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loads and environmental excitations. In the context of Structural Health Monitoring (SHM), 

three-dimensional (3D) displacement and deformation serve as the primary kinematic 

observables that directly quantify the mechanical response and stability state of these 

systems. Consequently, the continuous monitoring of these field parameters is critical for 

operational safety and disaster prevention [4]. In this regard, 3D model monitoring 

technology has emerged as a transformative approach for advancing SHM capabilities by 

creating dynamic virtual replicas that integrate dynamic full-field 3D displacement and 

deformation data with reconstructed 3D models [5]. By accurately replicating the actual 

operational state of physical structures, 3D models enable realistic visualization of structural 

responses under various loading conditions and environmental changes. This high-fidelity 

representation facilitates a comprehensive understanding of structural behavior, thereby 

supporting timely risk assessment and informed decision-making for lifecycle safety 

management of large-scale complex geological engineering structures [6].

   Currently, conventional monitoring techniques for complex geological engineering 

structures predominantly rely on contact-based sensors, such as displacement sensors [7], 

and fiber optic sensors [8], which measure local deformation at discrete key points on the 

structure. While these instruments can achieve high precision at individual locations, point-

based sensor technology may only collect measurements where sensors are installed [9], 

resulting in sparse data coverage. Practical large-scale complex geological structures 

typically span hundreds of meters with intricate geometric configurations, making sparse 

point measurements inadequate for capturing full-field deformation across entire structural 

surfaces. To address these limitations, non-contact measurement techniques have been 

introduced, including Global Navigation Satellite System (GNSS) [10], Terrestrial Laser 

Scanning (TLS) [11], and Interferometric Synthetic Aperture Radar (InSAR) [12]. However, 

these methods face significant challenges in creating high-fidelity and dynamic 3D models 
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for complex geological structures. GNSS offers wide-area coverage, but its meter-level 

accuracy may be insufficient for capturing fine-scale deformation. InSAR provides regional 

monitoring but is also limited to sub-meter accuracy, which may be inadequate for detailed 

3D deformation analysis. Although TLS produces high-quality point clouds, scanning large 

and geometrically complex geological features requires considerable effort and multiple 

setups. This method needs specialized equipment, multiple scan positions, and professional 

skills, making it expensive, labor-intensive, and time-consuming. Moreover, high costs, often 

hundreds of thousands of dollars, greatly limit their use in regular monitoring, thus 

preventing the frequent measurements needed for dynamic monitoring systems.

To address these challenges, researchers are investigating computer vision-based methods 

as a viable alternative for 3D model generation and deformation measurement of geological 

structures [13]. Among these approaches, Digital Image Correlation (DIC) [14] has emerged 

as an important representative technique and has been applied for monitoring retaining 

structures and landslides [15, 16]. However, traditional DIC requires random patterns on 

structural surfaces, which often need to be applied artificially. Applying such patterns is 

impractical for large-scale complex geological structures [17]. Additionally, single-camera 

DIC can only measure in-plane deformation. To obtain 3D deformation, at least two cameras 

must be configured and carefully calibrated to establish a stereo system [18]. In complex 

field environments, such multi-camera systems are susceptible to camera set-up vibrations, 

environmental disturbances, and adverse weather conditions  [19, 20], which may 

compromise measurement accuracy for long-term monitoring. Consequently, Unmanned 

Aerial Vehicle (UAV)-based 3D reconstruction methods have emerged as a promising 

solution [21]. Combining image-based 3D reconstruction algorithms with consumer-grade 

UAVs offers advantages including efficiency, accessibility, affordability, and safety [22]. 

First, multi-view images with a commonly 60-80% overlap of geological structural surfaces 
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achieve adequate quality, particularly for large-scale complex geological structures [29]. On 

the other hand, MVS approaches generally offer better reconstruction quality, by first 

applying Structure from Motion (SfM) to recover camera poses and sparse 3D points through 

feature matching [30], and then using densification algorithms to generate detailed 3D 

models [31]. MVS-based methods have been successfully employed for reconstructing civil 

structures [32, 33] and urban geological surface structures [34]. Nevertheless, MVS may face 

challenges in textureless regions or geometrically intricate surfaces, as reconstruction relies 

on identifying feature correspondences and maintaining photometric consistency across 

views [31]. Deep learning-based Multi-View Networks (MVNet) exhibit superior 

performance, with successful applications including 3D reconstruction and deformation 

estimation of geological retaining structures [23, 24]. However, their application remains 

constrained by requirements for extensive labeled training data and limited generalization 

capabilities.

In recent years, with the rapid development of Artificial Intelligence (AI), novel neural 

rendering techniques have greatly advanced the field of 3D reconstruction. Neural Radiance 

Field (NeRF) represents scenes using implicit neural networks that learn geometry and 

appearance from multi-view images without requiring explicit training datasets [35, 36]. 

