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Effective preservation of cultural heritage structures requires precise, non-destructive, and scalable documentation techniques. However, conventional survey methods often fail to capture intricate geometric features and to quantify localized surface deterioration such as spalling and plaster loss. Terrestrial LiDAR scanning provides high-resolution point cloud data well-suited for such applications, though challenges persist in data registration, segmentation, and deterioration quantification. This study applies terrestrial LiDAR technology to the documentation of the Abdullahpuram Palace, a 19th-century heritage building located in Vellore, Tamil Nadu, India, which exhibits Indo-Saracenic architectural influences (as reported by the Tamil Nadu Heritage Commission, 2019). Multiple scans were registered using Cyclone 360, and the data were pre- and post-processed in CloudCompare for noise filtering, segmentation, and geometric refinement. Surface deterioration was assessed by extracting 3D surface profiles and quantifying volume of material loss using convex hull and raster-based analyses in MeshLab and ArcGIS, respectively. It is to be noted that material loss represents the surface-level deterioration rather than direct evidence of structural failure. Additionally, an octree-based downscaling approach was also implemented to facilitate multi-scale visualization and improve computational efficiency for large datasets. The methodology enhances heritage documentation, supports objective condition assessment, and aligns with sustainable conservation principles articulated in SDG 9 and 11.4. The findings highlight the potential of terrestrial LiDAR and advanced point cloud processing to develop accurate, scalable, and non-invasive documentation strategies for heritage conservation globally.
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1 INTRODUCTION
India is celebrated for its diverse cultures and rich architectural heritage, shaped by various dynasties that have ruled the region. Each empire has left a unique imprint, contributing distinct architectural styles, materials, and construction techniques. Preserving this cultural legacy is crucial not only as a testament to history but also as an asset for future generations. Conservation and documentation of heritage structures offer numerous benefits, including preserving community identity, enhancing awareness of historical and cultural contexts, and inspiring innovative architectural designs.
Traditionally, the preservation of heritage structures relied on manual surveying and mapping techniques such as tape measurements, theodolites, and photogrammetry (Chenaux et al., 2011). These methods, though foundational, often proved insufficient for comprehensive documentation due to their labor-intensive nature and limited accuracy in capturing intricate details. In response, non-destructive techniques (NDT) have emerged, utilizing advanced imaging technologies to create detailed 2D and 3D models of historical structures (Moyano et al., 2020; Sánchez-Aparicio et al., 2023). Among these, Terrestrial Laser Scanner (TLS) has demonstrated high accuracy in capturing geometric characteristics and is significantly more time-efficient than Unmanned Aerial Vehicle (UAV)-based photogrammetry or 3D surveys (Llabani and Lubonja, 2024). The ability to acquire a large number of data points ensures precise documentation of architectural components and complex geometries, supporting the generation of 2D CAD, 3D BIM, animations, and rendered imagery (Pritchard et al., 2017). The dense point cloud results in detailed representations with minimal errors, typically within 2–6 mm, which falls within the acceptable deviation range specified by international standards such as the English Heritage Metric Survey Specifications (Bryan et al., 2009) and CIPA Heritage Documentation guidelines (Stylianidis, 2019). This enhances the reliability of geometric measurements (Bouziani et al., 2021; Marčiš et al., 2024; Mohammadi et al., 2021). TLS has thus become a benchmark method for 3D reconstruction and geometric evaluation in heritage documentation and condition assessment due to its precision and data richness.
Among these advancements, Terrestrial LiDAR (Light Detection and Ranging) has emerged as a revolutionary tool for documenting and assessing heritage structures. It provides high-resolution 3D point cloud data that capture complex geometries, measure deformations, and detect and map surface deterioration during site documentation, enabling precise condition mapping (González-Aguilera et al., 2012; Wood et al., 2017; Yin and Antonio, 2020). The 3D point cloud offers a comprehensive visualization of the current state of a structure, facilitating detailed analysis of its architectural components, including arches, piers, and decks (Liu and Li, 2024). The quantification of material erosion through volume estimation informs restoration planning and helps prioritize maintenance actions, indirectly contributing to the long-term resilience of heritage assets by preventing progressive deterioration (Kushwaha et al., 2019). Recent studies have also explored integrating TLS with UAV-based imagery to produce spatially accurate 3D datasets referenced in a global coordinate system, ensuring high georeferencing precision for both situational and elevation measurements (Balestrieri et al., 2024). These datasets are often analyzed within Building Information Modeling (BIM) and Heritage Building Information Modeling (HBIM) frameworks to support conservation planning (Klapa and Gawronek, 2023). Moreover, the emergence of affordable LiDAR sensors in smartphones offers promising results for rapid, low-cost heritage mapping (Martino et al., 2024).
The LiDAR data processing workflow begins with preprocessing, which is essential for optimizing raw point cloud data. This phase includes noise filtering, outlier removal, and local registration. Noise filtering eliminates irrelevant data caused by environmental effects or scanning errors, while outlier removal isolates inaccurate points that could skew analysis. The scans were registered within a local coordinate system using reference targets, as absolute georeferencing was not required for the structural-level analysis. This approach maintains relative spatial consistency across multiple scans, which is adequate for morphometric characterization and damage assessment of the building.
Following this, post-processing enables extraction of structural features through segmentation, surface modelling, and data reduction. In the methodology section, this workflow is represented schematically through an algorithm-based sequence of operations detailing each phase as Statistical Outlier Removal (SOR) for noise reduction, Iterative Closest Point (ICP) for fine registration, octree partitioning for hierarchical data management, and region-growing segmentation for architectural feature extraction.
