
Current Science Research Bulletin  
Volume 03 (05), May 2026, pp. 102-107 

CrossRef DOI: 10.55677/csrb/03-V03I05Y2026 

Available on: https://csrbjournal.org/ 

e-ISSN: 3050-7103 

p-ISSN: 3050-709X 

 

 

  

Corresponding Author: Nguyen Thanh Tung 102 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/ 

Applications of Density Functional Theory in Modern Materials Research 
 

Nguyen Thanh Tung 

Institute of Green and Sustainable Technology, Thu Dau Mot University, Ho Chi Minh City, Vietnam 

https://orcid.org/0000-0003-0924-2746 

 

ABSTRACT: Density Functional Theory (DFT) is currently one of the most powerful and widely employed quantum mechanical 

methods in modern materials science, condensed matter physics, and computational chemistry. Due to its capability to accurately 

describe the electronic structure of materials at the atomic level with relatively moderate computational cost, DFT has become an 

essential theoretical framework for investigating a broadA range of advanced materials. In recent decades, DFT has played a central 

role in the study of nanomaterials, two-dimensional materials, semiconductors, magnetic materials, catalysts, and optoelectronic 

systems. The method enables researchers to predict and analyze important physical and chemical properties, including electronic band 

structures, density of states, magnetic behavior, optical responses, adsorption mechanisms, and thermodynamic stability. This review 

summarizes the fundamental principles of DFT, including the Hohenberg–Kohn theorems and Kohn–Sham formalism, together with 

commonly used exchange–correlation approximations such as LDA, GGA, hybrid functionals, and DFT+U methods. Furthermore, 

important applications of DFT in gas sensing, energy storage, photocatalysis, and novel material design are discussed in detail. The 

advantages and limitations of DFT are also highlighted, particularly regarding band-gap prediction and strongly correlated systems. 

Finally, future development trends of DFT are presented in the context of artificial intelligence, machine learning, high-performance 

computing, and large-scale materials discovery. 
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1. INTRODUCTION 

Over the past decades, the rapid development of materials science, nanotechnology, and next- generation electronics has significantly 

increased the demand for advanced materials with superior properties for applications in electronics, sensing, energy storage, 

optoelectronics, and quantum technologies. However, experimental investigations at the atomic scale often require substantial cost, 

long processing times, and sophisticated technical conditions. Consequently, computational simulation methods have become essential 

tools for predicting material properties prior to experimental realization [1–3]. 

Among existing quantum mechanical approaches, Density Functional Theory (DFT) is considered the most successful and widely 

adopted method for investigating the electronic structures of materials. The foundation of DFT is based on the two Hohenberg–

Kohn theorems, in which the electron density uniquely determines the ground state of a many-electron system [4]. Subsequently, 

Kohn and Sham developed an effective single-particle formalism that transforms the many-body problem into an equivalent system of 

non-interacting electrons while preserving the electron density [5]. This approach significantly reduces computational cost while 

maintaining high accuracy. 

The total energy of a system within DFT can be expressed as (1): 

E[n(r)] = T[n(r)] + Vext[n(r)] + VH[n(r)] + Exc[n(r)] (1) 

 

Cite the Article: Tung, N.T. (2026). Applications of Density Functional Theory in Modern Materials Research. Current Science Research Bulletin, 

3(5), 102-107. https://doi.org/10.55677/csrb/03-V03I05Y2026 

Publication Date: May 22, 2026 

https://orcid.org/0000-0003-0924-2746
https://doi.org/10.55677/csrb/03-V03I05Y2026


Applications of Density Functional Theory in Modern Materials Research, Vol. 03(05)-2026, pp. 102-107 

  

Corresponding Author: Nguyen Thanh Tung 103 

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/ 

where (T) is the electronic kinetic energy, Vext is the external potential, VH is the classical Coulomb energy, and Exc represents the 

exchange–correlation energy. The Exc term plays a crucial role in determining the accuracy of DFT calculations [6–8]. Nowadays, 

DFT is extensively applied in the investigation of metals, semiconductors, nanomaterials, two-dimensional materials, gas sensors, 

energy storage systems, and electrocatalysts. Computational packages such as VASP, Quantum ESPRESSO, ABINIT, and SIESTA 

have substantially expanded the applicability of DFT in modern materials research [9–12]. 

 

2. THEORETICAL FOUNDATIONS OF DFT 

DFT is based on the principle that all ground-state properties of a many-electron system are uniquely determined by the electron 

density (n(r)). The first Hohenberg–Kohn theorem establishes a one-to-one correspondence between the electron density and the external 

potential of the system, while the second theorem demonstrates that the total energy reaches its minimum value at the true ground-state 

electron density [4]. 

To address practical many-body problems, Kohn and Sham proposed an equivalent non-interacting electron system, leading to the 

Kohn–Sham equation (2): 

 
where Veff is the effective potential including the external potential, Coulomb interaction, and exchange–correlation potential;  i 

(r) denotes the Kohn–Sham orbitals; and i represents the electronic eigenvalues [5]. 

