


Abstract
[bookmark: _GoBack]Powder X-ray diffraction (PXRD) is a technique that has come a long way since the days of classical crystallography and is nowadays a powerful tool for the data-driven characterization of a wide variety of materials. In this work we discuss the theoretical basis for PXRD, the various options available for the experimental setup, as well as the current state of affairs in applying PXRD in areas such as nanotechnology, pharmaceuticals, additive manufacturing and energy materials. In particular, we show how PXRD can be used in combination with transmission electron microscopy and solid-state NMR to obtain insights at multiple length scales and high resolution. We particularly focus on the possibilities and challenges in machine learning assisted data analysis, and how high-throughput computational modeling can be used for fast phase identification, real-time monitoring and even materials discovery. We illustrate some of the current challenges in PXRD data analysis, including the quantification of amorphous content, handling of complex data, and model transferability, and present a number of robust, interpretable and scalable solutions to these problems. In this way, we illustrate the current and future possibilities of this technique within the next generation of materials research.
1 Introduction
Theoretical basis, instrumentation and applications of Powder X-ray diffraction in the material science have been studied. The potential of the Powder XRD for phase identification and study of the structure as well as combined application with other analytical methods for comprehensive study of the materials have been shown1. We therefore extended the chain-based algorithm used for crystallographic analysis of molecular materials in order to answer this challenge and provide reliable phase-identification by X-ray diffraction (XRD) techniques, being crucial to exploit their properties as well. Here, we give an overview of Powder XRD principles, instrumentation and applications; as well as aspects of methodological developments and future research directions1.
2 Properties Identification in Chemical Compounds
X-ray diffraction (XRD) is discussed as a tool for the identification of the structural properties and identification of various compounds. XRD applications in drug design and material science are covered and its capability in determining the level of crystallinity and purity of materials is demonstrated2. Based on the results obtained, highly acidic reduced graphene oxides were incorporated into polystyrene to form nanocomposites that exhibit enhanced electrical and mechanical properties. Results obtained from several analyses demonstrate marked interactions between graphene oxide and the polymer chains resulting in enhanced applicability of the resulting material for thin films3.
 In this manuscript we discuss about some characteristic feature of new nano crystalline ceramic superconductor, PbSrCaCuO synthesized by solid state reaction route. The structural analysis of the material is carried out by X-ray Diffraction (XRD). Different physical techniques are used to establish the superconducting orthorhombic phase. Micro structural details, size and strain of the superconductor are determined by Williamson-Hall Plot method4.
3 Structure Determination
It present a new approach for determining absolute structure of chiral crystals, based on forbidden Bragg reflections and circularly polarized X-rays. The method, which does not require anomalous dispersion, exhibits large differences in intensity between left and right circularly polarized beams and we report some experimental results obtained on a quartz crystal5. 
In this paper an automated method for generating crystal structures from X-ray diffraction (XRD) patterns is presented. Unlike most existing methods, our method, called Evolv&Morph, does not rely on any existing database to search for matching structures. Instead, the structure is evolved within the allowed crystal morphing range using an evolutionary algorithm. In terms of similarity, over 99% similarity is obtained for simulated data and above 96% for experimental data6.
4 Phase Identification and Quantification
An adaptive X-ray diffraction (XRD) method that incorporates machine learning (ML) techniques is developed for autonomous phase identification. In-line, real-time detection of materials and even unstable intermediate phases occurring in situ during solid-state reactions can be achieved. Autonomous phase identification by the adaptive in-line XRD method combined with ML techniques allows for efficient measurement and accurate identification of reactants and products. Autonomous in-line XRD methods with ML combined with in situ XRD measurements provide the possibility for real-time quality control in materials characterization processes7. A novel neural network based method for the automated identification and quantification of mineral phases from X-ray diffraction (XRD) data is presented. The method was trained on synthetic datasets and utilizes the large number of high energy XRD scans from synchrotron XRD computed tomography data8. It present a machine learning-based method to improve automatic phase identification from X-ray diffraction (XRD) data. Simulated pair distribution functions (PDFs) are used in addition to XRD patterns to take advantage of the complementarity between both types of data, improving the detection of weak diffraction peaks and minute details in materials science and Earth science applications9.