The processing steps were implemented using Cyclone 360 (for scan registration and preprocessing), CloudCompare (for filtering, segmentation, and deviation analysis), MeshLab (for surface reconstruction and mesh optimization), and ArcGIS Pro (for visualization and spatial analysis), ensuring methodological transparency and reproducibility.
Structural condition evaluation was conducted through detailed analyses of the point cloud data. Surface irregularities and material loss were assessed through visual inspections and quantitative methods. Profile evaluations and scalar field representations were employed to identify relationships between LiDAR return intensity values and the degree of surface deterioration, thereby pinpointing areas requiring conservation attention. While most prior studies have focused on octree-based and point cloud analyses, relatively few have employed raster-based approaches for material loss quantification. This presents a research gap in achieving precise volumetric assessment, which the present study addresses through the integration of raster analysis and convex hull algorithms for comparative validation of volume estimation results.
This paper focuses on applying terrestrial LiDAR to assess the deteriorating condition of the Abdullahpuram Palace using advanced 3D reconstruction techniques to generate comprehensive point cloud and octree models. By leveraging detailed geometric data obtained through preprocessing and post-processing, the study aims to quantify material loss on palace walls rather than evaluate structural integrity. Comparative analyses between LiDAR-derived measurements and field observations demonstrate the reliability of modern surveying techniques in heritage conservation. This research contributes valuable insights for the restoration of the Abdullahpuram Palace and similar heritage sites, showcasing the potential of advanced spatial technologies to safeguard cultural heritage.
The study aligns with two Sustainable Development Goals (SDGs) viz., (a) SDG 9 (Industry, Innovation and Infrastructure) - promoting resilient infrastructure and sustainable innovation, and (b) SDG 11.4 - strengthening efforts to protect the world’s cultural and natural heritage. The integrated methodology emphasizes non-destructive, data-driven documentation that supports long-term resilience through accurate detection, documentation, and quantification of surface deterioration.
1.1 Research objectives
The objectives of the study are as follows
	3D reconstruction of Abdullahpuram Palace.
	Architectural detailing of the palace through 3D reconstruction.
	Comparative study of geometric precision between 3D point cloud and octree models.
	Quantification of surface loss using raster analysis and convex hull algorithm.

This study provides insights into the 3D reconstruction of the palace using point cloud and octree models and evaluates their precision and accuracy. It further focuses on quantifying surface loss through raster analysis, an approach rarely applied in heritage studies, validated through a comparative evaluation using convex hull-based volume estimation methods.
2 THE STRUCTURE UNDER STUDY
The structure examined in this study is the Abdullahpuram Palace, located approximately 6 km from Vellore along the Chennai–Bengaluru National Highway (NH-48), adjacent to the Vellore–Krishnagiri trunk road in Tamil Nadu, India (Figure 1). Historical sources indicate that Abdullah Khan, a Mughal nobleman, governed the region and established the settlement of Abdullahpuram. The palace, constructed circa 1676 AD, is locally referred to as Abdullah Khan Mahal and represents a characteristic example of Mughal-period provincial architecture in South India.
[image: An old, dilapidated building with arched doorways and intricate stonework, partly obscured by trees. A blue sign with text is visible on the right. The ground is covered with dry leaves and debris.]FIGURE 1 | Field photograph of the palace.At present, the palace survives only as partial remains comprising two floors and four rooms, constructed primarily of brick masonry bonded with lime mortar. The structure exhibits typical Mughal architectural elements, such as pointed arches, stucco decorations, and floral-geometric motifs that reflect the artistic vocabulary of the 17th century (Asher, 1992; Azmat et al., 2018). The facade shows symmetrical openings, while the horseshoe-shaped arches and pendentives demonstrate Indo-Islamic engineering principles used to transition loads from domes to square spaces (Asher, 1992). These elements are complemented by a terraced roofline and an inner dome that enhances acoustics and vertical proportion. Those features are documented in several Mughal monuments of the Deccan region metric (Vajiram and Ravi, 2025).
Over the years, environmental exposure and neglect have caused progressive material degradation, particularly lime plaster loss and surface spalling, resulting in the palace’s near-ruinous state. Despite its cultural value, very limited documentation exists in scholarly or government archives, and the site remains absent from most regional conservation inventories.
This study therefore undertakes the first high-resolution terrestrial LiDAR (TLS) survey of the Abdullahpuram Palace to digitally preserve its morphology and architectural features before potential loss. The TLS dataset enables the creation of a 3D digital twin, offering a permanent and measurable record of the structure’s geometry. Similar TLS applications in cultural heritage studies (Kurdi, 2023; Lerma et al., 2010) have demonstrated the reliability of laser scanning for accurate reconstruction, deformation analysis, and deterioration mapping. The generated model supports future research on structural conservation, heritage visualization, and restoration planning.
A field photograph of the palace is shown in Figure 1 to illustrate its current deteriorated condition and confirm the correspondence between the on-site structure and its 3D reconstructed model.
3 METHODOLOGY
The overall workflow adopted in this study is illustrated in Figure 2, which outlines the stepwise process from data acquisition to damage quantification. Each step is described in detail below.
[image: Flowchart detailing a process for 3D model reconstruction and analysis. Steps include data acquisition via laser scanning, initial registration in CYCLONE 360, preprocessing, post-processing, final registration, model reconstruction, accuracy assessment, and validation. Morphometric analysis and damage assessment using Convex Hull and Raster methods are also highlighted, with comparative validation and volume computation.]FIGURE 2 | Algorithm-based workflow of the study.3.1 3D data acquisition
Data acquisition was performed using the Leica BLK360 Terrestrial Laser Scanner (Figure 3), which operates on the Time-of-Flight (ToF) principle to measure distances based on the travel time of laser pulses reflected from target surfaces. Each scan captures distance, horizontal, and vertical angle measurements in instrument-centred polar coordinates, generating dense 3D point clouds that accurately map surface geometry (Lichti, 2007).