The accuracy of DFT strongly depends on the choice of exchange–correlation functional. Common approximations include: Local 

Density Approximation (LDA); Generalized Gradient Approximation in the Perdew–Burke–Ernzerhof form (GGA-PBE); Hybrid 

functionals such as HSE06; DFT+U for strongly correlated systems. LDA provides relatively accurate results for systems with slowly 

varying electron densities, whereas GGA-PBE significantly improves the accuracy by incorporating electron-density gradients [6]. 

Hybrid functionals such as HSE06 improve the prediction of band gaps and optical properties [8]. For materials containing localized d 

or f electrons, DFT+U is commonly employed to account for Coulomb interactions inadequately described by conventional DFT [13]. 

 

3. APPLICATIONS OF DFT IN MATERIALS RESEARCH 

3.1. Electronic Structure Investigations 

One of the most important applications of DFT is the investigation of electronic structures through calculations of band structures, 

density of states (DOS), and projected density of states (PDOS). These calculations enable the determination of band gaps, Fermi-

level positions, metallic or semiconducting behavior, and orbital hybridization among constituent atoms [1,14]. 

In two-dimensional materials such as Graphene, Silicene, Germanene, and Stanene, the electronic structure is highly sensitive to doping, 

defects, and molecular adsorption [15,16]. Pristine graphene possesses an almost zero band gap, resulting in exceptionally high carrier 

mobility but limiting its applicability in transistor devices [15]. Therefore, extensive efforts have focused on band-gap engineering 

through doping or defect introduction to enhance electronic and sensing performance [17]. For silicene, germanene, and stanene, the 

buckled structure and strong spin–orbit coupling enable flexible tuning of the electronic band structure through external electric fields 

or atomic adsorption [16]. In particular, stanene has been predicted to be a promising topological insulator with a sizable band gap 

induced by strong spin–orbit coupling [18]. 

3.2. Magnetic Property Investigations 

DFT is an effective tool for studying magnetic properties due to its capability to describe spin polarization and magnetic moments at 

the atomic scale. Spin-polarized calculations enable the identification of ferromagnetic (FM), antiferromagnetic (AFM), and 

nonmagnetic (NM) states in materials [19]. Through spin-resolved DOS and PDOS analyses, DFT allows the investigation of orbital 

contributions to the total magnetic moment. The hybridization between the 3d orbitals of transition metals and the p orbitals of host 

materials often plays a crucial role in the emergence of spin polarization [20]. Numerous studies have demonstrated that doping Iron, 

Cobalt, or Nickel into graphene, silicene, or stanene can induce localized magnetic moments and stable ferromagnetic states [21]. This 

phenomenon is particularly important for the development of spintronic materials for spin transistors, magnetic memory devices, and 

quantum components [22]. 

3.3. Gas Adsorption and Sensing Applications 

DFT is extensively employed to investigate the adsorption mechanisms of atoms and gas molecules on nanomaterial surfaces. The 

adsorption energy is commonly defined as (3): 
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Eads =Esystem -Esurface - Egas (3) 

The value of Eads reflects the stability of the adsorbed system and helps distinguish between physisorption and chemisorption [23]. 

Besides adsorption energy, parameters such as bonding distance, charge transfer, charge-density difference, and DOS after adsorption 

are also utilized to analyze sensing mechanisms [24]. In nanoscale gas sensors, electron transfer between gas molecules and the 

sensing material alters the carrier concentration near the Fermi level, thereby changing the electrical conductivity of the sensor. 

Materials such as graphene, MXenes, stanene nanoribbons, and silicene nanoribbons have shown remarkable potential for detecting 

CO, NO₂, NH₃, SO₂, and volatile organic compounds (VOCs) [25–27]. DFT also enables the prediction of sensor recovery 

performance through the relationship between adsorption energy and desorption kinetics. An ideal sensor should exhibit sufficiently 

strong interactions for efficient gas detection while maintaining reversible adsorption for sensor reusability [28]. 

3.4. Optical Property Investigations 

DFT is widely applied in the study of optical properties such as dielectric functions, absorption coefficients, reflectivity, refractive 

indices, and optical conductivity [29]. The complex dielectric function is generally expressed as (4): 

ε(ω) = ε1(ω) + iε2(ω) (4) 

where ε1(ω) is associated with polarization behavior, whereas ε2(ω) represents photon absorption capability [30]. Various optical 

quantities, including absorption and reflection spectra, can be derived from the dielectric function. DFT is particularly useful for 

studying semiconductors and two-dimensional materials such as graphene, MoS2, and Perovskite [15,31]. Optical calculations provide 

valuable insights into optimal absorption regions for solar cells, light-emitting diodes (LEDs), and photocatalytic materials [32,33]. 

Moreover, doping or defect engineering can introduce new electronic states within the band gap, thereby modifying the optical 

absorption and emission characteristics of materials [34]. This is highly significant for the development of optoelectronic devices and 

optical sensors. 