A full-pattern fitting approach is presented to determine phase abundances for X-ray diffraction (XRD) analyses. The method, which is particularly suitable for disordered and amorphous samples, improves the accuracy of phase quantification by utilizing the information from the entire diffraction pattern rather than individual reflections10.
A modified Rietveld method for quantitative phase analysis of multicomponent mixtures by X-ray powder diffraction with high accuracy (errors less than 1.0%).The study introduces a number of improvements into the Rietveld structure refinement method, and presents a new Rietveld method for the quantitative phase analysis of multicomponent mixtures. The advantages of the internal standard approach to determining the content of the amorphous phase and to correcting for the effects of preferred orientation and micro absorption are demonstrated11.
5 Machine Learning Techniques in Data Analysis
We discuss developments in machine learning techniques for analyzing X-ray diffraction data, including advancements in phase identification, lattice parameters determination and defect detection, and also outline emerging trends and future directions to exploit XRD in discovering new materials, requiring high-quality data and combined with physical techniques12.
Simulated diffraction patterns are becoming increasingly relevant in data-driven materials science for phase identification and structure validation. We present XRD-Rust, a Rust-based accelerator that maintains the core functionality of pymatgen but is significantly faster for large-scale XRD calculations, achieving a 70x speedup relative to pymatgen. This code benchmarks XRD-Rust against large inputs, achieving dramatic speed ups. It can be used to generate datasets for machine learning models. This study develops a combination of improved and robust analytical routines for X-ray diffraction profile (XRP) fitting operations to increase workflow usability and reduce computational time. XRD-Rust is a powder X-ray diffraction calculator written in Rust that outperforms Python tools for data generation, while being amenable to integration into a Python workflow. It is shown to generate up to 719x larger datasets than Python for machine learning training purposes, and to efficiently handle crystallographic datasets with a wide range of unit cell parameters13.
6 Comparative Analysis: XRD VS Complementary Techniques
6.1 XRD VS TEM
The paper discusses X-ray diffraction and transmission electron microscopy (TEM) analyses of functional oxides for various applications. Structural and microstructural details are disclosed. Recent developments in structural and microscopic analysis for materials properties studies, including integration of artificial intelligence and multimodal imaging approaches are covered. -ray diffraction (XRD) and transmission electron microscopy (TEM) characterizations were combined to elucidate the structure-property relation in functional oxides, which are significant for high-temperature applications. X-ray diffraction (XRD) provides information on phase composition, lattice parameters, crystallite size, and micro strain, while Transmission Electron Microscopy (TEM) enables defects and local microstructure to be studied at the atomic scale. Recent progress in in-situ / operando techniques, combined with AI-based analytical methodology, have enabled real-time structural observation of greater precision. The study combines bulk structural measurement with microscopic imaging to reveal defect-driven behavior and phase transitions. Current challenges in the field include achieving beam sensitivity, appropriate sample preparation, data complexity, and standardization14.
6.2 Correlation with NMR
 Determination of crystal structures of organic compounds utilizing solid-state NMR and powder X-ray diffraction techniques, together with related methods to benefit from them. Synergism of XRD and NMR for structural validation. The advantages of using solid-state NMR data at several stages of the structure determination from powder XRD data for the Rietveld refinement of the final refined structure are demonstrated. We want to emphasize that the synergistic use of solid-state NMR and other methods has been essential for tackling complex structural problems in the analysis of powder XRD data. Calculation of 707 solid-state NMR parameters using the DFT-GIPAW methodology has enabled reliable calibration of the solid-state NMR data for crystal structures to compare with experimental information. Our structural models can typically be determined independently without recourse to solid-state NMR information; however, such information may serve to substantiate the models determined. This study explores the potential of combining static DFT-GIPAW calculations with dynamic ab initio molecular dynamics simulations for taking dynamic properties into account in solid-state NMR data calculations15.
