manufacturing. Engineering. 2025;52:60.
https://doi.org/10.1016/j.eng.2025.01.014

[13] Brandner D, Lucia S. Optimizing operation recipes with reinforcement learning for safe and interpretable control of chemical processes. arXiv. 2025.

[14] Sharah AA, Owida HA, Alnaimat F, Abuowaida S. Application of machine learning in chemical engineering: Outlook and perspectives. IAES Int J Artif Intell.
2023;13(1):619. https://doi.org/10.11591/ijai.v13.i1.pp619-630

[15] Wu Z, Christofides PD, Wu W, Wang Y, Abdullah F, Alnajdi A, Kadakia YA. A tutorial review of machine learning-based model predictive control methods. Rev
Chem Eng. 2024. https://doi.org/10.1515/revce-2024-0055

[16] Hakim BAE, Abdel-Goad M, Awad ME, Shoaib AM. Al enhanced model predictive control for optimizing LPG recovery through integrated computational modeling
design of experiments and multivariate regression. Sci Rep. 2025;15(1). https://doi.org/10.1038/s41598-025-13899-z

[17] Demirhan CD, Tso WW, Ogumerem GS, Pistikopoulos EN. Energy systems engineering: A guided tour. BMC Chem Eng. 2019;1(1). https://doi.org/10.1186/s42480-
019-0009-5

[18] Montastruc L, Belletante S, Pagot A, Negny S, Raynal L. From conceptual design to process design optimization: A review on flowsheet synthesis. Oil Gas Sci
Technol. 2019;74:80. https://doi.org/10.2516/0gst/2019048

[19] Decardi-Nelson B, Alshehri AS, Ajagekar A, You F. Generative Al and process systems engineering: The next frontier. Comput Chem Eng. 2024;187:108723.
https://doi.org/10.1016/j.compchemeng.2024.108723

[20] Ozdemir P, Yidirim R. ML@ChemE: Past, present, and future of machine learning in chemical engineering. ChemBioEng Rev. 2025.
https://doi.org/10.1002/cben.70012

[21] Jiang Z, Xu C, Zhou T. Cyber Academia-Chemical Engineering (CA-ChemE): A living digital town for self-directed research evolution and emergent scientific
discovery. arXiv. 2025.

[22]1Li Z, Lin R, Su H, Xie L. Reinforcement learning-driven plant-wide refinery planning using model decomposition. arXiv. 2025.

[23] Gao Q, Schweidtmann AM. Deep reinforcement learning for process design: Review and perspective. Curr Opin Chem Eng. 2024;44:101012.
https://doi.org/10.1016/j.coche.2024.101012

[24] Kubosawa S, Onishi T, Tsuruoka Y. AI and simulation for soft sensors and process control. Kagaku Kogaku Ronbunshu. 2022;48(4):141.
https://doi.org/10.1252/kakoronbunshu.48.141

[25] Zeng T, Badrinarayanan S, Ock J, Lai CK, Farimani AB. LLM-guided chemical process optimization with a multi-agent approach. Mach Learn Sci Technol.
2025;6(4):045067. https://doi.org/10.1088/2632-2153/ae2382

[26] Wang Z, Wu Z. Real-time machine-learning-based optimization using input convex long short-term memory network. arXiv. 2023.
[27] Kudva A, Tang WT, Paulson JA. Multi-objective Bayesian optimization for networked black-box systems: A path to greener profits and smarter designs. arXiv. 2025.
[28] Neufang M, Pajak E, Berg D van de, Lee YS, Chanona EA del R. Surrogate-based optimization techniques for process systems engineering. arXiv. 2024.

