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A hydropower plant digital twin integrates real-time data and simulations to optimize performance, 
monitoring, and maintenance. Generating accurate 3D geometry is crucial but challenging due to complex 
structures, occlusions, and noisy laser scan data. This deliverable presents a robust segmentation pipeline for 
point cloud processing, component relationship mapping, and mesh generation. The resulting framework 
serves as a foundational step toward creating a comprehensive dam digital twin.
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The project D-HYDROFLEX - Digital solutions for improving the sustainability performance and FLEXibility 
potential of HYDROpower is funded through the European Union's HORIZON Research and Innovation 
Action under the topic HORIZON-CL5-2022-D3-03-08/Development of digital solutions for existing 
hydropower operation and maintenance and responds to the Call HORIZON-CL5-2022-D3-03/Sustainable, 
secure and competitive energy supply.

The European energy system is undergoing a significant transformation: decarbonization, security of supply, 
deployment of renewables and their integration into the market, generating significant opportunities and 
challenges for energy stakeholders. Despite all energy efficiency efforts, overall demand for decarbonized 
electricity is set to be significantly higher in 2050 than today due to the decarbonization of the heating, 
cooling, transport and many industrial sectors, which can only be achieved via efficient and smart 
electrification. 

Hydropower is a key technology in supporting the European pathway to a decarbonized energy system and 
to achieving global leadership in renewable energy generation. It consists of a renewable and highly 
sustainable electricity resource and can supply the European power system with stability and valuable 
flexibility. In addition, hydropower reduces the 
benefits for society in the river basins such as support to irrigation, water supply and flood control. 

The D-HYDROFLEX project aims to advance excellence in research on digital technology for hydropower 
paving the way towards more efficient, more sustainable, and more competitive hydropower plants in 
modern power markets.

To this end, D-
plants based on sensors, digital twins, AI algorithms, hybridization modelling (power-to-hydrogen), cloud-
edge computing and image processing. 

The core pillars of the project are: 
digitalization, (i.e., digital twins for hydro dams and machinery, weather and flow forecasts, cyber 
resilience tools),
flexibility, (i.e., coordination with hydrogen, storage and VPP operation) and 
sustainability, (i.e., biodiversity and environmental indicators monitoring). 

Validation will take place in 7 hydro plants operated by EDF (France), TEE (Poland), PPC (Greece), TASGA 
(Spain) and INTEX (Romania), covering different geographical areas of Europe.

D-HYDROFLEX is a 36-month long project started in September 2023.
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This deliverable presents the AI-driven process for generating geometric Digital Twin models of dams
outlining the development pipeline of HYDRO-GDDT tool. The methodology includes automated point 
cloud segmentation, spatial relationship analysis, and mesh conversion to create structured digital 
representations. The objectives include automating point cloud segmentation using AI, establishing 
spatial relationships between components, converting point clouds into mesh representations for 
interoperability, and validating the approach with real-world datasets. These advancements support 
predictive maintenance, structural monitoring, and enhanced decision-making in hydropower plant 

sults, 
with future enhancements focused on improving accuracy, scalability, and computational efficiency. The 
findings will contribute to further developments in Work Package 5 (WP5) and inform exploitation 
strategies in Work Package 7 (WP7) and Work Package 8 (WP8), ensuring more reliable and efficient 
digital twin applications for dam infrastructure.



D4.2: AI-BASED AUTOMATIC GENERATION OF GEOMETRIC 
DIGITAL TWIN MODELS

Page 9

Scope

This deliverable, D4.2 AI-Based Automatic Generation of Geometric Digital Twin Models, outlines the 
development pipeline of HYDRO-GDDT tool for transforming raw point cloud data into a structured 
semantic mesh. The document presents the underlying architecture, methodologies, and algorithms 
utilized in this automated process. It highlights key techniques such as point cloud segmentation, spatial 
relationship analysis, and mesh conversion. Additionally, preliminary results from demonstration site 
data are discussed, showcasing the initial effectiveness of the approach. The document also explores 
future enhancements aimed at improving accuracy, scalability, and computational efficiency, ensuring 
more robust and precise digital twin representations for dam infrastructure.

