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ABSTRACT: Density functional theory (DFT) has become one of the principal theoretical frameworks for 

investigating the electronic structure, energetics and properties of atoms, molecules, solids and interfaces. Its 

importance arises from its favorable balance between computational cost and predictive capability compared with many 

wavefunction-based electronic-structure methods. Rather than treating the many-electron wavefunction as the primary 

variable, DFT expresses ground-state properties through the electron density, while the Kohn–Sham formulation 

provides a practical route for solving the resulting equations. DFT is not a single computational method; its predictive 

capability depends strongly on the choice of exchange–correlation functional, basis representation, pseudopotential or 

core treatment, spin treatment, treatment of dispersion and, for correlated systems, possible Hubbard-type corrections. 

This review presents a concise overview of the theoretical foundations of DFT and the major approximations used in 

modern calculations. The practical workflow from structural preparation and convergence testing to geometry 

optimization, electronic-structure calculations and property analysis is discussed. Applications in molecular chemistry, 

materials discovery, defects, catalysis, photocatalysis and energy-storage materials are highlighted. Current limitations, 

including delocalization error, band-gap underestimation, strong electron correlation, finite-temperature effects and 

model-size limitations, are also examined. Finally, the integration of DFT with high-throughput computation, machine 

learning, multiscale modeling and inverse materials design is discussed. These developments are transforming DFT 

from an individual calculation technique into a central component of data-driven computational science. 

 

KEYWORDS: Density functional theory; DFT; Kohn–Sham equations; exchange–correlation functional; first-

principles calculations; computational materials science; electronic structure; machine learning 

 

I. INTRODUCTION 

 

Modern chemistry, physics and materials science increasingly require an understanding of matter at atomic and 

electronic length scales. Experimental methods provide indispensable structural, spectroscopic and macroscopic 

information, but microscopic quantities such as charge redistribution, defect energetics, orbital interactions and reaction 

pathways can be difficult to determine directly. Computational electronic-structure methods provide a complementary 

route by solving, approximately, the quantum-mechanical problem underlying these properties. Among these 

approaches, DFT has become one of the most widely used frameworks because it provides a practical compromise 

between accuracy and computational cost for diverse molecular and condensed-matter systems [1]. The central idea of 

DFT is that ground-state properties of an interacting electron system can be expressed in terms of the electron density 

rather than the complete many-electron wavefunction. For an N-electron system, the wavefunction depends on 3N 

spatial coordinates, whereas the density depends only on three spatial coordinates. The Kohn–Sham formulation makes 

this reduction computationally useful by replacing the interacting system with an auxiliary non-interacting system that 

has the same ground-state density. Modern DFT is therefore best understood as a family of related approaches that 

share a density-based framework but differ in their treatment of exchange and correlation [2]. 

 

DFT is now applied to molecular structure, crystal stability, magnetism, electronic bands, defects, surfaces, adsorption, 

interfaces, reaction mechanisms, optical response and energy-related materials. It also provides quantum-mechanical 

reference data for machine-learning potential and multiscale models. The combination of electronic-structure theory 

with higher-level simulation and data-driven methods has created a computational hierarchy in which information can 

be transferred from the atomic scale to larger spatial and temporal scales [3]. 
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II. THEORETICAL FOUNDATIONS OF DENSITY FUNCTIONAL THEORY 

 

2.1 From the many-electron problem to electron density 

The non-relativistic electronic structure of a system is formally governed by the time-independent Schrödinger 

equation, but direct solution becomes rapidly impractical as the number of interacting electrons increases. Approximate 

wavefunction methods can offer very high accuracy for small systems, yet their cost often grows steeply with system 

size. DFT changes the primary variable from the many-electron wavefunction to the electron density ρ(r). The 
Hohenberg–Kohn framework establishes that the ground-state density uniquely determines the external potential and 

therefore the ground-state properties, while the corresponding variational principle states that the correct ground-state 

density minimizes the total-energy functional. 