[29] Berg D van de, Savage T, Petsagkourakis P, Zhang D, Shah N, Rio-Chanona EA del. Data-driven optimization for process systems engineering applications. Chem
Eng Sci. 2021;248:117135. https://doi.org/10.1016/j.ces.2021.117135

[30] Granacher J, Kantor I, Maréchal F. Increasing superstructure optimization capacity through self-learning surrogate models. Front Chem Eng. 2021;3.
https://doi.org/10.3389/fceng.2021.778876

[31] Bishnu SK, Alnouri SY, Mohannadi DMA. Stochastic algorithm-based optimization using artificial intelligence/machine learning models for sorption enhanced steam
methane reformer reactor. Comput Chem Eng. 2025;196:109060. https://doi.org/10.1016/j.compchemeng.2025.109060

[32] Mitrai I, Daoutidis P. Accelerating process control and optimization via machine learning: A review. Rev Chem Eng. 2025;41(4):401. https://doi.org/10.1515/revce-
2024-0060

[33] Hwangbo S, Al R, Sin G. An integrated framework for plant data-driven process modeling using deep learning with Monte Carlo simulations. Comput Chem Eng.
2020;143:107071. https://doi.org/10.1016/j.compchemeng.2020.107071

[34] Poudel L, Tincher D, Phan DN, Bhowmik R. Deep learning enhanced amine emission monitoring and performance analysis in industrial carbon capture plants. arXiv.
2025.

[35] Klimek A, Plate C, Sager S, Sundmacher K, Ganzer C. Superstructure optimization with embedded neural networks for sustainable aviation fuel production. arXiv.
2025.

[36] Chen J, Fujiwara T, Ziabari A, Xu X, Zhang H, Christakopoulos P, Bonnesen PV, Ivanov IN, Ganesh P, Chen W, Jaimes KP, Yang G, Kumar R, Sumpter BG,
Advincula RC. Al for manufacturing and healthcare: A chemistry and engineering perspective. arXiv. 2024.

[37] Devarakonda VS, Sun W, Tang X, Tian Y. Recent advances in reinforcement learmning for chemical process control. Processes. 2025;13(6):1791.
https://doi.org/10.3390/pr13061791

[38] Abbas AN, Amazu CW, Mietkiewicz J, Briwa H, Perez AA, Baldissone G, Demichela M, Chasparis GG, Kelleher JD, Leva MC. Analyzing operator states and the
impact of Al-enhanced decision support in control rooms: A human-in-the-loop specialized reinforcement learning framework for intervention strategies. arXiv. 2024.

Page 848



ITEGAM-JETIA, Manaus, v.12 n.61, p.838-851, September—October, 2026.

[39] Gottl Q, Grimm DG, Burger J. Automated synthesis of steady-state continuous processes using reinforcement learning. arXiv. 2021.
[40] Beck AG, Fine J, Chopra G. Paddy: Evolutionary optimization algorithm for chemical systems and spaces. arXiv. 2024.

[41] Nabil T, Noaman M, Morosuk T. Data-driven structural synthesis of supercritical CO: power cycles. Front Chem Eng. 2023;5.
https://doi.org/10.3389/fceng.2023.1144115

[42] Russell JM, Allman A. Sustainable decision making for chemical process systems via dimensionality reduction of many objective problems. AIChE J. 2023;69(2).
https://doi.org/10.1002/aic.17962

[43] Lam AYS, Li VOK. Chemical reaction optimization: A tutorial. Memet Comput. 2012;4(1):3. https://doi.org/10.1007/s12293-012-0075-1

[44] Bussemaker J, Saves P, Bartoli N, Lefébvre T, Lafage R. System architecture optimization strategies: Dealing with expensive hierarchical problems. J Glob Optim.
2024. https://doi.org/10.1007/s10898-024-01443-8

[45] Adeyeye O, Akanbi . Artificial intelligence for systems engineering complexity: A review on the use of Al and machine learning algorithms. Comput Sci IT Res J.
2024;5(4):787. https://doi.org/10.51594/csitrj.v514.1026

[46] Zhu L, Chen X, Ouyang B, Yan W, Lei H, Chen Z, Luo Z. Review of machine learning for hydrodynamics, transport, and reactions in multiphase flows and reactors.
Ind Eng Chem Res. 2022;61(28):9901. https://doi.org/10.1021/acs.iecr.2c01036

