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Bridging Physics and the Environment: Emerging Applications


Abstract
Physics provides fundamental tools and conceptual frameworks for understanding complex environmental systems and processes. Through quantitative methods, modeling, measurement technologies, and theoretical constructs, physics underpins many contemporary approaches to environmental research and management. This review examines the major applications of physics in environmental studies, spanning atmospheric science, hydrology, climate dynamics, remote sensing, air and water quality monitoring, soil physics, and pollution modelling. Key physical principles, including fluid dynamics, thermodynamics, electromagnetic radiation, and mass and energy conservation, are essential for interpreting environmental phenomena from micro- to global scales. Techniques such as remote sensing, radiative transfer, and dispersion modeling are rooted in electromagnetic and fluid physics, offering spatially extensive and temporally resolved data critical for monitoring land cover, water quality, and atmospheric constituents. Physical models and measurement methods like eddy covariance provide direct estimates of energy and gas fluxes between Earth surface and atmosphere, crucial for climate and ecosystem studies. Physics also plays a central role in renewable energy technologies, noise and radiation pollution assessment, and emerging physics-informed computation methods such as physics-informed neural networks for pollutant source localization. By linking fundamental physical laws with environmental applications, this interdisciplinary field enhances predictive capability and informs sustainable policy. A comprehensive understanding of environmental challenges necessitates integrating physical methods with ecological, chemical, and socio-economic insights, positioning physics as indispensable in addressing global environmental change. 

1. Introduction
1.1 Background
Environmental studies encompass the scientific investigation of Earth’s natural systems and the impacts of human activities on these systems, integrating physical, chemical, biological, and social processes to address environmental challenges (Clark & Harley, 2020; Liu et al., 2021). Physics, traditionally focused on the fundamental laws governing matter and energy, has become central to environmental research because it enables quantitative description of processes, predictive modeling, and the development of advanced measurement technologies for complex environmental systems (Wang et al., 2023). Environmental physics applies principles of mechanics, thermodynamics, electromagnetism, fluid dynamics, and radiation to explain phenomena ranging from atmospheric circulation and hydrological flow to pollutant dispersion and ecosystem energy balance (Bhasme et al., 2022). 
Understanding environmental systems increasingly requires quantitative frameworks rather than purely qualitative descriptions. Physics provides mathematical formulations and analytical tools that transform observations into testable scientific explanations and predictive relationships (Kirchner, 2006). For instance, mechanics and fluid dynamics govern water flow in rivers and air circulation in the atmosphere; thermodynamics explains energy fluxes and heat transfer between Earth’s surface and the atmosphere; and electromagnetic theory underpins remote sensing techniques and radiative forcing concepts in climate science (Stephens et al., 2020). The application of these physical principles enables the identification of interactions and feedbacks within environmental systems, thereby improving environmental monitoring, forecasting, and evidence-based decision making (Wang et al., 2023).
1.2 Physics and Environmental Systems
Earth’s environment consists of interconnected subsystems—atmosphere, hydrosphere, lithosphere, and biosphere—whose behavior is governed by fundamental physical laws (Trenberth et al., 2009). Figure 1 illustrates the coupling between Earth’s major environmental subsystems and the physical laws governing their interactions. Atmospheric dynamics are described by equations of motion, conservation of mass and energy, and radiative transfer theory, which collectively determine weather patterns, climate variability, and pollutant transport (Vallis, 2017). Radiative forcing, a core concept in climate physics, quantifies changes in Earth’s energy balance caused by greenhouse gases and aerosols and provides a physical basis for assessing anthropogenic climate change (Piers Forster et al., 2023).
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Figure 1: Schematic representation of interactions among atmospheric, hydrological, soil, and biospheric systems governed by physical laws of mass, momentum, and energy conservation.