7 Stoichiometric and Micro Structural Properties Characterization 
Structural stability and stoichiometry uniformity in single crystals grown by the Chemical Vapour Transport (CVT) method have been investigated with particular view to their potential applications in nano electronics and optoelectronics. Emphasis is placed on the advantages of the chemical vapor growth technique over alternative methods for producing bulk substrates, namely CVT, highlighting improvements in phase purity and crystallinity which are relevant to device fabrication. This study characterizes the semi-conducting materials using Powder X-ray Diffraction and Energy Dispersive X-ray Spectroscopy, establishing 2H-phase and confirming stoichiometry to address deficiencies in the existing material characterization. Materials are tough and uniform; they have potential uses in future high-pressure technology and optoelectronic device16. 
Additive manufacturing (AM) process have been developing rapidly. In terms of direct energy deposition (DED) processes, laser-engineered net shaping (LENS) has emerged as a promising manufacturing methodology, which offers significant advantages in the fields of aerospace, automotive and medical industry. Lightweight parts and other complex geometries can be fabricated cost-effectively without material loss. This contribution discusses the current progress and state-of-the-art in LENS technology, and explores its applications.
It explores the role of 316L Stainless Steel and its optimization through various Additive Manufacturing methods. Focus is placed on the LENS-DED process. A fundamental understanding of the microstructure and mechanical properties of 316L SS processed by DED methods is soughted in this study, employing novel characterization tools such as 2D X-Ray diffraction (2D-XRD) and micro computed tomography (micro-CT). This research seeks to examine the effects of laser power and print speed on the properties of 316L SS including density and micro-hardness as well as its crystallographic transformation and internal defects within 3D printed samples17.
8 Nano-Materials Identification
X-ray diffraction (XRD) is used to characterize the atomic scale structure of materials. This method can be applied to both crystalline and non-crystalline materials. Also nano crystalline materials are discussed. This paper recognizes the limitations of traditional XRD techniques for the analysis of nano materials, which typically show up as diffuse haloes rather than sharp Bragg peaks.
In this contribution we present the application of atomic Pair Distribution Function (PDF) analysis to resolve structural details from diffuse X-ray diffraction patterns to determine distances between atoms and the coordination numbers of atoms within the unit cell. Our main aim is to inspire the wider nano science community to adopt the innovative approaches demonstrated in this volume to explore materials on the nano scale. The high-energy X-ray diffraction (XRD) and atomic pair distribution function (PDF) methods have been utilized to elucidate the three-dimensional (3-D) structure of a variety of nanostructures. In addition to investigating titania nano sheets with a highly extended lamella morphology, the 3-D structures of Mo-S-I nanowires having lengths of several micrometers were elucidated.
The study found that traditional X-ray crystallography is difficult for nano crystalline materials due to their diffuse XRD patterns. A statistical model has been developed for the description of the shape of the distribution of lengths of structural units in the walls of V2O5 nanotubes; it describes the experimental PDF well, testifying to well defined structural units. Nano crystalline materials were found to possess both Bragg diffraction peaks and a broad diffuse component in their X-ray diffraction patterns, although the Bragg peaks were less sharp and more widely spaced than in normal crystalline materials. High-energy XRD and atomic PDFs provide an efficient tool to characterize materials with complex structures, like organic/inorganic nanocomposites.18.
9 Techniques Used In PXRD
9.1 Machine learning technique (ML)
This study presents a critical review of current Machine Learning (ML) methodologies as applied to X-ray diffraction (XRD) for phase analysis including challenges and limitations faced in application. A comparison of traditional methods for quantitative phase analysis (QPA) such as the reference intensity ratio (RIR) method and Rietveld refinement methods, that are time-consuming and intricate. In this study ML algorithms regression and support vector machines were employed for phase proportion estimation, which proved efficient and fast compared to conventional approaches.