[image: A laser scanner placed on a tripod is set up inside an old stone chamber with arched ceilings and weathered walls. The texture and aging of the structure are evident.]FIGURE 3 | Data collection using Leica BLK360.For this study, six individual scans were conducted around the Abdullahpuram Palace to ensure full coverage and minimize shadowing effects caused by structural occlusions as shown in Figure 4. A local coordinate system was adopted because the focus of the study was on structural morphology rather than geospatial referencing. The scanner was strategically positioned to maintain optimal overlap between scans, thereby improving registration accuracy and coverage completeness.
[image: Map showing six red markers indicating the relative locations of Terrestrial Laser Scanning (TLS) sites. Each marker is labeled with a number from 1 to 6, spread across a textured landscape.]FIGURE 4 | Registration of the point clouds in Cyclone REGISTER 360.The Leica BLK360 provides a range accuracy of ±4 mm at 10 m and a scan resolution of 3–5 mm point spacing, ensuring the geometric precision necessary for heritage documentation (England, 2015). The scanner also captures RGB data via an integrated camera, which was subsequently mapped to the 3D points using internal calibration parameters to produce a colorized point cloud. Table 1 summarizes the scanner specifications.
TABLE 1 | Leica BLK 360 specifications.	Parameters	Specifications
	Laser class	1
	Range finder	Time of flight
	Weight	1 kg
	Wavelength	830 nm
	Field of view	360°H/300°V
	Beam divergence	0.6 mrad
	Range	0.6–60 m
	Point measurement rate	360,000 pts/sec
	3D point accuracy	6 mm
	Robustness designed for	Indoor and outdoor use
	Data interface	WLAN


3.2 Data processing
3.2.1 Registration of point cloud
The raw point cloud data from each scan was initially referenced to its respective local coordinate system. To create a unified model, registration was performed using Cyclone REGISTER 360 software. Both target-based and cloud-to-cloud registration were employed to ensure accurate alignment. The target-based registration utilized reflective spheres and planar features to establish control correspondences while Cloud-to-cloud registration relied on geometric feature matching, optimized by the Iterative Closest Point (ICP) algorithm (Besl and McKay, 1992). The ICP method iteratively minimizes the Euclidean distances between overlapping point sets until convergence is reached.
The registration accuracy was assessed using Root Mean Square Error (RMSE) values, as reported in the registration summary as in Table 2. A lower registration error directly indicates the improved geometric fidelity of the reconstructed structure through the minimal or null mis-match in the alignment of point clouds. So, to ensure the higher geometric accuracy in the final 3D model, reduced registration error values should be aimed at. Upon successful registration, the unified point cloud was exported in .e57 format, which supports efficient storage of point cloud data, images, and metadata (ASTM E 2087, 2019).
TABLE 2 | The registration report.	Registration parameters	Results
	Setup count	6
	Number of connections	5
	Strength	68%
	Overlapping	41%
	Set error	5 mm
	Cloud to cloud error	5 mm


3.2.2 3D model reconstruction
The registered point cloud was post-processed using CloudCompare (v2.10-alpha) for segmentation, noise filtering, and reconstruction. Non-structural elements such as vegetation and debris were removed to isolate the palace geometry.
Each point in the registered dataset was assigned RGB attributes from the onboard panoramic camera of the Leica BLK360 scanner to enhance visual realism and facilitate the interpretation of material textures and surface finishes. The colour integration was performed after geometric alignment using the ICP algorithm, which minimizes positional discrepancies between overlapping scans through iterative rigid-body transformations as shown in Equation 1 to preserve the spatial relationships among points. This ensured sub-centimetre alignment precision, forming the geometric foundation for accurate colour mapping.
P’=R·P+t(1)
where P denotes the original point, P′ is the transformed point, R is the rotation matrix, and t is the translation vector.
However, it is recognized that lighting heterogeneity, hue variations, and surface reflectivity can affect the quality of colour representation in point cloud datasets. To mitigate these influences, a series of corrective measures were applied both during data acquisition and processing:
	Controlled illumination: All scans were conducted under diffuse daylight conditions to reduce shadowing, glare, and specular reflections on the stone surfaces.
	Uniform exposure calibration: The automatic exposure control feature embedded in the Leica BLK360 system helped to maintain radiometric consistency across sequential scans.
	Intensity balancing: Overlapping regions were post-processed through uniform intensity scaling and exposure normalization within Cyclone REGISTER 360 to ensure colour uniformity across merged point sets.
	Alignment verification: The ICP-based registration was visually verified in CloudCompare to ensure there were no local misalignments or distortions in the RGB-mapped data.

Following colour correction and alignment, segmented entities were converted into polygonal meshes to delineate distinct architectural features, as illustrated in Figure 5. This meshing process ensured that all visible and measurable geometric and textural details were retained for downstream analysis, including structural deformation assessment and surface morphology interpretation.
[image: Dilapidated, two-story building with archways and overgrown vegetation on a dark blue background. The structure shows significant wear, with missing sections and visible decay.]FIGURE 5 | 3D model after segmentation.These integrated procedures resulted in a geometrically robust and visually coherent 3D model, minimizing both spatial and radiometric discrepancies. The resulting-coloured point cloud not only preserved fine architectural details but also supported subsequent texture mapping and mesh-based visualization processes with enhanced photorealistic fidelity.
