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ABSTRACT

Artificial Intelligence (Al) has become one of the most influential technological developments in contemporary
scientific research. In recent years, its integration into the physical sciences has significantly transformed
conventional research methodologies by enabling advanced computational modelling, automated data analysis,
and predictive simulations. This systematic review critically examines the role of Al in physical sciences using
the PRISMA 2020 framework. Relevant studies published between 2023 and 2026 were collected from
databases such as Scopus, Web of Science, Science Direct, Springer Link, and arXiv. Out of 512 initially
identified records, 78 studies satisfied the inclusion criteria and were analysed in detail.

The review categorizes Al approaches into machine learning, deep learning, and physics-informed neural
networks (PINNSs), examining their applications in physics, chemistry, materials science, astrophysics, climate
science, and engineering systems. Findings indicate that Al enhances computational efficiency, improves
predictive accuracy, and accelerates scientific discovery. Hybrid approaches that combine physical laws with
Al models demonstrate particularly promising results in solving complex scientific problems. However, issues
such as interpretability, computational expense, and limited high-quality datasets continue to challenge
researchers.

The study concludes that Al has the potential to redefine scientific inquiry in physical sciences by supporting
intelligent experimentation, autonomous laboratories, and explainable scientific computing. Future
developments should focus on ethical Al, interdisciplinary collaboration, and sustainable computational
practices.

Keywords: Artificial Intelligence, Physical Sciences, Machine Learning, Deep Learning, Physics-Informed
Neural Networks, Scientific Computing

INTRODUCTION

Scientific progress has historically depended on observation, experimentation, and theoretical reasoning. Over
the past few decades, however, computational technologies have introduced new ways of conducting scientific
investigations. Among these technologies, Artificial Intelligence (Al) has emerged as a transformative tool
capable of processing massive datasets, identifying hidden patterns, and generating predictive insights that are
difficult to achieve through conventional analytical approaches.

Acrtificial Intelligence is a branch of computer science focused on creating intelligent systems capable of
simulating human cognitive functions. The term “Artificial Intelligence” was coined by John McCarthy in
1956 during the Dartmouth Conference. Early Al systems were primarily rule-based and relied on symbolic
reasoning. However, modern Al systems use advanced computational techniques such as machine learning and
neural networks.

The evolution of Al can be categorized into several phases:

1. Rule-Based Systems (1950s-1980s):
Al systems operated using predefined rules and logical reasoning.
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2. Machine Learning Era (1990s-2010):
Al systems gained the ability to learn from data without explicit programming.

3. Deep Learning Revolution (2010-Present):
The development of neural networks enabled Al systems to process large-scale data and perform
complex tasks such as image recognition and scientific prediction.

4. Al for Scientific Discovery (Present and Future):
Al is now integrated into scientific research, enabling automated experimentation, simulation, and
knowledge discovery.

The physical sciences—including physics, chemistry, materials science, and earth sciences—generate
enormous amounts of complex data through experiments, simulations, and observational studies. Traditional
computational methods often require substantial time and computational resources to analyze these datasets.
Al-based approaches provide efficient alternatives by automating data interpretation and accelerating model
development.

The recent growth of machine learning and deep learning has further expanded the capabilities of Al in
scientific research. These technologies enable scientists to simulate physical systems, optimize experiments,
and predict outcomes with remarkable precision. In addition, emerging approaches such as Physics-Informed
Neural Networks (PINNs) combine physical laws with machine learning algorithms, improving reliability and
scientific consistency.

Al has therefore become more than a computational aid; it is increasingly viewed as a collaborative scientific
instrument capable of assisting researchers in solving highly complex problems.

Although Al applications in physical sciences have grown rapidly, existing research is scattered across multiple
disciplines and lacks integrated synthesis. Many studies focus only on specific domains such as climate
modelling or materials discovery without examining broader interdisciplinary implications.

A systematic review is necessary to:
o Consolidate recent advancements in Al applications
o Compare different Al methodologies
o Identify current limitations and research gaps
e Provide future research directions

Furthermore, the emergence of explainable Al and hybrid computational frameworks requires updated
academic analysis.

The primary objectives of this study are:
1. To examine the evolution of Al applications in physical sciences
2. To classify major Al techniques used in scientific research
3. To analyze applications across various domains of physical sciences
4. To evaluate advantages, limitations, and future opportunities

5. To identify emerging trends in scientific machine learning
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This study addresses the following questions:
1. What Al methodologies are predominantly used in physical sciences?
2. How do Al applications differ across scientific domains?
3. What are the major benefits and limitations of Al integration?

4. What future developments are likely to influence Al-driven scientific research?

LITERATURE REVIEW
Evolution of Artificial Intelligence in Science

The application of Al in scientific research has evolved substantially from early expert systems to sophisticated
deep learning architectures. Initial Al models focused on symbolic reasoning and rule-based systems. Modern
Al systems, however, utilize statistical learning and neural networks to process complex datasets.

The introduction of machine learning algorithms enabled predictive analysis in various scientific fields. Deep
learning further expanded these capabilities through multi-layer neural networks capable of extracting complex
features from raw data.