It deal with methods of lattice analysis. As structure classification improves to the point where challenging structures defeat Machine Learning approaches that require large amounts of training data, papers on automated feature extraction, pattern discovery, and novel techniques become increasingly relevant. This paper discusses the quality of available data and future research directions for improved Machine Learning (ML) applied to wind power prediction, including the use of domain knowledge and physical limits12.
The code employs a targeted optimization approach, writing the low-cost crystallographic calculations in Python and the performance-critical numerical calculations in Rust. This method uses kinematic diffraction theory, atomic scattering factors and Lorentz-polarization corrections, and optionally thermal effects can be taken into account. For the performance tests, datasets from the Materials Cloud Three-Dimensional Structure Database and the Crystallography Open Database were used and result in a speedup for computation13.
9.2 Renninger Scan Technique
It present a new X-ray method for determination of absolute handedness of chiral crystals based on the use of circularly polarized X-rays. The method is based on measurement of the azimuthal dependence of the intensity of the forbidden Bragg reflections. This experiment employs a Renninger scan technique in which the crystal is rotated about an axis perpendicular to the scattering plane in order to observe differences in intensity for right and left circularly polarized beams. This method does not use X-ray anomalous dispersion therefore any wavelength can be used for the incident radiation. A theoretical model based on a model-independent three-wave diffraction approach has been worked out and implemented in Jmulti code for quantitative analysis. This method has been successfully tested on right-handed and left-handed quartz crystals and applied to the absolute-structure determination of the compound under investigation5.
9.3 Annealing and Charge Flipping
we discusses the use of Powder X-ray Diffraction (PXRD) for the analysis and identification of crystal structures, and how it can be used to accurately determine unit cell parameters and their corresponding crystal space groups. Methods including simulated annealing and charge flipping are employed to solve the problem, along with a probabilistic and structural solution approach being presented. Relative humidity (Rh) and the way it affects samples are also evaluated in the methodology, featuring an observational component. High Data Quality using Powder Diffraction Data obtained with Synchrotron Light: Powder diffraction data were measured using synchrotron X-ray radiation. Within the scope of this study synchrotron light sources were used to record PXRD patterns. The application of PXRD is also briefly discussed with respect to pharmaceutical products, in terms of product quality assessment, stability tests and bioavailability2.
9.4 Neural Network (NN) and Convolution Neural Network (CNN)
We present a neural network (NN) method for the phase identification/quantification of X-ray diffraction (XRD) data, trained on synthetic data generated from an XRD pattern calculation code.
A convolutional neural network (CNN) is used to classify and quantify phase portions within multiphase materials. A dedicated loss function for proportion prediction is introduced. The methodology includes generating a large dataset of synthetic X-ray diffraction patterns with varying structural parameters, which improves the NN’s performance by providing extensive flexibility for data generation and using it for training. In contrast to traditional loss functions, the training process of a Neural Network (NN) is here reduced to minimizing the difference between the true and a Dirichlet distributed proportion8.
9.5 Chemical Vapour Transport (CVT)
Powder X-ray Diffraction (XRD) results were used to confirm stoichiometry and structure of molybdenum dichalcogenide (MoX₂) single crystals obtained by Chemical Vapour Transport (CVT) technique.
Rietveld refinement has been employed to determine the lattice parameters of high-temperature solid-state material and to evaluate the degree of hexagonal (2H-) ordering of poly type 3C2H. X-ray diffraction Williamson-Hall analysis has been performed to determine microstrain and lattice distortion which is crucial for the material’s electronic behavior. Methodology for growth of high quality crystals includes control for temperature gradients and use of iodine as a transport agent16.
10 Applications
10.1 Application in Crystal System Classification and Phase Identification
We present our experiences applying machine learning models to X-ray diffraction problems relevant to materials science and crystallography, including crystal system identification and phase detection. XRD simulations are often needed for interactive applications requiring rapid generation of diffraction patterns for improved user experience in crystallographic analysis13.