[47] Shi H, Zhou T. Computational design of heterogeneous catalysts and gas separation materials for advanced chemical processing. Front Chem Sci Eng. 2021;15(1):49.
https://doi.org/10.1007/s11705-020-1959-0

[48] Kim HW, Lee S, Na GS, Han SJ, Kim SK, Shin JH, Chang H, Kim YT. Reaction condition optimization for non-oxidative conversion of methane using artificial
intelligence. React Chem Eng. 2021;6(2):235. https://doi.org/10.1039/d0re00378f

[49] Liu D, Sun N. Prospects of artificial intelligence in the development of sustainable separation processes. Front Sustain. 2023;4.
https://doi.org/10.3389/frsus.2023.1210209

[50] Lopez-Guajardo EA, Delgado-Licona F, Alvarez A, Nigam KDP, Montesinos-Castellanos A, Morales-Menéndez R. Process intensification 4.0: A new approach for
attaining sustainable and circular processes enabled by machine learning. Chem Eng Process. 2022;180:108671. https://doi.org/10.1016/j.cep.2021.108671

[51] Tan S, Zhou X, Zhou H, Hao Z, Xie Y, Cao L, Shen G, Gao Y, Shen Q, Wei W. Reasoning-agent-driven process simulation, optimization, carbon accounting and
decarbonization of distillation. Commun Eng. 2026. https://doi.org/10.1038/s44172-025-00583-3

[52] Edaugal JP, Zhang D, Liu D, Glezakou V, Sun N. Solvent screening for separation processes using machine learning and high-throughput technologies. Chem Bio
Eng. 2025;2(4):210. https://doi.org/10.1021/cbe.4c00170

[53] Park H, Kwon H, Cho H, Kim J. A framework for energy optimization of distillation process using machine learning-based predictive model. Energy Sci Eng.
2022;10(6):1913. https://doi.org/10.1002/ese3.1134

[54] Chong X, Li L, Zhang C, Zhao Y, Kraft M, Wang X. Al-enhanced multi-scale smart systems for decarbonization in the chemical industry: A pathway to sustainable
and efficient production. Technol Rev Carbon Neutral. 2025. https://doi.org/10.26599/trcn.2025.9550005

[55] Tiziin U. Artificial intelligence assisted dynamic control of environmental emissions from hybrid energy process plants. Front Energy Res. 2020:8.
https://doi.org/10.3389/fenrg.2020.00179

[56] Mao Y, Zhang N, Shi P, Zhong W, Lin X. A review of smart integrated energy systems towards industrial carbon neutrality: Opportunity and challenge. npj Therm
Sci Eng. 2026;1(1). https://doi.org/10.1038/544435-025-00003-0

[57] Ananikov VP. Top 20 influential Al-based technologies in chemistry. Artif Intell Chem. 2024;2(2):100075. https://doi.org/10.1016/j.aichem.2024.100075

[58] Liang HY, Yan T, Zhao W. Comprehensive assessment of recent major chemical accidents in China and path to sustainable solutions. Smart Constr Sustain Cities.
2024;2(1). https://doi.org/10.1007/s44268-023-00024-0

[59] Liao M, Lan K, Yao Y. Sustainability implications of artificial intelligence in the chemical industry: A conceptual framework. J Ind Ecol. 2022;26(1):164.
https://doi.org/10.1111/jiec.13214

[60] Anyebe AP, Yeboah OKK, Bakinson OI, Adeyinka TY, Okafor FC. Optimizing carbon capture efficiency through Al-driven process automation for predictive
maintenance and CO: sequestration in oil and gas facilities. Am J Environ Clim. 2024;3(3):44. https://doi.org/10.54536/ajec.v3i3.3766

[61] Cai T, Fang J, Daida S, Lou HH. Review of synergy between machine learning and first principles models for asset integrity management. Front Chem Eng. 2023;5.
https://doi.org/10.3389/fceng.2023.1138283