3.2.3 Octree based data structuring
An octree is a hierarchical data structure that organizes and indexes three-dimensional spatial data in a tree-like form. It extends the principles of binary trees and quadtrees, which manage one-dimensional and two-dimensional data, respectively. In an octree, a 3D finite volume is recursively divided into eight smaller cubic volumes or octants at each subdivision level. The divisions in this structure are referred to as nodes in data structures and cells in the spatial context. The root node encompasses the entire dataset, while each subsequent child node represents a smaller sub-volume of space. Every node within the octree corresponds to a cubic volume called a voxel, which represents a particular portion of the spatial domain. The recursive subdivision continues until the minimum voxel size is reached, thereby defining the octree’s spatial resolution (Cha et al., 2019).
Within a fully developed octree, each node produces eight child nodes, and the terminal nodes (leaf nodes) exist at the defined tree depth or spatial division level D. Consequently, a complete octree contains 8D leaf nodes, forming a structured hierarchy equivalent to a uniform 3D grid with a resolution of 2D×2D×2D. The total number of nodes NT in the tree can be computed using Equation 2:
NT=∑i=0D8i=8D+1−1/7(2)
A node without children indicates that the corresponding volume can be represented uniformly, meaning no further subdivision is necessary to capture spatial variability (Elseberg et al., 2013). In general, when the octree depth (or spatial division) decreases, each voxel encompasses more points, producing a coarser model with lower spatial detail. Conversely, increasing the depth refines the voxel size, yielding higher spatial resolution but also increasing computational load and memory consumption (Chen et al., 2021). Figure 6 illustrates this hierarchical subdivision concept.
[image: Diagram showing an octree representation of a 3D car model at three levels of detail: level one at \(32^3\), level two at \(64^3\), and level three at \(128^3\). Each increasing level shows a more detailed and refined model.]FIGURE 6 | The octree hierarchy (Chen et al., 2021).The key characteristics of an octree model can be summarized as follows:
	The relationship between cell size, cell count, and filled volume is complex and depends on the intrinsic properties of the scanned data.
	Larger cell sizes generally cover greater volumes with fewer cells, though this trend may vary based on data heterogeneity.
	Smaller cell sizes enhance local geometric detail but do not always increase filled volume.
	The optimal balance between cell size and cell count must be chosen based on the study’s objective, maintaining a trade-off between computational efficiency and geometric fidelity.

In this study, the octree-based structuring was applied to the palace point cloud dataset to enable hierarchical spatial representation and efficient data management. The maximum subdivision level (tree depth) obtained was 21, corresponding to the software’s default configuration for fine spatial partitioning. The display mode was set to plain cubes, and the visualization level was maintained at eight to represent the geometric density effectively. By grouping points into cubic cells, operations such as spatial querying, feature extraction, and visualization were executed more efficiently on localized data subsets rather than the full dataset. This structuring facilitated the analysis of geometric consistency, filled volume estimation, and volumetric distribution across the entire 3D model.
Figure 7 illustrates the octree representation of the palace structure, and Table 3 presents the computed parameters for each scan. Variations in cell size, cell count, and filled volume were observed across the six scans, reflecting differences in the captured geometry and surface complexity. The balance between cell size and cell count was found to be crucial for accurate volumetric representation. Smaller cell sizes increased the total cell count, enhancing the capture of fine architectural features but often resulting in reduced filled volumes. Conversely, larger cells captured broader regions efficiently, as noted in Scan 1 (Table 3), though this relationship was not linear across all datasets.
[image: A pixelated representation of a historic stone structure with arches and columns, set against a solid dark background. The building appears partially obscured and abstract due to the pixelation.]FIGURE 7 | Octree structure of the palace.TABLE 3 | The properties of the octree structure in each scan.	Scan no.	Cell size	Cell count	Filled volume
	1	1.06747	260	316.258
	2	0.0920174	18,743	14.6032
	3	0.0981109	25,610	24.1859
	4	0.149355	13,766	45.8637
	5	0.0542185	49,187	7.83959
	6	0.0326939	112,381	3.92729


Overall, no clear correlation was observed between cell count and filled volume, indicating that filled volume depends not only on voxel count but also on spatial content and surface morphology. For example, Scans five and six demonstrated that finer voxel resolutions yielded detailed structural patterns (high cell counts) with smaller filled volumes, whereas Scan 1 reflected efficient coverage of large structural components with fewer, larger voxels. This analytical comparison emphasizes the importance of adaptive voxel sizing in accurately characterizing spatial heterogeneity within architectural LiDAR datasets.
3.3 Accuracy assessment of 3D point cloud and octree model through morphometric analysis and its validation with the field measurements
Evaluation of the error implies that the outcome of the point cloud and octree model is accurate. The error is calculated between the actual value and the observed value. Calculating the error helps to determine how close an observed value is to the actual value of a measurement. Surveys can be used to develop a hypothesis and then test it to determine how far the result is from the exact value in the investigation.
Statistical measures, Mean Absolute Error (MAE) and Standard Deviation (SD), evaluate the accuracy of observations as shown in Equations 3 and 4, respectively. MAE estimates the average absolute difference between the field and observed measurements from point and octree models. SD measures the variability of the measurements around their mean.