Machine learning (ML) techniques have been used for classification and phase identification in X-ray diffraction (XRD) data analysis to accurately identify materials. Machine learning in XRD data analysis tackles several issues encountered in XRD data analysis including data quality, interpretability, and robustness, and it has great potential in research and development12.
Deep learning (DL) methods, in particular, are very effective in analyzing large amounts of X-ray diffraction (XRD) data for automating the phase identification and quantification, which is crucial in understanding the material properties. For analyzing the XRD data, a neural network (NN) approach was employed to analyze large datasets that were obtained by XRD-CT (X-ray diffraction-computed tomography) measurements. One of the important features of this method is that it can identify and quantify the mineral phases in the rock samples without any prior manual phase identification. This allows streamlining the analysis in the field of mineralogy. The NN-based approach improves the efficiency and stability of the mineral quantification compared with traditional methods, such as Rietveld refinement, which is essential in the field of materials science. In addition, the NN can generate a large database with XRD patterns that have varying conditions, and this would enhance the analysis accuracy of mineral based on the analysis results8.
10.2 Application in field of solid state batteries
Machine learning (ML) tools have recently been applied in materials characterization towards faster experimental results interpretation. The study presents the results from applying ML methods on XRD and other data from solid-state battery materials. Adaptive XRD was used for in situ characterization of solid-state reactions for the synthesis of Li7La3Zr2O12 (LLZO) and the detection of short-lived intermediate phases. Efficient measurement using adaptive characterization techniques such as Bayesian optimization and reinforcement learning has been explored for microscopy and scattering applications. We demonstrate how Machine Learning can guide X-ray diffraction experiments to improve the accuracy of phase identification in mixtures relevant for materials design using training data generated in vitro. Combining Machine Learning with physical diffractometers enables on the fly decisions for experimental optimization in materials science7.
10.3 Application in Stereochemistry
The method can be applied for absolute structure determination for chiral crystals, which is an important problem in crystallography and materials science. XAS can be applied to a variety of systems including opaque, organic and monoatomic systems including light elements and is therefore relevant to a number of fields including chemistry and materials science. The method is wavelength independent, thus X-rays of any wavelength can be used in X-ray diffraction applications.
Our method is independent of the model and can be applied to any crystal system relevant in structural biology and inorganic chemistry. By utilizing a single ‘forbidden’ reflection, the method enables the determination of isomer type in organic structures and their investigation using x-ray diffraction techniques. Applications are diverse and include stereochemical studies in polymer chemistry, asymmetric synthesis and absolute configuration of chiral molecules5.
10.4 Application in Pharmaceutics, Earth Science and Forensic
PXRD is widely applied in the pharmaceutical industry, particularly in drug design and active pharmaceutical ingredients (API) characterization for the production of new generation of medications and chemicals. This method is applied to the identification and characterization of inorganic and organic crystalline nano-materials in the field of the material science to gain insight into their structures.
PXRD is also a useful tool in the Earth Sciences where it can be used to identify the crystalline phases present in a sample and monitor the temperature induced effects of materials including their ability to exhibit polymorphism. 
The technique is also applicable in forensic applications for qualitative/quantitative analysis of various chemicals, determining the degree of crystallinity and studying defects in materials2.
10.5 Application in Nano-Science
High-energy X-ray diffraction (XRD) and X-ray atomic Pair Distribution Function (PDF) analysis have been used to determine the three-dimensional (3-D) structure of nanostructures including two-dimensional titania nanosheets and one-dimensional titania nanotubes. These results demonstrate the application of high-energy X-ray techniques in nanotechnology and materials science, in addition to their use in determining the 3-D structures of Mo-S-I nanowires with different chain lengths. Atomic PDF method is applied to treat diffuse X-ray diffraction data to obtain structural information for noncrystalline materials including amorphous solids and super cooled liquids. High-energy XRD and PDF have been applied for an atomic-scale structural study of nanocrystalline materials, which is essential for the advancement of nanoscience. Despite the many advances in X-ray crystallography to enable the determination of crystal structures of complex materials, there remain significant challenges when the materials have complex non-crystalline morphologies, and alternative approaches to materials characterization are therefore required. The results identify well-defined structural motifs within the walls of individual nanotubes and may guide the construction of new materials with tailored properties18.