 

2.2 The Kohn–Sham formulation 

Kohn and Sham introduced an auxiliary system of non-interacting electrons having the same ground-state density as the 

real interacting system. The total energy can be written schematically as 

 

E[ρ] = Tₛ[ρ] + Eₑₓₜ[ρ] + E_H[ρ] + Eₓc[ρ] + EII 
 

where Tₛ is the kinetic energy of the non-interacting Kohn–Sham electrons, Eₑₓₜ is the electron–nucleus interaction, E_H 

is the classical Hartree electron–electron term, Eₓc is the exchange–correlation contribution and EII represents ion–ion 

interactions in a periodic solid. The practical calculation proceeds through a self-consistent-field (SCF) cycle: an initial 

density is used to construct an effective potential, the Kohn–Sham equations are solved, a new density is generated and 

the process is repeated until the chosen energy, density or residual thresholds are satisfied. 

 

[−½∇² + vₑff(r)] φᵢ(r) = εᵢφᵢ(r) 
 

 
 

Figure 1: Schematic self-consistent Kohn–Sham cycle. An initial electron density is used to construct the 

effective potential, the Kohn–Sham equations are solved to obtain orbitals and a new density, and the procedure 

is repeated until convergence. 
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2.3 Conceptual and chemical information from DFT 

Beyond total energies and structures, DFT can provide descriptors used to interpret chemical reactivity. Conceptual 

DFT relates quantities such as chemical potential, electronegativity, hardness, softness and Fukui functions to responses 

of the electron density. Fukui functions are commonly used to identify regions that are more susceptible to electrophilic 

or nucleophilic attack [4]. These descriptors are best treated as model-dependent indicators: the numerical values can 

vary with the exchange–correlation functional, population analysis and basis representation. 

 

III. EXCHANGE–CORRELATION FUNCTIONALS AND MAJOR APPROXIMATIONS 

 

3.1 The exchange–correlation problem 

The exchange–correlation functional contains the most difficult many-body contribution in practical Kohn–Sham DFT. 

It includes exchange associated with antisymmetry as well as correlation beyond the classical Hartree description. 

Because the exact functional is unknown, every practical DFT result contains an approximation. There is consequently 

no universal functional that is optimal for every property, chemical environment or material. Method selection should 

be guided by the scientific question and by benchmarking against suitable reference data [5]. 

 

3.2 Local, semilocal and hybrid functionals 

The local-density approximation depends on the density at each point, whereas generalized-gradient approximations 

additionally depend on density gradients. Meta-GGA methods introduce further local information and can improve 

selected energetic and structural properties while retaining moderate computational cost. Hybrid functionals add a 

fraction of exact nonlocal exchange and usually improve the treatment of localized charge-transfer and band-gap-

related phenomena, although at greater computational expense. Range-separated hybrids can provide material-

dependent screening and have shown improved band-gap predictions across broad classes of semiconductors and 

insulators [6]. 

 

3.3 Delocalization and self-interaction errors 

Common approximate functionals can exhibit delocalization error, closely related to self-interaction and incorrect 

piecewise-linear behavior. Consequences can include excessive charge spreading, inaccurate reaction barriers, incorrect 

fractional-charge behavior and unreliable defect localization. Density-corrected DFT provides a useful framework for 

distinguishing errors caused by the approximate functional from errors introduced by the density itself and can improve 

selected classes of chemical calculations [7]. 

 

3.4 DFT+U for localized electrons 

Systems containing localized d or f electrons are often difficult to describe with semilocal functionals. DFT+U adds an 

on-site interaction correction to selected localized orbitals and can improve localization, magnetic ordering and some 

electronic properties. The numerical U value is not universal, however. Physically motivated procedures that connect U 

to piecewise linearity or polaron localization are increasingly preferred to choosing U solely to reproduce a target band 

gap [8]. 

 

Molecular-orbital formulations of DFT+U have also been developed for cases where the relevant electronic states are 

delocalized across chemically interacting centers. Such approaches demonstrate that the meaning and implementation 

of a Hubbard correction should be considered in relation to the electronic structure being modeled [9]. 

 

3.5 Dispersion interactions 

Semilocal functionals do not accurately describe long-range London dispersion. Dispersion corrections or nonlocal 

correlation treatments are therefore important for molecular crystals, adsorption, layered materials and weakly bound 

interfaces. Omitting dispersion can produce incorrect equilibrium structures and adsorption energies even when 

conventional chemical bonding is reasonably described. 