NeRF has been applied to surface geological bodies reconstruction [37], demonstrating high 

reconstruction fidelity even in challenging conditions. Moreover, NeRF has not yet been 

utilized for 3D deformation measurement applications. Nevertheless, NeRF suffers from 

significant computational demands and reduced accuracy in low-texture regions typical of 

large-scale complex structures due to its dependence on Multi-Layer Perceptron (MLP) 

driven volumetric rendering. Recently, the emergence of 3D Gaussian Splatting (3DGS) [38] 

has led to significant progress in 3D reconstruction. 3DGS significantly reduces 

computational costs through a probabilistic splatting strategy while improving rendering 
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accuracy by better capturing view-dependent effects and fine geometric details [38]. Recent 

research has utilized 3DGS for civil infrastructures, including 3D building reconstruction and 

crack identification [39]. Despite such important capabilities, no existing research has 

explored 3DGS in geological engineering for reconstructing complex structural models and 

measuring their 3D displacement fields.

Nevertheless, the direct application of 3DGS to large-scale complex geological structures 

for reconstructing 3D models and measuring deformation faces two key challenges:

1) 3DGS generates Gaussian-based point clouds that cannot be directly used for 

deformation analysis and require conversion to mesh representations. 3D mesh 

representations are essential to establish topological connectivity, which defines a 

continuous physical surface for rigorous displacement quantification. However, as 

differentiation may amplify noise, raw unstructured point clouds may be ill-suited for 

any subsequent derivative-based mechanical analysis [14] without robust smoothing, 

necessitating a method that ensures geometric fidelity. Moreover, unlike common civil 

infrastructure with relatively regular geometries and smooth surfaces, large-scale 

complex geological structures exhibit highly irregular topographies with non-uniform 

surface characteristics spanning hundreds of meters. This geometric complexity makes 

direct mesh conversion extremely challenging and computationally intensive.

2) Using mesh for 3D deformation field calculation typically requires registering point 

clouds from different time periods through the Iterative Closest Point (ICP) algorithm. 

Subsequently, the Multiscale Model to Model Cloud Comparison (M3C2) algorithm is 

applied to compute the 3D deformation field [23, 24]. However, natural geological 

structural surfaces are extremely rough with significant non-linear curvature features 

such as landslide bulges and collapse deposits, accompanied by substantial noise in the 

data. These characteristics make it difficult for traditional M3C2 [40] to detect full-
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field 3D subtle geological deformations, which are typically below 10 mm and quite 

critical for early warning systems, but also introduce significant noise that would 

corrupt any subsequent derivative-based mechanical analysis [14].

To address these challenges, this paper proposes a method for realistic 3D model 

generation and full-field 3D deformation measurement of large-scale complex geological 

structures. First, for robust 3D mesh extraction, a Planar-based Gaussian Splatting 

Reconstruction (PGSR) representation [41] is specifically introduced to achieve high-fidelity 

3D scene reconstruction and mesh extraction of large-scale complex geological structures. 

Then, for more accurate 3D deformation analysis, a Sharpened Gaussian Kernel M3C2 

(SGK-M3C2) algorithm is proposed. Functioning similarly to local polynomial smoothing in 

DIC [14], the SGK spatially filters noise on rough geological surfaces, ensuring the 

robustness of the derived deformation fields. The main contributions are outlined below:

1) This research fills an important gap by exploring 3DGS for realistic 3D model 

generation and full-field 3D deformation measurement of large-scale complex 

geological structures, thereby enabling realistic generation and accurate 3D 

deformation monitoring of such structures.

2) PGSR is further introduced to address the challenge of reconstructing irregular 

geological topographies, by utilizing planar flattening and unbiased depth rendering to 

ensure global geometric consistency and high-fidelity 3D mesh surface extraction.

3) SGK-M3C2 is proposed to enhance 3D deformation measurement accuracy on rough 

geological surfaces. By developing a sharpened weighting kernel and coordinate 

centralization, this method robustly filters noise to capture millimeter-level full-field 

3D deformations, providing a physically consistent and smooth geometric basis 

essential for structural mechanical assessment in noisy practical engineering 

environments [14].
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by accumulating color and opacity along sample points:

,                                       (2)

where  is the camera origin,  denotes the distance along the ray,  and  represent the near and 

far integration bounds, respectively. The term  is the accumulated transmittance. While NeRF 

achieves photorealistic quality, its volumetric ray-marching is computationally expensive and 

lacks an explicit geometric definition.

To address limitations of NeRF, 3DGS [38] replaces the continuous field with a discrete 

set of anisotropic 3D Gaussians. A structural comparison between NeRF and 3DGS is 

illustrated in Fig.3. Each 3D Gaussian is defined by a position , a covariance matrix , color , 

and opacity . For a given 3D point , the Gaussian's influence is:

.                                      (3) 

Instead of ray marching, rendering is achieved via a differentiable tile-based rasterizer. The 

final pixel color  is computed using -blending of the sorted two-dimensional (2D) splats, 

thereby avoiding ray marching:

,                                      (4) 

where  denotes the ordered set of Gaussians intersecting the ray.