Hydrology and oceanography rely heavily on fluid mechanics to understand flow regimes, mixing processes, and energy exchanges in rivers, lakes, and oceans. Numerical models of ocean circulation and water flow are grounded in the Navier–Stokes equations or their approximations to simulate circulation patterns, mixing processes, and momentum transport in aquatic systems (Díaz-Carrasco et al., 2021; Ishikawa et al., 2022; Zarzuelo et al., 2023). These fluid mechanics principles also underpin models of sediment transport, nutrient cycling, and contaminant dispersion through coupled advection–diffusion and turbulence formulations (Díaz-Carrasco et al., 2021; Gianpiero Cossarini et al., 2025).
Soil physics applies physical principles to describe water retention, capillary flow, solute transport, and heat transfer in soils, providing essential knowledge for agriculture, erosion control, and sustainable land management (Guber et al., 2021).
1.3 Measurement and Observation Technologies
Physics underpins the development of modern environmental measurement technologies. Remote sensing techniques exploit the interaction between electromagnetic radiation and matter to retrieve information about Earth’s surface and atmosphere from satellite and airborne platforms (Fu et al., 2024). Sensors operating in optical, infrared, and microwave spectral regions provide data on land cover, vegetation dynamics, water quality, and atmospheric composition, enabling continuous and large-scale environmental monitoring (Chen et al., 2025). Figure 2 summarizes key physics-based environmental measurement technologies and the physical principles underlying their operation.
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Figure 2: Overview of physics-based environmental observation technologies, linking physical principles to measured environmental variables.

Additional physical measurement systems include eddy covariance techniques, which quantify turbulent exchanges of heat, water vapor, and carbon dioxide between ecosystems and the atmosphere (Baldocchi, 2020). These systems rely on high-frequency measurements of wind velocity and scalar concentrations and apply principles of fluid dynamics and statistical physics to estimate surface–atmosphere fluxes critical for understanding ecosystem functioning and climate feedbacks (Peltola et al., 2021; Raut et al., 2025).
1.4 Modelling and Simulation
Mathematical models grounded in physical laws are central to environmental prediction and management (Jakeman et al., 2006). Atmospheric dispersion models use fluid dynamics and advection–diffusion equations to simulate the transport and fate of pollutants under varying meteorological conditions, supporting air-quality assessment and regulatory decision making (Johnson, 2022).
Climate models integrate physical processes across multiple spatial and temporal scales, incorporating radiative transfer, cloud microphysics, convection, and land–surface interactions to simulate climate variability and long-term change. These models provide scientifically robust projections that inform climate mitigation and adaptation policies worldwide (Intergovernmental Panel on Climate Change (IPCC), 2023). More recently, physics-informed machine learning approaches have emerged, embedding physical constraints into data-driven models to improve accuracy, interpretability, and generalization in environmental simulations (Karniadakis et al., 2021).
1.5 Scope and Objectives of This Review
This review synthesizes recent trends in the application of physics within environmental studies, emphasizing core physical theories, methodologies, and technological applications. It explores key areas where physics has significantly advanced understanding and capability, including atmospheric science, hydrology, remote sensing, pollution modelling, soil and water physics, and interdisciplinary applications. The objective is to provide a comprehensive overview that highlights both foundational contributions and innovative directions where physics continues to shape environmental research.
2. Methodology
This review was conducted through a systematic evaluation of peer-reviewed literature, technical reports, and authoritative academic sources focused on the application of physics in environmental studies. Searches were performed across scientific databases using combinations of key terms such as “environmental physics,” “remote sensing environmental applications,” “atmospheric dispersion modeling,” “fluid mechanics environmental flows,” and “soil physics environmental analysis.”
Selection criteria included: (i) focus on physics applications within environmental contexts; (ii) publication in peer-reviewed journals or reputable academic presses; (iii) availability of verified DOIs; and (iv) relevance to contemporary environmental challenges including climate, pollution, and resource monitoring. Both review articles and original research contributions were included to present a balanced perspective on theoretical foundations, measurement tools, and modelling approaches.
Citations were cross-checked for DOI accuracy, and references were integrated throughout the text to ensure traceability and verifiability. Minor exclusion of purely theoretical physics papers with no environmental context ensured relevance to environmental studies.
3. Applications of Physics in Environmental Studies
Physics provides the foundational principles and quantitative tools to analyze environmental systems. Through laws of energy and mass conservation, fluid dynamics, thermodynamics, and electromagnetism, physics enables modeling, monitoring, and prediction of atmospheric, hydrological, and ecological processes, supporting pollution control, climate studies, and sustainable resource management. Table 1 provides an overview of how fundamental physical principles are translated into modelling, measurement, and computational tools across environmental studies.
Table 1: Summary of physics applications in environmental studies
	Environmental Domain
	Core Physical Principles
	Key Methods / Models
	Measured or Simulated Variables
	Representative Applications

	Atmospheric Science & Climate
	Fluid dynamics, thermodynamics, radiative transfer
	Navier–Stokes equations, radiative transfer models, climate models
	Wind velocity, temperature, radiation fluxes, greenhouse gas concentrations
	Weather prediction, climate change assessment, atmospheric circulation analysis