 

IV. PRACTICAL DFT WORKFLOW 

 

4.1 Structural model and computational representation 

A reliable calculation starts with a physically meaningful structural model. Molecules may be treated as isolated 

systems or embedded in cluster models, while crystals and surfaces are commonly represented using periodic boundary 
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conditions. Defects generally require supercells large enough to reduce interactions between periodic images. Plane-

wave representations with pseudopotentials or projector-augmented-wave approaches are particularly common for 

periodic solids, whereas localized atomic-orbital bases can be efficient for molecular and large-scale calculations. 

 

4.2 Convergence testing 

Numerical convergence should be tested with respect to parameters such as plane-wave cutoff, charge-density cutoff, k-

point sampling, smearing width and supercell size. Convergence of total energy alone is insufficient if the target 

property is a force, band gap, phonon frequency, adsorption energy or defect formation energy. Automated high-

throughput workflows increasingly standardize these tests while allowing thousands of materials to be treated 

consistently [10]. 

 

4.3 Geometry optimization 

Geometry optimization minimizes the forces acting on atoms and, where appropriate, optimizes the lattice parameters. 

Electronic self-consistency and structural relaxation are distinct requirements: an SCF cycle can be fully converged for 

a structure that is not at a local energy minimum. Reliable calculations therefore use both energy/density convergence 

criteria and force-based structural thresholds. 

 

4.4 Electronic-structure calculations 

After structural optimization, electronic properties can be calculated. A band structure traces one-electron eigenvalues 

along selected reciprocal-space paths, while the density of states (DOS) provides an energy-resolved measure of 

available states. Projected DOS (PDOS) resolves contributions associated with elements or orbitals. These quantities 

can be used to analyze bonding, orbital hybridization, band-edge character and metallic or semiconducting behavior. 

 

 
 

Figure 2: Schematic DFT band structure of a semiconductor. The valence and conduction bands are separated 

by an energy gap, while the horizontal dashed line marks a reference Fermi level. 
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Figure 2: Representative DFT electronic-structure visualization combining band dispersion with total and 

projected density of states. 

 

4.5 Defects and disorder 

Defects can profoundly modify electronic, optical, mechanical and transport properties. Vacancies, substitutions, 

interstitials, antisites and defect complexes are commonly investigated using periodic supercells. Defect formation 

energies can be evaluated for multiple charge states and chemical environments. Charged-defect calculations require 

careful treatment of electrostatic finite-size effects, potential alignment, chemical potentials and Fermi-level 

dependence. High-throughput benchmarks show that semilocal DFT can be effective for trend analysis, but quantitative 

defect energetics can remain sensitive to band-gap and localization errors [11]. 

 

 
 

Figure 4. Schematic defect formation energies as a function of Fermi level. Different charge states can become 

thermodynamically preferred over different Fermi-level ranges, with transition levels corresponding to 

intersections of charge-state formation-energy lines. 
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Temperature is also important. Conventional ground-state calculations generally represent the electronic ground state 

near zero temperature, whereas real materials contain thermally activated defects and vibrational contributions. Finite-

temperature free-energy corrections can therefore be required when computational predictions are compared with 

equilibrium defect concentrations or high-temperature processing conditions [12]. 

 

V. MAJOR APPLICATIONS OF DFT 

 

5.1 Molecular structure and chemical reactivity 

In molecular chemistry, DFT is widely used to predict optimized geometries, relative energies, vibrational frequencies, 

charge distributions, electronic orbitals and reaction pathways. Its favorable computational scaling enables calculations 

for substantially larger systems than many highly correlated wavefunction methods. Frontier orbitals such as the 

HOMO and LUMO are often used to interpret qualitative trends in electron donation, electron acceptance and chemical 

reactivity. 

 

 
 

Figure 5. Conceptual HOMO–LUMO representation. Frontier orbital separation is frequently used as a 

qualitative descriptor of molecular electronic structure and chemical reactivity.  