   This approach enables real-time rendering and high-quality visuals. However, standard 

3DGS produces unstructured point clouds with geometric noise and artifacts [39], which 

cannot be directly converted to the watertight meshes required for subsequent point cloud 

comparison and deformation analysis of large-scale complex geological structures. This 

limitation is due to the fundamental gap between visual fidelity and geometric accuracy. 

While 3DGS excels at visual rendering, geological monitoring of large-scale complex 

structures requires rigorously defined physical surfaces to detect millimeter-level 3D 

deformations. Notably, although recent developments in the 3DGS field, such as GigaGS 

[53] for large-scale parallel reconstruction and WildGaussians [54] for dynamic occlusion 
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mesh model  ​onto the stable reference mesh model ​. This algorithm iteratively minimizes the 

sum of squared distances between corresponding point pairs to find the optimal rotation 

matrix  and translation vector :

,                                        (5)

where  and  represent corresponding 3D mesh points located on stable regions of the rock 

mass, and  is the total number of such 3D mesh point pairs used for alignment. This rigorous 

alignment ensures that subsequent residuals represent true physical deformation rather than 

registration errors.

Once registered, the 3D deformation field can be typically estimated using the traditional 

method of the M3C2 algorithm [23, 24]. This approach involves defining a search space 

around a calculation core point  along the local surface normal unit vector . Point subsets ​ and ​ 

falling within this search space are identified as:

,                        (6)

 where  defines the radius of the search cylinder, determining the lateral spatial scale, and  

represents the cylinder's half-depth along the normal direction. The 3D deformation measured 

by M3C2 [40], , for each calculation core point  is traditionally calculated as the Euclidean 

distance between the arithmetic mean positions, denoted as  and , of these point sets:

.                                              (7)

However, directly applying the traditional M3C2 algorithm to large-scale complex 

geological structures presents significant limitations. The method relies on simple arithmetic 

averaging, treating all points within the search cylinder equally, regardless of their distance 

from the calculation core. For geological surfaces with high roughness and non-linear 

curvature, such as irregular landslide features, this uniform weighting causes spatial blurring 

and loss of spatial resolution, which blurs sharp deformation boundaries. Additionally, this 

lack of spatial weighting makes the algorithm sensitive to lateral noise and outliers from 
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explicitly decomposed as:

,                                  (9)   

where ​ represents a  orthogonal rotation matrix defining the Gaussian's orientation in the 

world coordinate system, where its columns correspond to the principal axis directions, ​ is a 

diagonal scaling matrix controlling the Gaussian's size along its local axes, and ​ denote the 

specific scalar lengths along the local , , and  axes, respectively. Specifically, the  and  axes 

correspond to the width and height of the splat, representing the tangential directions that 

define the surface plane, and the  axis corresponds to the depth of the splat, representing the 

normal direction perpendicular to that surface.

By constraining the shortest scaling factor  to approach zero, the Gaussian can be flattened 

into a 2D disc. The eigenvector corresponding to ​ in ​ thus becomes the normal vector  of the 

geological surface. This regularization can prevent volumetric noise reconstruction in 

texture-poor regions, thereby ensuring that the model represents physical geological surface 

facets.

Accurate depth measurement is critical for the subsequent 3D deformation field estimation 

on steep and rough geological topography. Standard 3DGS introduces bias by blending 

Gaussian center positions ​, which may cause errors when surfaces are slanted relative to the 

viewing direction. PGSR can eliminate this bias by computing depth based on exact ray-

plane intersections [41]. For a camera ray , the unbiased intersection distance ​ can be derived 

as:

.                                                       (10) 

The final depth  and normal  are computed via -blending:

                                     (11) 

where  represents the final blending weight of the -th Gaussian primitive to the current pixel. 

This ensures metrological accuracy on cliffs and overhangs, thereby preventing geometric 
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misinterpretations during subsequent deformation detection. Then, to ensure surface 

continuity suitable for numerical analysis, geometric regularization is incorporated. The total 

objective function  balances the photometric rendering loss  with physical constraints using 

weighting hyperparameters  and :

.                         (12) 

Here,  minimizes the pixel-wise error between rendered and ground-truth images. The 

flatness term  penalizes the magnitude of the smallest scaling factor  to enforce planar 

geometry. The geometric consistency term  minimizes the -norm distance between the 

predicted surface normals  and the pseudo-normals derived from the gradient of the depth 

map . Specifically, the pseudo-normals are computed by normalizing the gradients, that is, , to 

ensure unit length for consistent geometric comparison.

Following optimization, the unbiased depth maps are integrated using TSDF fusion [57]. 

The final high-fidelity mesh  is extracted as the zero-level iso-surface of the global TSDF 

volume , thereby representing the set of all 3D points  in the Euclidean space  where the 

signed distance is zero:

.                                            (13) 

The resulting watertight mesh is essential for geological engineering applications, enabling 

accurate volume loss calculations for geological failures and providing robust geometry for 

Finite Element Analysis (FEA) stability simulations. The overall application and intuitive 

technical workflow of the PGSR representation for large-scale complex geological structures 

are shown in Fig. 5.
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