10.6 Application in Additive Manufacturing
Two-Dimensional X-Ray diffraction (2D-XRD) has been applied for crystallographic studies on samples produced using Additive Manufacturing technologies, assessing the crystallinity of 3D-printed samples of 316L Stainless Steel alloy. X-Ray microcomputed tomography (micro-CT) scans were conducted on select 3D printed components to identify internal defects such as lack-of-fusion and pores created by gas that escaped during printing. These scans are a component of our manufacturing quality assurance process. This research develops high-density 316L stainless steel prints utilizing directed energy deposition (DED) processes and evaluates their potential uses within the chemical, power generation and medical devices industries. With the increasing attention to additive manufacturing (AM), a huge amount of attention has been focused on achieving higher quality printed parts. The study reported here focuses on optimization of common print parameters, specifically the laser power and scanning speed, to achieve improved mechanical properties in printed parts and their applications. The techniques described are compatible for in-line measurement and show potential for quality control during the manufacturing process17.
11 Current Challenges and Future Perspectives
11.1 Machine Learning for High Throughput Phase Identification 
We address the lack of generalization of current state-of-the-art machine learning (ML) models that are not able to predict well for materials that have not been seen before during the training step that is crucial for accurate predictions across a wide range of crystal systems and compositions. We emphasize the importance of improving the interpretability of current black-box ML algorithms which hinder scientific progress because they are not transparent in their decision making. Future studies will be necessary to address current challenges in obtaining high-quality and sufficient reference data for applications of ML in X-ray diffraction (XRD) studies12.
Further work could focus on constructing the database by examining the expected distribution of single-phase versus multi compound XRD patterns in order to improve classification and quantification performance. We also leave to future work the question of whether alternative deep learning architectures (such as the auto-encoder or Unet) might perform better at reconstructing XRD patterns so that they can more accurately be compared to the original patterns8.
While the potential of using high-brilliance radiation for more advanced measurements is mentioned, the availability for follow-up experiments is not discussed in detail. Furthermore, only very few possible examples of transient states, which can be tackled by using adaptive XRD techniques, are discussed, and their scope for dynamic investigations is not elaborated7.
11.2 Automated Phase Identification and Characterization
The limitations of training on simulated data as opposed to real world scattering data, and subsequently how models will perform on real world samples is not addressed. Furthermore, the paper does not consider potential limitations in the range of 2θ that should be used to generate virtual PDFs for different classes of materials and optimal strategies for training models on virtual PDFs for different materials are not addressed. Though the paper discusses the use of different input representations and features, further research is needed to explore strategies for further optimizing individual models for different classes of materials. Although the paper demonstrates achievable improvements in prediction accuracy without increasing experimental cost, it is important to explore the potential for scaling up this methodology for high-throughput experiments. The paper acknowledges the effect of measurement noise and diffuse background signals in scattering data but a more detailed analysis of how to address these issues in future work is required9.
We discuss the merits of utilizing input descriptors across multiple scales in machine learning models for materials science applications, particularly in relation to automating processes for structure classification and property prediction, including phase identification and analysis. After reading this document, the reader may like to consider whether similar techniques could be applied in other characterization methods using data augmentation (e.g. Fourier transformations), and achieve an improvement in accuracy. Further work would also be useful to test robustness to other experimental artifacts such as peak broadening and measurement noise. There is potential for machine learning to automate characterization for different types of data. However, there is a need for more research in this area to develop methods to integrate multi-modal data9.