[62] Arinze CA, Izionworu VO, Isong DE, Daudu CD, Adefemi A. Predictive maintenance in oil and gas facilities leveraging Al for asset integrity management. Int J Front
Eng Technol Res. 2024;6(1):16. https://doi.org/10.53294/ijfetr.2024.6.1.0026

[63] Almazrouei SM, Dweiri F, Aydin R, Alnagbi A. Advancements and challenges of artificial intelligence models for predictive maintenance of water injection pumps
in oil and gas industry. SN Appl Sci. 2023;5(12). https://doi.org/10.1007/s42452-023-05618-y

[64] Ding C, Gui X, Jiang J. Advancing chemical engineering technology with artificial intelligence. Clean Energy. 2025;9(5):55. https://doi.org/10.1093/ce/zkaf036

[65] Ma J, Han Y, Wang M, Zhong W, Du W, Qian F. Artificial intelligence for carbon capture utilization and storage in the petrochemical industry. Carbon Capture Sci
Technol. 2025;16:100471. https://doi.org/10.1016/j.ccst.2025.100471

[66] Al-Sakkari EG, Ragab A, Dagdougui H, Boffito DC, Amazouz M. Carbon capture utilization and sequestration systems design and optimization: Artificial intelligence
opportunities. Sci Total Environ. 2024;917:170085. https://doi.org/10.1016/j.scitotenv.2024.170085

Page 849



ITEGAM-JETIA, Manaus, v.12 n.61, p.838-851, September—October, 2026.

[67] Smart E, Olayiwola DE, Okwor UD, Asere JB, Takele MPA, Dirisu CD, Dada DM. Al-driven optimization strategies for CO- capture and storage processes. Int J Sci
Technol Res Arch. 2025;9(1):18. https://doi.org/10.53771/ijstra.2025.9.1.0043

[68] Pal PK, Hens A, Behera N, Lahiri SK. Digital twins transforming the chemical process industry: A review. Can J Chem Eng. 2025;103(8):3611.
https://doi.org/10.1002/cjce.25611

[69] Sajadieh SMM, Noh SD. From simulation to autonomy: Integration of artificial intelligence and digital twins. Int J Precis Eng Manuf Green Technol. 2025;12(5):1597.
https://doi.org/10.1007/s40684-025-00750-z

[70] Galeazzi A, Prifti K, Cortellini C, Pretoro AD, Gallo F, Manenti F. Development of a surrogate model of an amine scrubbing digital twin using machine learning
methods. Comput Chem Eng. 2023;174:108252. https://doi.org/10.1016/j.compchemeng.2023.108252

[71] Jul-Rasmussen P. Hybrid modeling for process systems simulation: Integrating process understanding and machine learning. 2025.

[72] Rebello CM, Nogueira IBR. Digital twins in chemical engineering: An integrated framework for identification, implementation, online learning and uncertainty
assessment. Comput Chem Eng. 2025;200:109178. https://doi.org/10.1016/j.compchemeng.2025.109178

[73] Alhazmi K, Sarathy SM. Dynamic optimizers for complex industrial systems via direct data-driven synthesis. Commun Eng. 2025;4(1):25.
https://doi.org/10.1038/s44172-025-00368-8

[74] Arinze CA, Jacks BS. Al-driven optimization techniques enhancing sustainability in oil and gas production processes. Eng Sci Technol J. 2024;5(3):962.
https://doi.org/10.51594/estj.v513.950

[75] Ji C, Ma F, Rao J, Wang J, Sun W. Bridging the gap in chemical process monitoring: Toward industrial deployment. Processes. 2025;13(12):3809.
https://doi.org/10.3390/pr13123809

[76] Gértler M, Khaydarov V, Klopper B, Urbas L. The machine learning life cycle in chemical operations: Status and open challenges. Chem Ing Tech. 2021;93(12):2063.
https://doi.org/10.1002/cite.202100134

[77] Yuan Y, Chaffart D, Wu T, Zhu J. Transparency: The missing link to boosting Al transformations in chemical engineering. Engineering. 2024;39:45.
https://doi.org/10.1016/j.eng.2023.11.024