MAE=1n∑i=1nxi−yi(3)
where:
xi - estimated value
yi - actual value
n - number of measurements
SD=1n∑i=1nxi−x¯2(4)
where,
n - total number of data points
xi - each individual data point
x¯ - mean (average) of all data points
In this study, the dimensions of the palace are measured on-site. The dimensions of the palace are determined using on-site measurements. The palace has two distinct width measurements: one obtained from the front perspective, which is taken from the roadside, and the other obtained from the back view, which is taken from the opposite end. The TLS measures the dimensions of the palace model, including its length, width and height, as shown in Figure 8. The obtained dimensions compute the area of the palace. The measurements of L1 and L2 corresponding to W1 and W2 are taken individually to calculate area separately and then added together to determine the total area. The height of the two floors, the ground floor and the first floor, is measured. H1 and H2 are the height of the ground floor and first floor, respectively. The span of the main, secondary doorways and width of the columns were also measured. The measurements collected from the field and the two kinds of models are compared. The percentage error of all the parameters was determined using the measurements. Table 4 provides the precise measurements of the parameters’ dimensional details. From the table, it can be observed that there is a difference in the measurements between the point cloud and octree. This error might be due to the inaccuracy of equipment, measurements (human error or tool error), or adjustments made in calculation methods (rounding off, etc.). This error calculation determines the accuracy of the model and the field results.
[image: Two 3D renderings of a building are shown for comparison. Figure a displays two measurements with distances of 11.491165 and 8.474359, marked by magenta lines. Figure b shows similar measurements with values of 11.494180 and 8.574274, also marked with magenta lines. Both images include tables with delta X, Y, and Z values in different colors.]FIGURE 8 | Typical length measurement taken from (a) the point cloud model (top) and (b) the octree model (bottom).TABLE 4 | Dimensional details.	Measurements	Field measurements	Point cloud measurements	Octree measurements
	L1	8.5 m	8.473459 m	8.574274 m
	W1	5 m	4.965533 m	5.043939 m
	L2	11.5 m	11.491165 m	11.494180 m
	W2	3.5 m	3.475289 m	3.508781 m
	H1	3.5 m	3.484146 m	3.478649 m
	H2	3.5 m	3.475050 m	3.528466 m
	A	82.75 m2	82.010 m2	83.579 m2
	Span of the main entrance/doorway	2 m	1.956778 m	2.245123 m
	Span of other doorways	1.5 m	1.511234 m	1.672231 m
	Column width	1 m	0.982649 m	1.223154 m


3.4 Damage assessment
This study focuses on assessing surface damage, primarily spalling and erosion, observed on masonry walls. Surface quality inspection refers to the evaluation of the existing surface condition, which plays a critical role in assessing the safety, durability, and reliability of historical and structural assets (Wu et al., 2022). The investigation concentrated on two selected walls exhibiting visible surface irregularities and volumetric degradation. These volumetric variations in bricks and mortar arise due to natural expansion, shrinkage, thermal fluctuations, and corrosion-related processes (Prizeman et al., 2017).
The evaluation aimed to quantify the volume of material loss caused by the removal or deterioration of plaster and constituent masonry materials in different wall regions. For detailed spatial analysis, two damaged walls arbitrarily named as wall1 and wall2 were examined, with four representative sections (A1, A2, B1, and B2) delineated for close study as shown in Figure 9. Figure 10 presents scalar field representations of these walls, where the colour gradient (Blue < Green < Yellow < Red) indicates the intensity of surface irregularities. Among these, A1 and B1 correspond to brick masonry, while A2 and B2 correspond to stone masonry zones.
[image: Two side-by-side images labeled "a" and "b" compare different wall sections. Image "a" features two highlighted rectangular areas, A1 and A2, on a textured, partially brick surface. Image "b" shows two highlighted areas, B1 and B2, on a smoother wall with subtle brick patterns at the bottom.]FIGURE 9 | (a) wall1 and (b) wall2 from the laser scan.[image: Thermal images showing two views labeled "a" and "b." Both images display arch-shaped structures with varied thermal readings ranging from green to yellow. Image "a" has a more defined texture, while "b" shows less detail.]FIGURE 10 | Scalar fields with intensities of (a) wall1 and (b) wall2.3.4.1 Volumetric assessment using raster analysis
The material loss across sections A1, A2, B1, and B2 was quantified using a 3D spatial analysis workflow that integrates LiDAR-derived point cloud processing with raster-based volumetric estimation. Deterioration was recorded in both mortar joints and brick/stone units, with loss expressed in volumetric terms. Segmented data for each section were exported in standard GIS-compatible formats for integration into ArcMap, a platform suitable for 3D visualization, surface analysis, and geometric quantification.
In ArcGIS, the point cloud data were initially visualized as discrete points and then converted to a Triangulated Irregular Network (TIN) model using 3D Analyst tools (Kushwaha et al., 2019). The TIN framework enables detailed surface representation and facilitates elevation-based analysis (López-Herrera et al., 2025). Since no pre-damage or archival 3D models were available, the relatively undamaged portions of each wall were used as local reference surfaces, representing the presumed original geometry. While this assumption introduces some uncertainty due to natural irregularities in historical masonry, it provides a reasonable baseline for quantifying relative volumetric losses caused by spalling and erosion. Separate TIN models were constructed for both damaged and undamaged (reference) areas. Figure 11 shows the resulting TIN models for all four sections and their corresponding reference surfaces. Even the reference model exhibited minor surface undulations, demonstrating the sensitivity of LiDAR data in capturing minute textural variations on the wall surface.
[image: Four terrain elevation maps labeled A1, A2, B1, and B2, display varying shades of green, red, orange, and gray representing different elevations. A legend at the bottom shows the color gradient from high to low elevation, with "TIN" labeling the sections.]FIGURE 11 | TIN model with elevation for (A1,A2,B1,B2), and the reference portions.In the TIN representation, white zones denote higher elevations (surface protrusions), while blue zones represent lower elevations (surface recessions), enabling intuitive visual identification of damage extents. The TIN model thus served as a spatial foundation for differentiating degraded areas from intact regions.