	Air Pollution & Dispersion
	Advection–diffusion, turbulence, particle mechanics
	Gaussian plume models, CFD models, chemistry–transport models
	Pollutant concentration, deposition rates, atmospheric residence time
	Air quality management, emission permitting, exposure and health risk assessment

	Hydrology & Water Physics
	Fluid mechanics, energy conservation, mass balance
	Shallow water equations, Darcy’s law, hydrodynamic models
	Streamflow, groundwater velocity, sediment transport, water temperature
	Flood forecasting, water resources management, contaminant transport analysis

	Soil Physics
	Porous media flow, capillarity, heat transfer
	Richards equation, soil hydraulic models
	Soil moisture, hydraulic conductivity, heat flux
	Irrigation planning, drought assessment, solute transport prediction

	Remote Sensing & Observation
	Electromagnetic radiation, scattering, absorption
	Radiative transfer models, spectral inversion algorithms
	Land cover indices, chlorophyll-a, soil moisture, atmospheric composition
	Environmental monitoring, land-use change detection, ecosystem assessment

	Land–Atmosphere Interactions
	Surface energy balance, turbulence
	Energy balance models, eddy covariance techniques
	Sensible and latent heat fluxes, CO₂ exchange
	Climate feedback analysis, ecosystem–atmosphere coupling

	Renewable Energy Systems
	Thermodynamics, aerodynamics, solid-state physics
	Photovoltaic models, wind flow simulations, hydrodynamic models
	Energy conversion efficiency, power output, flow velocity
	Solar, wind, and hydropower optimization, sustainability assessment

	Physics-Informed Computation
	Conservation laws, governing PDEs
	Physics-informed neural networks, hybrid numerical–ML models
	Pollutant sources, transport parameters, system states
	Environmental forecasting, inverse problems, data-efficient modelling