3.5. Energy Material Research 

DFT has become an indispensable tool in the study of energy storage and conversion materials, including lithium-ion batteries, 

sodium-ion batteries, supercapacitors, and electrocatalysts [3,35]. 

In battery research, DFT is employed to investigate the adsorption and diffusion processes of Li⁺ or Na⁺ ions within electrode 

materials. Parameters such as diffusion barriers, adsorption energies, and electrochemical potentials critically determine charging–

discharging performance and battery lifetime [36]. The nudged elastic band (NEB) method is commonly used to identify optimal 

diffusion pathways and ion activation energies [37]. In electrocatalysis, DFT supports the investigation of reactions such as the 

hydrogen evolution reaction (HER), oxygen evolution reaction (OER), and oxygen reduction reaction (ORR) through calculations of 

adsorption energies for reaction intermediates such as H*, O*, OH*, and OOH* [38]. These calculations facilitate the evaluation of 

catalytic activity and identification of rate-limiting steps. 

Numerous nanomaterials, including MXenes, MoS₂, graphene, and perovskites, are currently under intensive investigation for clean-

energy applications owing to their high electrical conductivity and large surface area [26,31,39]. DFT is also employed to evaluate 

thermodynamic stability through formation-energy calculations, phonon spectra, and ab initio molecular dynamics simulations [40]. 

3.6. Design of Novel Materials 

One of the most significant advantages of DFT is its ability to predict novel materials prior to experimental synthesis. Through 

calculations of formation energies, electronic structures, and physical properties, DFT enables rapid screening of promising material 

candidates, thereby significantly reducing research cost and time [41]. 

DFT is currently widely utilized in the design of topological materials, two-dimensional materials, optoelectronic materials, and 

catalytic systems [18,38]. In modern studies, DFT is frequently integrated with artificial intelligence (AI) and machine learning 

techniques to accelerate the discovery of novel materials [42]. 

Databases such as the Materials Project and AFLOW Database provide millions of DFT-generated datasets for high-throughput 

screening and materials informatics applications [43,44]. In addition, graph neural networks are now capable of directly predicting 

material energies and properties with high efficiency without performing full conventional DFT calculations [45]. 

 

4. ADVANTAGES AND LIMITATIONS OF DFT 

DFT possesses several remarkable advantages, including high accuracy in describing electronic structures, significantly lower 

computational cost compared with highly accurate quantum mechanical methods, and the capability to investigate large material 
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systems [1,2]. This method is applicable to a wide range of materials and effectively supports the design of novel materials prior to 

experimental synthesis [41]. Nevertheless, DFT still suffers from several limitations. Standard approximations such as LDA and GGA 

generally underestimate the band gaps of semiconductors and insulators [6]. DFT also encounters difficulties in describing strongly 

correlated systems such as transition-metal oxides or materials containing localized d and f electrons [13]. Furthermore, computational 

cost increases rapidly with system size, and the results strongly depend on the choice of exchange–correlation functional. To 

overcome these limitations, several advanced approaches have been developed, including hybrid DFT, the GW approximation, time-

dependent DFT (TD-DFT), and DFT+U [8,13,46,47]. These methods significantly improve the prediction of band gaps, excited 

electronic states, and strongly correlated systems. 

 

5. FUTURE DEVELOPMENT TRENDS OF DFT 

In the future, DFT is expected to maintain its central role in modern materials science. One of the most significant trends is the 

integration of DFT with AI and machine learning to accelerate the discovery of novel materials [42]. Deep learning models and graph 

neural networks are being developed to directly predict material properties from crystal-structure data [45]. 

In addition, the advancement of high-performance computing (HPC), GPU computing, and exascale computing is enabling DFT to 

handle increasingly large and complex material systems [48]. Multiscale simulations combining DFT with molecular dynamics or 

continuum models are also becoming an important trend in realistic materials research. DFT continues to play a crucial role in the 

investigation of two-dimensional materials, heterostructures, and quantum materials such as topological insulators and Weyl 

semimetals [18,49]. Moreover, DFT is expected to be increasingly applied in the development of intelligent sensors, nanoelectronic 

devices, and clean- energy technologies. 

 

6. CONCLUSION 

Density Functional Theory (DFT) has become a fundamental tool in modern materials science due to its capability to accurately 

describe electronic structures and various physical properties at the atomic scale. DFT has been extensively applied in the 

investigation of electronic structures, magnetic properties, gas adsorption, optical properties, energy materials, and novel material 

design. Although several limitations remain, particularly regarding band-gap prediction and strongly correlated systems, the 

development of hybrid functionals, GW methods, TD-DFT, AI, and HPC technologies is significantly improving the accuracy and 

applicability of DFT. Given its increasingly important role in advanced material design, DFT is expected to remain a dominant 

theoretical framework in the future development of nanomaterials, energy materials, and quantum technologies. 
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