Following TIN creation, the point data were converted into raster format, with each raster cell storing an elevation value. Using the Raster Calculator tool, the elevation of the damaged wall surface was subtracted from that of the reference (undamaged) wall:
Δ Elevation=Ereference−Edamaged
This difference map isolates the elevation discrepancies corresponding to material loss zones. The resulting raster delineates areas of reduced elevation, representing spalled or eroded regions. Subsequently, the total volume of material loss was computed by summing the negative elevation differences across all raster cells, producing a precise, spatially resolved quantification of surface degradation.
This workflow provides both a numerical estimate of material loss and a visual map of deterioration intensity for brick and stone masonry. Such information is critical for designing targeted restoration strategies and understanding weathering mechanisms that affect long-term material performance in heritage structures.
3.4.2 Volumetric assessment by convex hull algorithm
For further accuracy, volumetric computations were also performed using a Convex Hull-based approach following surface reconstruction. Since raw LiDAR point clouds consist of unstructured points without explicit geometric continuity, a surface reconstruction step was essential to generate a continuous mesh that represents the wall geometry. This surface continuity not only facilitates visual analysis but also supports Finite Element Analysis (FEA), digital twin synchronization, and structural deformation studies by ensuring geometric smoothness and topological coherence. Figure 12a illustrates a typical reconstructed surface, while Figure 12b shows convex hull fitting around the reconstructed geometry.
[image: Panel a shows a detailed 3D texture map of a rough surface with a complex, woven pattern on a black background. Panel b displays a 3D model of an elongated, faceted geometric object in shades of gray, also against a black background. Both images include coordinate axes for spatial reference.]FIGURE 12 | (a) Typical surface reconstruction. (b) Typical convex hull fitting.The Ball Pivoting Algorithm (BPA) was adopted for surface reconstruction. BPA interpolates dense point clouds to generate a triangle mesh by simulating a virtual sphere that “rolls” over the points, forming triangular facets where the sphere contacts three points (Bernardini et al., 1999; Maiti and Chakravarty, 2016). The process starts with a seed triangle, and the sphere pivots around its edges to form adjacent triangles, resulting in a geometrically coherent mesh. The algorithm is geometrically intuitive, memory-efficient, and capable of producing topologically consistent manifold surfaces. Its effectiveness, however, depends on point-cloud density, noise level, and ball radius selection.
Incorporating voxel-based indexing further enhances BPA robustness for large and irregular datasets, making it suitable for surface modelling and photogrammetry-driven 3D reconstruction from dense multi-view imagery (Ma and Li, 2019). Surface reconstruction prior to convex hull generation ensures volumetric consistency, minimizing noise-related irregularities and enabling the convex hull to tightly envelop the true geometry of the damaged surface.
Subsequently, the Convex Hull algorithm was applied to the reconstructed sections (A1, A2, B1, B2) to compute the volumetric loss due to material detachment. The convex hull fitting technique (Gao et al., 2013) estimates the volume of a damaged region by enclosing all surface points within the smallest convex polyhedron. The resulting envelope tightly wraps the damaged surface, providing a straightforward and efficient volumetric estimation method. This approach is particularly well-suited for identifying spalling, surface delamination, and other forms of localized material loss.
The combined use of BPA-based surface reconstruction and convex hull fitting offers a balanced framework ensuring geometric precision, minimizing interpolation errors, and yielding accurate volumetric estimates of the deteriorated regions.
4 RESULTS AND DISCUSSIONS
4.1 3D reconstruction of Abdullahpuram palace using LiDAR technology
The 3D reconstruction of the Abdullahpuram palace was conducted using the advanced non-destructive imaging technique known as LiDAR (Light Detection and Ranging) or Terrestrial Laser Scanner. This process resulted in the creation of a 3D point cloud model that captures intricate details of the palace’s ancient architectural style, design, and the materials employed in its construction.
The 3D reconstruction of the Abdullahpuram Palace was conducted using an advanced non-destructive imaging technique, namely TLS or LiDAR. The process resulted in the creation of a dense and georeferenced point cloud model that captured intricate architectural details, spatial geometry, and surface morphology of the heritage structure with millimetric accuracy. The generated dataset not only provides a digital replica of the physical structure but also serves as a spatial archive for heritage documentation, structural diagnostics, and future restoration planning.
4.1.1 Architectural interpretation through 3D reconstruction of the palace
The reconstructed model provides an interpretive visualization of the architectural elements, revealing the stylistic and structural coherence of the palace’s design. All identified features were interpreted directly from the regenerated 3D model shown in Figure 5, substantiating the relevance of model-based architectural analysis in heritage documentation.
4.1.1.1 Symmetry of the palace
The facade exhibits bilateral symmetry and modular proportions, a hallmark of Indo-Islamic architecture (Ebba Koch, n.d.; Gupta et al., 2024). The analysis was performed by drawing a central axis through the facade and measuring corresponding halves. The equal dimensions validated the bilateral symmetry, as shown in Figure 5. This structural regularity, reconstructed digitally through TLS, confirms the geometric discipline followed by traditional craftsmen and ensures objective quantification of spatial uniformity. The symmetry reflects aesthetic balance and structural harmony, enhancing both visual rhythm and spatial coherence.
4.1.1.2 Arches and openings
The 3D model identifies segmental and pointed arches, as shown in Figure 5, which are typical of Mughal-Deccan influence (Kishor and Hadi Ensaif, 2025). The larger arched openings serve as doorways or iwans leading into the main halls, while vertically aligned smaller arches act as ventilating niches, consistent with climatic adaptation strategies. The ability of the 3D reconstruction to distinctly segregate arch typologies demonstrate the potential of TLS-based modelling in architectural taxonomy and digital archiving. The ground floor comprises small arched niches, known as lamp niches, used for decorative or illumination purposes, whereas the first floor exhibits repetitive arched niches functioning as ventilation openings.