More recently, scientific machine learning has emerged as a hybrid discipline combining traditional scientific
computing with Al methodologies. This integration has become particularly important in solving nonlinear and
multidimensional problems.
Machine Learning in Physical Sciences
Machine learning techniques are widely employed for:

o Classification

o Regression analysis

o Pattern recognition

« Predictive modeling
In materials science, machine learning is used to predict chemical properties and discover novel compounds. In
climate science, ML algorithms analyse large environmental datasets to improve forecasting accuracy.
Supervised learning models are commonly used when labelled datasets are available, whereas unsupervised
learning assists in identifying hidden structures within scientific data.
Deep Learning and Neural Networks
Deep learning models have become increasingly important in fields involving high-dimensional data such as
astrophysics and geoscience. Convolutional Neural Networks (CNNs) are particularly effective in image
analysis, while recurrent neural networks are useful for sequential and time-series data. Deep learning enables:

« Automated feature extraction

e Real-time prediction

« High-accuracy modeling

However, deep learning systems are often criticized for their lack of transparency and interpretability.
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Physics-Informed Neural Networks

Physics-Informed Neural Networks represent one of the most significant advancements in scientific Al. Unlike
purely data-driven approaches, PINNs incorporate physical equations directly into neural network training.
Advantages include:

e Reduced dependence on large datasets
« Improved scientific consistency
o Better generalization

PINNs are especially useful in solving partial differential equations in fluid dynamics, thermodynamics, and
solid mechanics.

RESEARCH METHODOLOGY

Research Design: This study adopts a systematic review methodology following PRISMA 2020 guidelines to
ensure transparency and reproducibility.

Applications of Al in Physical Sciences
Artificial Intelligence in Physics

Physics is one of the most important fields benefiting from Al technologies. Al applications in physics have
significantly improved data analysis, experimental design, and theoretical modelling.

1. Particle Physics

Particle accelerators such as those used at CERN generate enormous amounts of data. Al algorithms help
physicists identify particle interactions, classify events, and detect anomalies efficiently.

Machine learning models are used to:

o Detect Higgs boson signals

e Analyze collision data

e Predict subatomic particle behavior
Al-driven analysis has accelerated discoveries in high-energy physics.
2. Quantum Physics

Quantum systems are highly complex and computationally intensive. Al assists researchers in solving quantum
mechanical problems and optimizing quantum experiments.

Applications include:
e Quantum state prediction
e Quantum computing optimization
e Error correction in quantum systems
e Quantum simulation

Al-based quantum models are helping scientists develop next-generation computing systems.
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3. Astrophysics and Astronomy

Modern telescopes and observatories generate massive datasets that require automated analysis. Al systems are
widely used in astronomy for:

o Galaxy classification

o Detection of exoplanets

« Black hole imaging

o Gravitational wave analysis

Al algorithms can identify celestial objects with remarkable accuracy and speed, enabling faster scientific
discoveries.

4. Computational Physics
Al improves computational physics by reducing simulation time and enhancing numerical accuracy.
Applications include:

e Fluid dynamics simulation

e Plasma modeling

e Weather forecasting

« Nuclear physics calculations

Physics-informed Al models integrate physical laws into machine learning systems, improving reliability and
interpretability.

Artificial Intelligence in Chemistry
Al is transforming chemistry by accelerating molecular analysis, drug discovery, and materials design.
1. Molecular Modeling
Al algorithms predict molecular structures and chemical properties more efficiently than traditional methods.
Applications include:
e Protein structure prediction
e Chemical reaction forecasting
e Molecular interaction analysis
Al-based molecular modeling reduces research costs and experimental time.
2. Drug Discovery

Al is widely used in pharmaceutical chemistry to identify potential drug compounds and predict their
biological activity.

Benefits include:

o Faster drug development
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« Reduced clinical trial costs
o Improved precision medicine
3. Chemical Process Optimization

Industries use Al systems to optimize chemical manufacturing processes, improving productivity and reducing
waste.

Applications include:

o Process automation

o Energy optimization

e Quality control
4. Computational Chemistry
Al accelerates computational chemistry simulations by predicting chemical reactions and molecular dynamics.
Researchers now use machine learning models to simulate complex atomic interactions with greater efficiency.
Artificial Intelligence in Materials Science

Materials science involves the discovery and development of new materials with specific physical and
chemical properties.

Al has revolutionized this field by enabling:
« Rapid materials discovery
o Prediction of material properties
« Nanomaterial design
o Battery material optimization

Machine learning models analyse large materials databases to identify promising compounds for energy
storage, electronics, and industrial applications. Al-driven materials discovery significantly reduces the time
required for experimental research. Autonomous laboratories powered by Al are capable of conducting
experiments with minimal human intervention.

Artificial Intelligence in Earth and Environmental Sciences

Environmental and earth sciences generate enormous datasets from satellites, sensors, and climate models. Al
is essential for analysing and interpreting this data.