11.3 Multimodal Characterization Network
Correlating multi-technique data across laboratories is difficult to achieve consistently; for this purpose, it is necessary to use standardized protocols and calibrations to effectively characterize functional oxides. Even with the progress made in the in situ and operando techniques, two fundamental issues – sensitivity of the synchrotron beam and the complication in the observed data – still hamper real-time observation technologies and their applications. This Special Issue addresses these two key issues and will collect both fundamental and practical research outcomes. Despite the tremendous progress in computational modeling of material behavior, the integration of emerging chemical and physical analyses coupled with AI-assisted data analysis tools remains to be explored in its full potential.
While XRD and TEM provide an important overview of the microstructure and its effects on the electronic structure of functional oxides, certain anisotropy, strain, and defect-related phenomena are not addressed in this volume. Building on the current study, future work will explore the application of fully integrated multimodal characterization techniques to the study of bulk and interface advanced oxide materials for applications including next-generation solid-state batteries and photo catalytic energy conversion/storage systems. New software tools for data analysis and visualization have been developed in order to cope with high resolution and 4D data provided by current characterization methods. There is a further need to address challenges in data integration, standardization, and reproducibility across different laboratories in order to correlate macroscopic tissue properties with structural features at the nano-scale. Elaborate studies of in situ and operando measurements, including synchrotron-based X-ray diffraction, to gain insights into the real-time structural evolution of complex oxides14.
11.4 Limitation in Amorphous Content Quantification
Calculation of radial distribution functions of amorphous phases is a promising avenue that remains to be explored. The results remain unresolved and can be useful for more complex materials. There is a susceptibility to traditional analytical concerns such as preferred orientation and primary extinction in quantitative X-ray analysis. Addressing these issues is essential for improving the reliability of this method. Using an internal standard to determine the total content of the amorphous phase is straightforward, but the implications of this approach have not been fully explored for specific sample types. Achieving accurate lattice parameters is a problem that requires better methods for calibration. The influence of micro absorption on quantitative analysis is acknowledged; however, a comprehensive strategy to correct for these effects in structure refinement has not yet been developed.
Further studies could include development of the functions to calculate radial distribution functions for amorphous phases in the Rietveld analysis code. There is potential for a reliable method for preferred orientation correction. Using the March model for preferred orientation correction could significantly aid quantitative studies. Further study of micro absorption and refinement of site occupancy factors could yield additional information about the phases and their ordering in the mixtures11.
11.5 Monitoring of Structural Transformation of Material
The extent to which structural disorder affects physical properties of advanced materials remains an open question. However, for noncrystalline materials such as glasses, new technology can emerge to serve a wide array of applications. Even though X-ray diffraction techniques and related parameters have been discussed in detail, there are a number of possible correlations between structural parameters and functionalities which have not yet been addressed in detail and can serve as leads for future research. In-situ and operando XRD techniques could be utilized to monitor structural changes of materials in real environment, and have the potential impacts in catalysis and nanotechnology applications1. 
12 Conclusion
Powder X-ray diffraction (PXRD) provides essential information on the crystallinity, stoichiometry, and defect content of a material. Structures determined from PXRD data can aid in the understanding of a material’s properties and provide a framework for modeling behavior at multiple scales. Importantly, many of the techniques employed in materials science rely on accurate crystallographic information. In addition to well-established applications in materials characterization, PXRD is increasingly applied in emerging fields such as 3D printing, solid-state batteries, pharmaceuticals, and nanotechnology. Studies reviewed here employ PXRD to characterize crystalline, amorphous, and nanocrystalline materials at length scales ranging from bulk to molecular. Integration with other analytical techniques such as transmission electron microscopy (TEM) and solution NMR improves the quality of structural models. Recent developments using machine learning and data-driven strategies to PXRD have dramatically increased analytical speed, accuracy, and automation enabling real-time and high-throughput material characterization. However, certain limitations, including the presence of amorphous content, data quality, and model generalization remain a challenge to improving the technique. Advancements in methodology and the development of a more integrated, multimodal, and interdisciplinary analytical framework will likely continue to maximize the utility of PXRD in materials discovery and characterization.
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