4.1.1.3 Decorative motifs and surface articulation
Motifs, stucco ornamentation, and carved recesses surrounding arches are discernible from the 3D model, reflecting Indo-Islamic decorative traditions (Gupta et al., 2024). These ornamentations, extracted from the reconstructed data, reveal the fine surface reliefs that are difficult to measure in field surveys alone, emphasizing the value of 3D scanning in micro-level documentation.
4.1.1.4 Interior dome
The interior features a domical ceiling resting on squinches, concealed externally by a flat terrace roof with gentle falls for drainage. The reconstruction clarifies this structural duality - an inner domical load-bearing system beneath an outer flat terrace as a characteristic of Indo-Islamic geometry. The dome enhances acoustic quality and visual aesthetics, while stucco ornamentation further enriches the interior detailing.
Overall, the regenerated 3D model successfully identified, classified, and documented critical architectural typologies, proving that the reconstruction is not merely visual but a tool for geometric validation, stylistic interpretation, and digital preservation.
4.1.2 Point cloud model
The initial TLS point cloud data were processed to remove noise and redundant points, yielding a refined dataset with high spatial accuracy. Each point in the model was defined by XYZ coordinates and colour (RGB) intensity values. This dataset forms the foundation for geometric measurements, volumetric computations, and surface analysis.
The point cloud captured intricate geometries and was further processed for alignment, segmentation, and feature extraction. The data were versatile and easily exportable into formats compatible with modelling software for conservation design, structural analysis, and reconstruction planning. Additionally, the point cloud serves as a digital heritage archive that can be repeatedly accessed for non-invasive structural analysis and restoration documentation.
4.1.3 Octree model
The octree model, derived from the 3D point cloud, organizes spatial data hierarchically. Each node subdivides into eight octants, resulting in a tree-like structure. This structuring enhances computational efficiency, supports multi-resolution visualization, and allows faster data queries without loss of geometric integrity.
Table 3 presents variations in cell size, count, and filled volume across different scans. These variations indicate differences in surface complexity and feature density. Smaller cell sizes capture finer surface details but increase computational load, while larger cells simplify geometry at the cost of detail precision. The absence of a consistent correlation between cell count and filled volume suggests that both structural characteristics and scan geometry influence volumetric representation. This reinforces that cell size and octree depth must be optimized according to the feature scale and analytical purpose.
The octree structure provides a scalable spatial framework that supports resource allocation, infrastructure planning, and volumetric modelling in digital conservation contexts. The scans in Table 3 show considerable variation in cell size, cell count, and filled volume. This indicates that each scan captured different structures or features within the same or different environments. The balance between cell size and cell count is crucial for representing different volumes accurately. Smaller cell sizes have generally increased the cell count and can capture finer details, but this does not always translate to a larger filled volume. Larger cell sizes can lead to capturing larger filled volumes, as seen in Scan 1 in Table 3, but this is not consistently true across all scans.
There is no clear correlation between cell count and filled volume, as observed in Table 3. The observation suggests that filled volume is not solely dependent on cell count but is also influenced by the cell size and possibly the specific structure or content being scanned. Larger cell sizes, as in Scan 1, can result in larger filled volumes with fewer cells, suggesting an efficient capture of large structures. Scans five and six in Table 3 show that smaller cell sizes capture more detailed structures (reflected in higher cell counts) but result in smaller filled volumes.
4.1.4 Comparative analysis of point clouds and octree models
Both point cloud and octree models serve distinct but complementary purposes. The point cloud directly represents spatial coordinates, while the octree conveys hierarchical spatial organization. While point clouds retain maximum geometric detail, octree-based models enhance storage efficiency, rendering speed, and analytical scalability.
The point cloud offers intricate detail suitable for architectural documentation and fine-scale measurement. The octree model, though less detailed, is computationally optimized, making it ideal for volumetric analyses and integration into GIS or BIM systems. Hence, their combined application provides an optimal framework of point cloud for micro-level accuracy and octree for macro-level efficiency.
4.1.5 Validation of the 3D model (cloud-to-mesh distance analysis)
Geometric validation was conducted using Cloud-to-Mesh (C2M) analysis to assess the alignment accuracy between the reconstructed model and the reference TLS mesh. Distances were computed as orthogonal offsets from evaluation points to the reference mesh with a maximum search radius of 5 mm.
The mean deviation was 0.185 mm, standard deviation 0.063 mm, and RMSE 0.196 mm. These minimal deviations confirm the geometric reliability of the reconstruction, with negligible distortion or registration error. Figure 13 presents the deviation map and corresponding Gauss distribution.
[image: Panel (a) displays a 3D model with blue coloring, showing a coordinate marker and a range of C2M signed distances. Panel (b) presents a histogram of intensity distribution, displaying a Gauss curve with a mean of 0.185495 and a standard deviation of 0.063257 across 650 classes, transitioning from green to yellow.]FIGURE 13 | (a) Deviation map and (b) Gauss distribution of the model.The statistical consistency of these parameters demonstrates that the 3D reconstruction retained the precision of the original TLS data, validating its applicability for structural analysis, deformation monitoring, and heritage documentation.
4.2 Accuracy assessment
Accuracy was quantified by comparing TLS-derived measurements against field-surveyed dimensions using Mean Absolute Error (MAE) and Standard Deviation (SD). The point cloud model exhibited an MAE of 0.0947 m and SD of 0.2270 m, while the octree model showed 0.1652 m and 0.25 m, respectively.
The lower MAE and narrower error distribution for the point cloud in Figure 14 demonstrate its superior precision, particularly for dimensional and surface-based analyses.