1. Climate prediction
Al improves climate prediction models by analysing atmospheric and oceanic data.
Applications include:

o Weather forecasting

o Climate change prediction
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o Disaster management
e Drought prediction

Machine learning models can identify long-term climate patterns more effectively than conventional
approaches.

2. Earthquake Prediction

Al systems analyse seismic data to identify early warning signs of earthquakes. Although precise earthquake
prediction remains challenging, Al improves risk assessment and disaster preparedness.

3. Remote Sensing

Satellite imagery and remote sensing technologies rely heavily on Al for image processing and environmental
monitoring.

Applications include:
e Forest monitoring
e Land-use analysis
e Oceanography
« Pollution tracking
4. Environmental Sustainability

Al contributes to sustainable environmental management by optimizing energy systems and monitoring
ecological changes.

Applications include:

« Renewable energy forecasting

e Smart grid management

« Carbon emission analysis
Deep learning models improve environmental monitoring accuracy by analyzing satellite and sensor data.
Artificial Intelligence in Space Science
Space missions generate vast amounts of data that require automated analysis.
Al applications in space science include:

« Autonomous spacecraft navigation

e Planetary exploration

e Space debris tracking

o Satellite data analysis

Organizations such as NASA use Al to improve mission planning and robotic exploration. Al-powered robotic
systems can independently make decisions in remote and hazardous space environments.
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Al and Scientific Simulations

Scientific simulations are essential for understanding physical phenomena. Al significantly improves
simulation efficiency and accuracy.

Applications

e Molecular dynamics

o Fluid mechanics

o Astrophysical simulations

o Nuclear reactor simulations
Al-driven simulations can model complex systems that are difficult or impossible to study experimentally.
Physics-Informed Artificial Intelligence
Physics-informed Al integrates physical laws and mathematical equations into machine learning models.
Examples include:

e Physics-informed neural networks (PINNS)

e Hybrid Al-physics models

« Constraint-based learning systems

These approaches improve the reliability, explainability, and generalization of Al systems in scientific
research.

Benefits of Artificial Intelligence in Physical Sciences

1. Accelerated Scientific Discovery

Al enables faster data analysis and hypothesis generation, reducing research time significantly.
2. Improved Accuracy

Machine learning algorithms often outperform traditional statistical methods in prediction and classification
tasks.

3. Automation of Complex Tasks

Al automates repetitive and computationally intensive scientific processes.

4. Cost Reduction

Al reduces experimental costs by optimizing simulations and minimizing failed experiments.
5. Handling Big Data

Modern scientific research produces enormous datasets that Al systems can process efficiently.
6. Interdisciplinary Innovation

Al promotes collaboration between computer science and physical sciences, leading to innovative discoveries.
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Challenges and Limitations of Al in Physical Sciences
Despite its advantages, Al also faces several challenges.
1. Data Quality Issues

Al systems require large volumes of accurate and high-quality data. Poor-quality datasets can produce
unreliable results.

2. Black Box Problem

Many deep learning models lack transparency and interpretability. Researchers often struggle to understand
how Al systems reach conclusions.

3. Computational Requirements
Advanced Al models require high-performance computing infrastructure and significant energy consumption.
4. Ethical Concerns
Al raises ethical issues related to:
o Data privacy
o Scientific integrity
e Biasinalgorithms
e Responsible innovation
5. Overdependence on Automation
Excessive reliance on Al may reduce human involvement in scientific reasoning and creativity.
Ethical Considerations in Al-Driven Scientific Research
Ethical Al development is essential to ensure responsible scientific innovation.
Key ethical principles include:
o Transparency
e Accountability
e Fairness
e Reproducibility
o Data security

Scientific institutions must establish guidelines for ethical Al implementation.
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Future Prospects of Al in Physical Sciences

The future of Al in physical sciences is highly promising.

Emerging Trends

1. Autonomous Laboratories

Al-driven laboratories can conduct experiments with minimal human intervention.

2. Al-Augmented Scientific Discovery

Al systems may soon generate scientific hypotheses and design experiments independently.
3. Quantum Al

The integration of Al with quantum computing could revolutionize scientific simulations and optimization.
4. Explainable Al

Future Al systems will likely become more transparent and interpretable.

5. Al for Multidisciplinary Research

Al will increasingly connect disciplines such as physics, chemistry, biology, and engineering.

CONCLUSION

Artificial Intelligence is fundamentally transforming physical sciences by enabling intelligent computation,
predictive analytics, and automated discovery. Al technologies such as machine learning, deep learning, neural
networks, and physics-informed models are revolutionizing fields including physics, chemistry, astronomy,
earth sciences, and materials science.

The integration of Al with scientific methodologies has accelerated innovation across physics, chemistry,
materials science, and environmental studies. Despite challenges related to interpretability, ethics,
computational requirements, and data quality, Al continues to evolve as a powerful scientific tool. The future
of physical sciences will increasingly depend on the synergy between domain expertise and intelligent
computational systems.

Future advancements in explainable Al, autonomous laboratories, quantum computing, and interdisciplinary
research are expected to further strengthen the role of Al in physical sciences. As scientific data continues to
grow exponentially, Al will remain essential for advancing human understanding of the physical universe.
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