3.1 Atmospheric Physics and Climate Processes
Atmospheric physics represents one of the most mature and influential applications of physics in environmental studies, providing the theoretical foundation for understanding weather, climate, and atmospheric transport processes (Vallis, 2017). The atmosphere behaves as a compressible, rotating fluid governed by conservation laws of mass, momentum, and energy, which are mathematically formulated through the Navier–Stokes equations, thermodynamic state equations, and radiative transfer equations (Lauritzen et al., 2022; Skamarock et al., 2021; Vallis, 2017). Together, these equations describe atmospheric circulation, weather variability, and large-scale climate dynamics (Peña et al., 2022).
Radiative transfer theory explains the absorption, emission, and scattering of electromagnetic radiation within the atmosphere and is central to quantifying Earth’s energy balance (Govaerts et al., 2022; Intergovernmental Panel on Climate Change (IPCC), 2023). The balance between incoming solar radiation and outgoing terrestrial radiation controls surface temperature, atmospheric stability, and climate sensitivity (Wild & Bosilovich, 2024). The radiative properties of greenhouse gases, including carbon dioxide, methane, and water vapor, modify radiative forcing, a fundamental physical metric used to assess anthropogenic climate change drivers (Forster et al., 2025; Yu et al., 2022). Physics-based radiative forcing calculations therefore form a core component of climate projections assessed by the Intergovernmental Panel on Climate Change (Intergovernmental Panel on Climate Change (IPCC), 2023).
Atmospheric turbulence in the atmospheric boundary layer controls the dispersion, dilution, and vertical mixing of pollutants; these processes are described and quantified by turbulence theory and are represented in dispersion models and large-eddy simulations used for air-quality assessment (Honnert et al., 2020). Turbulent kinetic energy and eddy diffusivity control contaminant transport across spatial scales, directly influencing human exposure and ecosystem impacts (Honnert et al., 2020). Consequently, physics-based turbulence parameterizations are integral to air quality and chemical transport models used in environmental regulation and risk assessment (Appel et al., 2021).
3.2 Air Pollution Physics and Dispersion Modelling
Air pollution research relies extensively on physics-based atmospheric models that represent the transport, chemical transformation, and removal processes governing the fate of contaminants in the atmosphere. (Appel et al., 2021). Atmospheric dispersion modelling is based on fluid-dynamic descriptions of transport and turbulent mixing, commonly formulated using advection–diffusion equations derived from conservation principles (Holmes & Morawska, 2006). While analytical approaches such as Gaussian plume models remain useful for conceptual understanding and screening applications (Hanna & Chang, 2012), modern dispersion studies increasingly apply computational fluid dynamics to resolve airflow and pollutant transport at high spatial and temporal resolution, particularly in complex environments (Blocken, 2015). Physics-based atmospheric dispersion models incorporate meteorological drivers—including wind, atmospheric stability, turbulence, and thermal stratification—to simulate pollutant transport under realistic environmental conditions, and are widely applied in regulatory assessment, emission permitting, emergency response, and urban air-quality management (Appel et al., 2021; Holmes & Morawska, 2006). Atmospheric pollutant removal is governed by physical deposition processes. Dry deposition removes particles and gases from the atmosphere through mechanisms including gravitational settling, inertial impaction, and Brownian diffusion onto surfaces such as soil, vegetation, and water (Seijo et al., 2025). Wet deposition refers to the scavenging of airborne pollutants by cloud water and precipitation (rainout and washout), which transports them to the Earth’s surface (Jiang et al., 2024). Both dry and wet deposition significantly influence the atmospheric residence time of pollutants and their long-range and transboundary transport by acting as major atmospheric sinks for particulate matter and trace substances (Jiang et al., 2024; Seijo et al., 2025).
Recent advances in air quality forecasting have increasingly combined physics-based dispersion and chemistry-transport models with data assimilation techniques and satellite remote sensing observations to improve real-time air quality prediction and exposure assessment. Physics-based models such as the Weather Research and Forecasting model coupled with chemistry (WRF-Chem) or Community Multiscale Air Quality (CMAQ) serve as the dynamical core for simulating pollutant transport and transformations, while data assimilation of satellite retrievals and ground observations significantly enhances model initialization and predictive skill (Li et al., 2025). Satellite instruments like geostationary tropospheric composition sensors (e.g., TEMPO) provide high-frequency trace gas data that, when assimilated into forecast systems, help capture temporal variability in pollutants such as NO₂ and improve representation of diurnal cycles (Abdi-Oskouei et al., 2025). Despite growing interest in machine learning and purely data-driven forecasting approaches, physics-constrained models remain essential for ensuring physical consistency, interpretability, and robustness in predictive air quality systems because they embed fundamental transport, chemistry, and meteorological dynamics that purely statistical models often lack (Abdi-Oskouei et al., 2025; Li et al., 2025). 
3.3 Hydrology and Water Physics
Hydrological processes are fundamentally governed by fluid mechanics, pressure gradients, and energy fluxes operating within surface water and subsurface systems. Physics provides the theoretical basis for hydrology by describing water motion through rivers, lakes, soils, and aquifers using conservation laws of mass, momentum, and energy. Recent reviews of watershed hydrology and mathematical models highlight the derivation of governing equations such as the Saint-Venant and Darcy formulations that arise from conservation principles applied to flowing water in channels and porous media (Sarker & Leta, 2025). Surface water flow in rivers and lakes is controlled by momentum and energy conservation, often expressed through depth-averaged formulations like the shallow water equations and related momentum balances (Kumar et al., 2025). Groundwater flow through porous media is commonly represented using Darcy-based flow laws, which relate hydraulic gradients to volumetric discharge and form the physical foundation of modern groundwater flow and transport modelling frameworks (Gleeson et al., 2020; Simmons et al., 2001) and integrative hydrologic models (Sarker & Leta, 2025).