[image: Box plot comparing error distribution between point cloud error (blue) and octree error (orange). Point cloud error shows minimal variation, concentrated around 0.1. Octree error displays greater variation, ranging from 0.1 to about 0.9.]FIGURE 14 | Error distribution of point cloud and octree model.Both models produced occasional outliers, primarily associated with area and opening measurements. The octree model exhibited broader deviations due to voxel approximation and discretization. Thus, while the octree facilitates rapid spatial assessment, the point cloud remains indispensable for sub-decimeter accuracy.
While the overall accuracy is commendable, the minor discrepancies in area estimation arise from voxel discretization and projection rounding, rather than from measurement error.
Based on the findings of the statistical analysis, the following hypotheses can be proposed:
	The larger 3D cells in the octree model may represent multiple points, leading to a less precise approximation when the depth is not adequately refined. This condition results in higher inaccuracies during dimension measurements compared to the point cloud model.
	Additional measurement errors might occur if the distribution of points within the octree cells is not uniform when compared to the actual point cloud data.
	Errors in the point cloud data may increase due to inaccurate point selection during the measurement process.

Overall, the analysis suggests that both measurement techniques have their strengths and weaknesses, warranting careful consideration of their applications in precise geometric assessments.
4.3 Damage assessment
4.3.1 Visual analysis of damaged walls
Figures 9, 10 depict surface damage visualized through intensity and scalar field representations. Low-intensity (blue) regions denote degraded surfaces with low reflectivity, whereas high-intensity (red) regions correspond to intact and smooth surfaces.
The correlation between laser return intensity and surface roughness validates the efficacy of LiDAR in differentiating between damaged and undamaged zones.
Raster-based elevation models shown in Figure 11 corroborate scalar field observations, reinforcing the consistency of damage representation across analytical techniques.
4.3.2 Profile analysis of surface irregularities
Profiles derived from wall sections A1, A2, B1, and B2 as in Figure 15 illustrate variable depths of deterioration. Pronounced cavities and uneven contours reflect localized spalling and erosion. The reference section demonstrates an undisturbed alignment, serving as the comparative baseline.
[image: Five side-view 3D-rendered models labeled a to e, depicting different levels of detail in layered structures with golden textures against dark backgrounds. Variations in texture and surface features are visible across each model.]FIGURE 15 | Side-view profile of (a) A1, (b) A2, (c) B1, (d) B2 and (e) reference section.This cross-sectional evaluation establishes a direct geometric correlation between the depth of damage and its spatial extent, validating the utility of TLS in quantifying surface loss.
4.3.3 Quantitative assessment of material loss
Material loss was quantified using two complementary methods viz., raster-based volumetric estimation and convex hull fitting as in Table 5. The raster approach computed elevation differences between damaged and reference surfaces, while convex hull fitting approximated the enclosing envelope of damaged zones.
TABLE 5 | Quantification of Surface damage.	Portion	Volumetric assessment by raster analysis (m3)	Volumetric assessment by convex hull fitting (m3)
	A1	0.0218	0.0331
	A2	0.0272	0.0298
	B1	0.0222	0.0258
	B2	0.0190	0.0212


Raster analysis yielded more realistic estimates due to its sensitivity to surface irregularities, whereas convex hull fitting tended to overestimate volumes owing to its convex assumption. Both methods, however, produced comparable results within acceptable error margins, confirming the reliability of TLS-based volumetric evaluation for restoration planning.
4.4 Applicability to conservation and retrofitting
The 3D point cloud and octree models extend beyond visualization, offering quantifiable insights into surface degradation, volumetric deformation, and material erosion. These models form a digital baseline for monitoring deterioration trends and guiding conservation priorities. Segmented elements such as arches, walls, and cornices can be individually assessed for structural integrity and load response. Furthermore, integration with Finite Element Modelling (FEM) and Building Information Modeling (BIM) frameworks allows simulation of stress distribution and retrofitting strategies.
Thus, the study bridges the gap between 3D documentation and actionable conservation planning, demonstrating the operational value of LiDAR-based data for informed heritage management.
5 CONCLUSION
The study demonstrates the effectiveness of terrestrial LiDAR in achieving high-precision 3D reconstruction, geometric validation, and quantitative damage assessment of heritage structures.
The point cloud model provided sub-centimeter accuracy, enabling detailed architectural interpretation, while the octree model optimized volumetric computation and visualization efficiency. The dual application of these models supports both detailed documentation and large-scale structural assessment.
Through raster and convex hull analyses, material loss was quantified objectively, highlighting the potential of TLS in condition monitoring and restoration planning.
Overall, this integrative framework advances the scope of digital heritage documentation by coupling geometric accuracy with conservation applicability, establishing a replicable model for architectural and structural evaluation of historic monuments. It establishes a transferable model for interdisciplinary domains including digital preservation, archaeology, and architectural forensics. Furthermore, it aligns with and directly supports sustainable infrastructure development as articulated in UN Sustainable Development Goals, particularly SDG 9 (Industry, Innovation, and Infrastructure) and SDG 11.4 (Conservation of cultural and natural heritage).
For subsequent research, the integration of Machine Learning (ML), Deep Learning (DL), and Building Information Modeling (BIM), coupled with Finite Element Analysis (FEA), is recommended to enable predictive modelling of structural behavior under varied stress conditions. Such advancements would further enhance the precision, automation, and scalability of heritage documentation workflows.
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Sarphimietie Geometrical characterization Volume of material loss through Damage
analysis using 3D point cloud and envelope fitting (Convex Hull) Asi:;sl'l'l‘)e“t
Octree model
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calculator)
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