[78] Huang Q, Peng S, Deng J, Zeng H, Zhang Z, Liu Y, Yuan P. Artificial intelligence in nuclear reactors: Current status and future directions. Heliyon. 2023;9(3).
https://doi.org/10.1016/j.heliyon.2023.e13883

[79] Sethi H, Ahmad I, Khan MM, Qazi A, Ayub A, Zulkefal M, Shutaywi M. Applications of computer intelligence in hydrogen production. ACS Omega.
2025;10(31):33982. https://doi.org/10.1021/acsomega.5c01602

[80] Yan Y, Borhani TN, Subraveti SG, Pai KN, Prasad V, Rajendran A, Nkulikiyinka P, Asibor JO, Zhang Z, Shao D, Wang L, Zhang W, Yan Y, Ampomah W, You J,
Wang M, Anthony EJ, Manovi¢ V, Clough PT. Machine learning for carbon capture, utilisation, and storage: A state-of-the-art review. Energy Environ Sci.

2021;14(12):6122. https://doi.org/10.1039/d1ee02395k

[81] Decardi-Nelson B, Alshehri AS, You F. Generative artificial intelligence in chemical engineering across multiple scales. Front Chem Eng. 2024;6.
https://doi.org/10.3389/fceng.2024.1458156

[82] Katterbauer K, Qasim A, Alhashboul A. An Al-aided carbon conversion framework for efficient carbon storage. SSRN Electron J. 2025.
https://doi.org/10.2139/ssm.5245330

[83] Zhu L, Du L, Cao G, Cai Z. Al-guided electro-decomposition of persistent organic pollutants. Environ Sci Adv. 2023;2(10):1302. https://doi.org/10.1039/d3va00175j
[84] Chiang LH, Braun B, Wang Z, Castillo I. Towards artificial intelligence at scale in the chemical industry. AIChE J. 2022;68(6). https://doi.org/10.1002/aic.17644
[85] Daniel C, Gehin JC, Laurin-Kovitz KF, Morreale BD, Stevens R, Tumas W, Anitescu M, Poczatek A, Siegel A, Som S, Vilim R, Grout R, Kroposki B, Yue M, Rose
K, Rashdan AA, Ritter C, Balaprakash P, Jain P, Kuruganti T, Piette MA, Hong T, Corley C, Rall6 R, Grosh J, Essen BV, Reno M, Viswanathan H, Alexander F, Dietrich
E. Advanced research directions on artificial intelligence for energy. 2024. https://doi.org/10.2172/2340139

[86] S. Manjula Gandhi, S. Sugumaran, N. Alangudi Balaji, Govindarajan Murali, Amruta Kundalik Mule, Harish Velingkar, et al. Artificial Intelligence in Predictive
Toxicology: Modelling Xenobiotic Interactions and Human Risk Assessment. Appl. Chem. Eng. 2025 Dec. 17; 8(4):ACE-5826. https://doi.org/10.59429/ace.v8i4.5826

[87] Manjusha Tatiya, Babaso A. Shinde, Navnath B. Pokale, Mahesh Sarada, Mahesh M. Bulhe, Govindrajan Murali, et al. Al-Driven Process Control for Enhancing
Safety and Efficiency in Oil Refining. Appl. Chem. Eng. 2025 Nov. 24;8(4):ACE-5792. https://doi.org/10.59429/ace.v814.5792

[88] Ramdas Biradar, Babaso A. Shinde, Milind Manikrao Darade, Tushar Gaikwad, Seeram Srinivasa Rao, Aarti Puri, et al. AI Applications in Smart Mineral Processing:
Ore Characterization, Sorting, and Efficiency. Appl. Chem. Eng. 2025 Nov. 24 ;8(4):ACE-5791. https://doi.org/10.59429/ace.v8i4.5791

[89] Pallavi Vishnu Kharat, Beena Nawghare, N. Alangudi Balaji, Vishvas V. Kalunge, Charu P. Kumbhare, Tejasvini Rahul Katkar, et al. Data-Driven Prediction of
Biofuel Yield and Combustion Emissions Using Al Techniques. Appl. Chem. Eng. 2025 Dec. 25;8(4): ACE-5841. https://doi.org/10.59429/ace.v8i4.5841