 

5.2 Materials discovery and high-throughput screening 

DFT is increasingly used to screen large chemical spaces before experimental synthesis. Candidate materials can be 

ranked according to formation energies, electronic structure, mechanical properties, adsorption behavior or other 

application-specific descriptors. High-throughput databases are especially useful because they transform DFT from a 

sequence of isolated calculations into a systematic search over composition and structure space [13]. 

 

5.3 Defect engineering 

Defects are central to semiconductor and functional-material design because they can donate or trap charge, modify 

optical response and control transport. DFT can calculate formation energies, charge-transition levels and defect-state 

localization. For compositionally complex materials, the number of possible configurations grows rapidly, motivating 

combinations of DFT with automated enumeration, statistical sampling and machine learning [14]. 

 

5.4 Catalysis 

Catalysis is one of the most established applications of DFT. Adsorption energies, transition-state geometries and 

reaction barriers can be used to build microscopic mechanisms for surface reactions. Nevertheless, the reliability of 

catalytic predictions depends on the treatment of surface structure, adsorbate coverage, solvent, temperature and 
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reaction environment. A recent practical guide emphasizes model selection and methodological consistency as central 

requirements for reliable homogeneous and heterogeneous catalyst calculations [15]. 

 

5.5 Photocatalysis 

DFT is also widely used for photocatalytic materials. Band-edge positions, charge localization, adsorption 

configurations and reaction energetics can help identify suitable photocatalytic pathways. Ground-state DFT alone, 

however, does not fully describe excited-state dynamics, electron–hole separation or nonadiabatic relaxation. Time-

dependent approaches and many-body methods may be required when explicit excited-state processes are central to the 

mechanism [16]. 

 

5.6 Energy-storage materials 

For batteries and supercapacitors, DFT can provide adsorption energies, ion-binding characteristics, diffusion pathways 

and structural-stability trends. Such information helps explain how composition and crystal structure influence 

electrochemical behavior and can support screening of new electrode or host materials. The value of DFT is greatest 

when calculations are connected to experimentally measurable descriptors rather than interpreted as direct substitutes 

for electrochemical performance tests [17]. 

 

VI. DFT, DYNAMICS AND BEYOND-DFT METHODS 

 

6.1 Time-dependent DFT 

Time-dependent DFT (TDDFT) extends density-functional ideas to time-dependent phenomena and is widely used for 

excitation energies, optical spectra and electronic response. A major limitation is that commonly used adiabatic 

approximations lack the full memory dependence of the exact exchange–correlation functional. This becomes 

important for long-range charge transfer and strongly nonadiabatic processes, motivating continued development of 

improved time-dependent functionals [18]. 

 

6.2 Ab initio molecular dynamics 

In ab initio molecular dynamics (AIMD), quantum-mechanical forces are recalculated as atoms move. AIMD can 

therefore describe structural fluctuations, surface reactions, solvation and finite-temperature behavior without relying 

solely on empirical force fields. The main limitation is computational cost: a long trajectory may require thousands of 

DFT calculations. This cost motivates machine-learning force fields and other acceleration strategies. 

 

6.3 Multiscale modeling 

Many technological processes occur on length and time scales inaccessible to direct DFT. Multiscale strategies address 

this limitation by transferring quantum-mechanical energetics to atomistic and continuum models. DFT can therefore 

serve as a high-fidelity reference layer within a larger hierarchy that connects electronic structure with mesoscopic or 

macroscopic behavior [3]. 

 

VII. DFT COMBINED WITH MACHINE LEARNING 

 

7.1 High-throughput computational design 

High-throughput DFT changes the emphasis from individual calculations to systematic exploration. Automated 

workflows can construct structures, perform SCF and relaxation calculations, evaluate derived properties and store 

standardized results. The resulting datasets provide a foundation for machine-learning models that discover 

relationships between composition, structure and property [19]. 

 

7.2 Machine-learning interatomic potentials 

Machine-learning interatomic potentials aim to reproduce DFT energies and forces at a much lower computational cost. 

Once trained and validated, these models can enable simulations containing many more atoms and much longer 

trajectories than direct DFT. Their main challenge is transferability: a potential trained on one chemical or structural 

regime may fail when exposed to configurations absent from the training set. Robust validation and uncertainty-aware 

data selection are therefore essential [20]. 
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Figure 6. DFT-guided machine-learning simulation workflow. High-fidelity DFT data are used to train an 

interatomic potential, which is validated and then employed for larger-scale molecular dynamics; active learning 

can identify configurations that require additional DFT calculations.  