Hydrodynamic models apply these physical principles to simulate river discharge, flood wave propagation, and sediment transport dynamics. Models using depth-averaged or three-dimensional fluid equations are essential for flood risk assessment, infrastructure design, reservoir operation, and climate-adaptative river basin planning. In such contexts, turbulence, bed shear stress, and dimensionless flow parameters (e.g., Reynolds and Froude numbers) are routinely employed to quantify erosion, transport capacity, and deposition in fluvial environments (Kumar et al., 2025).
Water quality modelling relies on advection–diffusion–reaction equations derived from physical transport theory to simulate the movement and transformation of nutrients, metals, and pollutants in aquatic systems. Advective transport combined with diffusion and reaction terms forms the basis of contaminant dispersion frameworks used in both freshwater and coastal water analysis. These physics-based models enable prediction of contaminant dispersion, residence time, and ecosystem response under varying hydrological conditions (Ngamile et al., 2025).
Remote sensing techniques further support water physics applications by using electromagnetic spectral responses to estimate parameters such as chlorophyll-a, turbidity, and total suspended solids. High-resolution multispectral sensors like Sentinel-2 enable synoptic monitoring of optically active water quality indicators, linking spectral reflectance patterns to physical water properties (Yang et al., 2023).
Thermal physics plays a critical role in aquatic environments by governing heat transfer, stratification, and mixing processes in lakes, reservoirs, and oceans. Thermal stratification influences dissolved oxygen distribution, nutrient cycling, and biological productivity, and its dynamics are studied using physically based limnological models that couple heat and mass transfers (Si et al., 2025). Climate-driven alterations in thermal regimes are increasingly investigated using such models to assess future water quality and ecosystem vulnerability (Sullivan et al., 2025).
Overall, applications of fluid dynamics and thermodynamics enable quantitative prediction of streamflow responses to precipitation, sediment transport, pollutant dispersion, and flood hazards. Modelling frameworks based on the shallow water equations and other conservation formulations provide robust tools for integrating hydrological physics into water resources management and environmental planning (Kumar et al., 2025; Sarker & Leta, 2025).
Figure 3 presents a conceptual diagram of coupled hydrological and soil physical processes, illustrating surface–subsurface water flow pathways and associated energy exchanges governed by physical laws.
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Figure 3: Conceptual diagram of hydrological and soil physical processes, illustrating surface–subsurface flow and energy exchanges.
3.4 Soil Physics and Land–Atmosphere Interactions
Soil physics investigates soils as porous media and focuses on physical processes within the vadose zone, particularly soil–water movement and heat transport, which are governed by pressure gradients and conservation laws. These processes are commonly described using physically based flow and transport equations, allowing quantitative representation of water dynamics in unsaturated soils (Ye et al., 2025). Soil water retention, infiltration, and redistribution are controlled by capillary forces and hydraulic conductivity, which regulate soil moisture dynamics and influence energy exchange between soil and atmosphere (Hohenbrink et al., 2023).
Unsaturated soil–water flow is widely represented using the Richards equation, which is derived from mass conservation principles and physically based relationships for flow in porous media (Ye et al., 2025). Physics-based soil hydrology models employing this framework are increasingly used to predict soil moisture dynamics, assess irrigation efficiency, and simulate vertical water movement through soil profiles under varying boundary conditions (Pinnington et al., 2021; Ye et al., 2025).
Land–atmosphere interactions represent a key interface where soil physics is integrated into land surface and hydrological models. These models use surface energy balance formulations to quantify exchanges of latent heat and sensible heat associated with soil moisture and evapotranspiration processes, providing a physical basis for understanding land–atmosphere coupling. Such physics-based representations are essential for linking soil moisture states to atmospheric processes at local to regional scales (Pinnington et al., 2021).
Soil hydraulic properties, including water retention curves and unsaturated hydraulic conductivity, play a central role in simulating infiltration, redistribution, and storage of soil water (Hohenbrink et al., 2023). Accurate physical characterization of these properties improves the representation of soil moisture dynamics in hydrological models and supports applications related to water resources management, irrigation planning, and drought assessment (Hohenbrink et al., 2023; Pinnington et al., 2021). Furthermore, physically based descriptions of soil hydraulic behavior provide the foundation for modelling solute transport processes in the vadose zone (Ye et al., 2025).
3.5 Renewable Energy and Environmental Sustainability
Physics provides the scientific foundation for the development, optimization, and deployment of renewable energy technologies that are central to environmental sustainability and climate change mitigation, through its role in governing energy conversion processes, energy transport mechanisms, and overall system efficiency. In particular, solar photovoltaic technologies are rooted in solid-state physics and quantum mechanics, where photon absorption, band-gap engineering, and charge carrier transport within semiconductor materials enable the direct conversion of solar radiation into electrical energy (Marques Lameirinhas et al., 2022). Continued advances in photovoltaic device physics, materials engineering, and system integration have resulted in significant improvements in conversion efficiency, operational stability, and long-term reliability of solar energy systems (Torres & Petrakopoulou, 2022).