[90] Swapnil S. Chaudhari, Kundan Kale, Manisha Raghuvanshi, Torana Kamble, Ramsing Thakur, Sagar Arjun Dalvi, et al. Machine learning for waste-to-energy
processes: Resource evaluation, conversion efficiency, and environmental effects. Appl. Chem. Eng. 2026 Jan. 6 ;9(1): ACE-5850. https://doi.org/10.59429/ace.v9i1.5850

[91] Madhuri Karad, Nidhi Sharma, Khaja Gulam Hussain, Vakiti Sreelatha Reddy, Madhuri Ghuge, Sagar Arjun Dalvi, et al. Al-Based Pollution Monitoring in Bio-
Energy Production Chains: Methods, Applications, and Gaps. Appl. Chem. Eng. 2026 Jan. 6 ;9(1): ACE-5848. https://doi.org/10.59429/ace.v9i1.5848

[92] Smita Desai, Sushama Shirke, Vishvas V. Kalunge, Sireesha Koneru, Gaurav Raju Khobragade, Vidhi Rajendra Kadam, et al. Machine Learning Approaches for
Biomass Resource Mapping and Sustainable Energy Planning. Appl. Chem. Eng. 2025 Dec. 29; 9(1): ACE-5843. https://doi.org/10.59429/ace.v9i1.5843

[93] Tatiya M, Darade MM, Shinde BA, Kumbhare MP, Taware RD, Chougule SM, et al. Al applications in tailings and waste management: improving safety, recycling,
and water utilization. Appl Chem Eng. 2025 Nov 5;8(4):ACE-5789. https://doi.org/10.59429/ace.v8i4.5789

Page 850



ITEGAM-JETIA, Manaus, v.12 n.61, p.838-851, September—October, 2026.

[94] Upadhe SN, Mhamane SC, Kurhade AS, Bapat PV, Dhavale DB, Kore LJ. Water saving and hygienic faucet for public places in developing countries. In: Techno-
Societal 2018: Proceedings of the 2nd International Conference on Advanced Technologies for Societal Applications. Vol 1. Cham: Springer; 2019. p. 617-24.
https://doi.org/10.1007/978-3-030-16848-3_56

[95] Kurhade AS, Siraskar GD, Darade MM, Dhumal JR, Kardile CS, Biradar R, Patil SP, Waware SY. Predicting heat transfer enhancement with twisted tape inserts using
fuzzy logic techniques in heat exchangers. J Mines Met Fuels. 2024;72(7):743-50. https://doi.org/10.18311/jmm{f/2024/45348

[96] Kurhade AS, Siraskar GD, Kondhalkar GE, Darade MM, Yadav RS, Biradar R, Waware SY, Charwad GA. Optimizing aerofoil design: a comprehensive analysis of
aerodynamic efficiency through CFD simulations and wind tunnel experiments. J Mines Met Fuels. 2024;72(7):713-24. https://doi.org/10.18311/jmm{/2024/45361

[97] Kurhade AS, Kadam AA, Biradar R, Bhambare PS, Gadekar T, Patil P, Yadav RS, Waware SY. Experimental investigation of heat transfer from symmetric and
asymmetric IC chips mounted on the SMPS board with and without PCM. J Adv Res Fluid Mech Therm Sci. 2024;121(1):137-47.
https://doi.org/10.37934/arfmts.121.1.137147

[98] Kurhade AS, Siraskar GD, Bhambare PS, Dixit SM, Waware SY. Numerical investigation on the influence of substrate board thermal conductivity on electronic
component temperature regulation. J Adv Res Numer Heat Trans. 2024;23(1):28-37. https://doi.org/10.37934/arnht.23.1.2837

[99] Kurhade AS, Waware SY, Munde KH, Biradar R, Yadav RS, Patil P, Patil VN, Dalvi SA. Performance of solar collector using recycled aluminum cans for drying. J
Mines Met Fuels. 2024 May 1;72(5). https://doi.org/10.18311/jmm{/2024/44643