 

7.3 Machine learning in catalysis and materials discovery 

Catalysis is particularly suitable for the combination of DFT and machine learning because the number of possible 

surfaces, compositions and reaction intermediates can be very large. Machine-learning models can use DFT-derived 

descriptors to accelerate screening, while active-learning strategies can decide which new quantum calculations are 

most informative. Recent work on heterogeneous catalysis shows how this approach can reduce the gap between 

idealized DFT models and the complexity of realistic catalytic systems [21]. 

 

VIII. LIMITATIONS AND BEST PRACTICES 

 

DFT should not be viewed as an exact numerical replacement for experiment. Results depend on the structural model, 

boundary conditions, exchange–correlation functional, core-electron treatment, basis or cutoff parameters, k-point 

sampling, spin configuration, convergence criteria and post-processing choices. A calculation can be numerically 

converged while still being physically inappropriate. 

 

Best practice therefore requires explicit convergence testing, physically justified model construction and, when 

necessary, comparison of more than one methodological level. Magnetic systems should be tested across plausible spin 

configurations. Surface calculations should consider slab thickness and vacuum separation. Charged defects require 

electrostatic corrections and careful chemical-potential definitions. For temperature-dependent phenomena, vibrational 

and configurational contributions should be considered where they are important [12]. 

 

It is also important to distinguish thermodynamic stability from kinetic accessibility. A favorable formation energy 

does not prove that a phase will form experimentally on a useful timescale. Similarly, a calculated adsorption energy 

does not directly equal catalytic activity because real surfaces can reconstruct, change coverage, experience solvent and 

electric-field effects, and fluctuate thermally. 

 

IX. EMERGING DIRECTIONS AND FUTURE PERSPECTIVES 

 

The future of DFT is increasingly connected to automated computational workflows, large materials databases, 

machine learning and inverse design. Rather than performing isolated calculations manually, modern platforms can 
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generate structures, execute calculations, validate convergence, extract descriptors and prioritize candidates for higher-

level calculations or experiment [22]. 

 

Inverse materials design represents a major conceptual shift: instead of starting with candidate structures and predicting 

properties, the process begins with a desired performance target and searches for structures likely to achieve it. 

Generative artificial intelligence is being explored for this purpose, although physical validity, uncertainty and 

experimental synthesizability remain important constraints [23]. 

 

Sustainable-energy research also benefiting from the convergence of DFT, high-performance computing and artificial 

intelligence. Computational workflows can reduce the number of experimentally synthesized candidates and help 

identify mechanisms that are difficult to probe directly. Recent energy-materials studies increasingly combine DFT 

with machine learning to connect quantum-mechanical descriptors to accelerated materials discovery [24]. 

 

A likely long-term direction is an integrated cycle in which DFT supplies high-fidelity reference data, machine-learning 

models accelerate exploration, active learning identifies the most informative new calculations and experimental 

feedback continually updates the design space. In this framework, DFT remains the quantum-mechanical foundation 

while complementary methods extend its reach to much larger systems and more complex decision problems. 

 

X. CONCLUSION 

 

Density functional theory has become a foundational tool in computational chemistry, physics and materials science 

because it provides access to atomic-scale electronic information at a computational cost compatible with many 

realistic systems. The Kohn–Sham framework transforms the many-electron problem into a self-consistent density-

based calculation, while practical accuracy depends strongly on the exchange–correlation approximation and physical 

model. Semilocal functionals remain valuable for many applications, whereas hybrid functionals, DFT+U, dispersion 

treatments and time-dependent approaches provide additional capabilities. DFT is now central to research on molecular 

reactivity, materials discovery, defects, catalysis, photocatalysis and energy storage. At the same time, limitations 

including delocalization error, band-gap inaccuracies, strong correlation, finite-temperature effects and model-size 

constraints must be recognized. The integration of DFT with high-throughput computation, machine learning, 

multiscale modeling and inverse design is expanding computational science from isolated calculations toward 

increasingly predictive and automated materials-discovery workflows. 
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