Wind energy systems are fundamentally governed by aerodynamics and fluid mechanics, with turbine performance controlled by airflow dynamics, turbulence intensity, and wake interactions within wind farms (Asim et al., 2022). Physics-based numerical and experimental modelling approaches are widely applied to optimize turbine blade design and wind-farm layout, improving power output while reducing structural loading and mitigating environmental impacts such as noise and wake-induced efficiency losses (Dong et al., 2023).
Hydropower technologies exploit principles of fluid flow, momentum transfer, and conservation of energy to convert the kinetic and potential energy of moving water into electricity. Physically based hydrodynamic models are essential for regulating flow regimes, optimizing turbine performance, and managing sediment transport in hydropower systems, particularly under variable hydrological and climatic conditions (Rahman et al., 2022).
Environmental physics also plays a critical role in evaluating the environmental impacts associated with renewable energy infrastructure. Physical modelling frameworks are employed to assess noise propagation, thermal effects, hydrodynamic alterations, and electromagnetic interactions linked to energy systems, supporting sustainable planning and mitigation strategies (Rahman et al., 2022; Torres & Petrakopoulou, 2022). Furthermore, physics-based life-cycle assessment approaches quantify energy return on investment, greenhouse gas emissions, and material and energy flows across the entire system life cycle, enabling robust comparison of renewable energy technologies and evidence-based energy policy development (Torres & Petrakopoulou, 2022).
3.6 Emerging Physics-Informed Computational Methods
Recent advances in physics-informed computational frameworks integrate governing physical laws with machine learning architectures to improve accuracy, stability, and interpretability of environmental models (Karniadakis et al., 2021). These approaches explicitly encode conservation laws, constitutive relationships, and boundary conditions into learning algorithms, enabling data-efficient modelling of complex environmental systems governed by partial differential equations (Cuomo et al., 2022).
Physics-informed neural networks (PINNs) have demonstrated particular effectiveness in solving inverse advection–diffusion problems relevant to environmental assessment, including the localization of pollution sources and estimation of transport parameters under sparse observational data (Maulik et al., 2020). By embedding physical constraints directly into neural network loss functions, PINNs reduce overfitting and enforce physically consistent solutions, even when observational data are limited or noisy (Karniadakis et al., 2021). These capabilities make physics-informed methods well-suited for modelling contaminant transport, atmospheric dispersion, and subsurface flow processes where traditional numerical solvers are computationally expensive or ill-posed (Cuomo et al., 2022).
3.7 Physics-Informed Computational and Data-Driven Approaches
Physics-informed computational and data-driven approaches represent a rapidly expanding frontier in environmental modelling, combining physical theory with advances in data science to address multiscale, nonlinear environmental processes (Willard et al., 2023). In these hybrid frameworks, governing equations such as advection–diffusion, Navier–Stokes, and Richards equations are incorporated into machine-learning models to ensure physical consistency while exploiting large observational and simulation datasets (Karniadakis et al., 2021).
Such methods are increasingly applied in atmospheric dispersion modelling, groundwater contamination analysis, and climate system emulation, where they enhance predictive skill while maintaining interpretability and adherence to physical laws (Maulik et al., 2020; Willard et al., 2023). Compared to purely data-driven models, physics-informed approaches demonstrate improved generalization under unseen conditions and greater robustness for scenario analysis and environmental decision support (Cuomo et al., 2022). As computational resources and environmental datasets continue to expand, physics-informed learning is expected to play a central role in next-generation environmental assessment and management frameworks (Karniadakis et al., 2021).
4. Future Perspectives
The future of environmental studies will increasingly rely on physics-based innovations, including improved remote sensing technologies with enhanced spectral and spatial resolution, high-performance computing for climate and dispersion simulations, and advanced sensor networks for real-time environmental monitoring. Physics-informed machine learning holds promise for addressing complex environmental inverse problems, while expanded integration of physics and data science will improve predictive modeling accuracy.
Renewable energy research will benefit from deeper physical insights into material properties and fluid mechanics, driving sustainable energy solutions. Moreover, quantum technologies could offer new avenues for environmental sensing and measurement. Interdisciplinary collaboration between physicists, environmental scientists, and engineers will be paramount to address emerging global challenges such as climate change, ecosystem restoration, and pollution mitigation, enabling comprehensive sustainability strategies.
5. Conclusion
Physics plays an indispensable role in environmental studies by providing essential principles, measurement methods, and analytical frameworks for understanding complex environmental processes. From atmospheric dynamics and climate modeling to hydrology, soil physics, remote sensing, and pollution dispersion, physical laws and computational models form the backbone of environmental research and monitoring.
The integration of physics into environmental applications has advanced our ability to observe, quantify, and predict changes in Earth systems, contributing to informed policy and management decisions. Technological developments rooted in physics—such as satellite remote sensing, eddy covariance flux measurements, and physics-informed computational models—continue to expand the frontiers of environmental science. Furthermore, physics provides foundational insights for sustainable energy technologies that mitigate environmental impacts.
As environmental challenges intensify due to global change and human activities, the role of physics will remain central in addressing these issues. Continued innovation, interdisciplinary research, and integration of physical principles with environmental science will enhance our capacity to protect and sustainably manage the planet.
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