[100] Kurhade AS, Kardekar NB, Bhambare PS, Waware SY, Yadav RS, Pawar P, Kirpekar S. A comprehensive review of electronic cooling technologies in harsh field
environments: obstacles, progress, and prospects. J Mines Met Fuels. 2024;72(6):557-79. https://doi.org/10.18311/jmmf/2024/45212

[101] Kurhade AS, Waware SY, Bhambare PS, Biradar R, Yadav RS, Patil VN. A comprehensive study on Calophyllum inophyllum biodiesel and dimethyl carbonate
blends: performance optimization and emission control in diesel engines. J Mines Met Fuels. 2024;72(5):499-507. https://doi.org/10.18311/jmm{/2024/45188

[102] Kurhade AS, Biradar R, Yadav RS, Patil P, Kardekar NB, Waware SY, Munde KH, Nimbalkar AG, Murali G. Predictive placement of IC chips using ANN-GA
approach for efficient thermal cooling. J Adv Res Fluid Mech Therm Sci. 2024;118(2):137-47. https://doi.org/10.37934/arfmts.118.2.137147

[103] Waware SY, Chougule SM, Yadav RS, Biradar R, Patil P, Munde KH, Kardekar NB, Nimbalkar AG, Kurhade AS, Murali G, Kore SS. A comprehensive evaluation
of recent studies investigating nanofluids utilization in heat exchangers. J Adv Res Fluid Mech Therm Sci. 2024;119(2):160-72.
https://doi.org/10.37934/arfmts.119.2.160172

[104] Kurhade AS, Murali G, Rao TV. CFD approach for thermal management to enhance the reliability of IC chips. Int J Eng Trends Technol. 2022;71(3):65-72.
https://doi.org/10.14445/2231538 1/IJETT-V7113P208

[105] Kurhade AS, Rao TV, Mathew VK, Patil NG. Effect of thermal conductivity of substrate board for temperature control of electronic components: a numerical study.
Int J Mod Phys C. 2021 Oct 26;32(10):2150132. https://doi.org/10.1142/S0129183121501321

[106] Waware SY, Kore SS, Kurhade AS, Patil SP. Innovative heat transfer enhancement in tubular heat exchanger: an experimental investigation with minijet impingement.
J Adv Res Fluid Mech Therm Sci. 2024;116(2):51-8. https://doi.org/10.37934/arfmts.116.2.5158

[107] Kurhade AS, Murali G. Thermal control of IC chips using phase change material: a CFD investigation. Int J] Mod Phys C. 2022 Dec 28;33(12):2250159.
https://doi.org/10.1142/S0129183122501595

[108] Rami Reddy S, Murali G, Dhana Raju V. Assessment of diethyl ether as a fuel additive on diesel engine characteristics powered with waste mango seed biodiesel
blend. Int J] Ambient Energy. 2022 Dec 31;43(1):3365-76. https://doi.org/10.1080/01430750.2020.1824944

[109] Emeema J, Murali G, Reddi BV, Mangesh VL. Investigations on paraffin wax/CQD composite phase change material: improved latent heat and thermal stability. J
Energy Storage. 2024 Apr 30;85:111056. https://doi.org/10.1016/j.est.2024.111056

[110] Rami Reddy S, Murali G, Dhana Raju V. Influence of decanol as fuel additive on characteristics of diesel engine powered with mango seed biodiesel blend. Int J
Ambient Energy. 2022 Dec 31;43(1):2875-88. https://doi.org/10.1080/01430750.2020.1783356

[111] Tamiloli N, Venkatesan J, Murali G, Kodali SP, Sampath Kumar T, Arunkumar MP. Optimization of end milling on Al-SiC-fly ash metal matrix composite using
TOPSIS and fuzzy logic. SN Appl Sci. 2019;1(10):1204. https://doi.org/10.1007/s42452-019-1191-z

Page 851