Dependencies

Deliverable 4.2 builds upon the conceptualization of HYDRO-GDDT, as outlined in Deliverable D3.2 (D-
HYDROFLEX Toolkit Conceptualization). This task relies heavily on data from the PPC (WP4) and 
modeling requirements provided by UCL (WP5) to ensure comprehensive analysis and integration as 
shown in Figure 7. Additionally, further insights into the geometric model and the Dam digital twin will 
be provided in Deliverable D6.2 (Evaluation of D-HYDROFLEX Results and Impact Assessment), which 
will enhance the task's overall scope and understanding. The findings from this task will also inform the 
exploitation plans and strategies presented in Deliverable D7.3 (First Version of the D-HYDROFLEX 
Exploitation Plan and Strategy).

Structure of the deliverable

The deliverable begins with a brief introduction in Section 1, followed by a clear outline of the objectives 
of Task 4.2 in Section 2. Section 3 provides an overview of Digital Twins, with a focus on the Dam Digital 
Twin, and introduces the data model for Task 5.2. It also presents an initial roadmap for Dam data 
modeling and explains how Task 4.2 will support WP5 Task 5.2. Section 4 outlines the datasets utilized 
in this deliverable, including both open-source data and data provided by demonstration partners. In 
Section 5, the current methodology for segmentation, understanding relationships between objects, and 
mesh creation is detailed. Section 6 discusses the results achieved thus far, alongside the current 
limitations of the approach. Finally, Section 7 concludes the deliverable with a summary of findings and 
outlines potential future work to further develop and refine the process.
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The primary objective of this task is to develop HYDRO-GDDT tool, an automated system for generating 
geometric Digital Twins (DT) of dams, enabling efficient digitization and maintenance. This objective will 
be achieved through a combination of advanced machine learning techniques, artificial intelligence (AI)-
based segmentation, and computational geometry methodologies to ensure accurate representation 
and analysis of dam structures. The following sub-objectives outline the key aspects of the task:

1. Automated Point Cloud Segmentation

The first step involves leveraging AI and machine learning approaches to automatically segment the 
registered point cloud data. This step aims to accurately identify and classify dam components based 
on their geometry, material properties, and spatial organization. By training models on static 
datasets, including visuals and thermal imagery, the system will achieve high precision in detecting 
and distinguishing individual dam objects. This will enhance the efficiency of data processing and 
reduce the need for manual intervention, thus enabling scalable and repeatable segmentation.

2. Establishing Spatial Relationships Between Objects

Understanding the interconnections between various dam components is essential for constructing 
a comprehensive Digital Twin model. This step focuses on developing algorithms that analyze spatial 
relationships and infer hidden objects within the structure. By systematically mapping object 
interactions, the process enhances the accuracy of the digital representation, ensuring a more 

assists improvement in predictive 
maintenance, facilitates early detection of potential structural issues, and optimizes operational 
planning for enhanced efficiency and safety.

3. Conversion of Point Cloud Data into Mesh Representations

To facilitate interoperability with commercial software and digital twin platforms, the segmented 
and structured point cloud data will be converted into mesh representations. This step will involve 
creating native converters that ensure compatibility with industry-standard formats. The output will 
enable seamless integration with hydropower plant (HPP) digital twin ecosystems, supporting 
simulation, monitoring, and analysis applications. Efficient mesh generation will also enhance 
visualization, structural assessment, and computational fluid dynamics simulations, enabling more 
effective decision-making processes.

4. Benchmarking and Validation Through Real-World Use Cases

The final objective is to evaluate the performance of the developed system through rigorous testing 
on diverse dam datasets. This validation process will ensure that the automated geometric modeling 
techniques meet accuracy and reliability requirements. By benchmarking against real-world use 

refinements. This step is critical for ensuring the effectiveness of the digital twin foundation model 
in practical applications, ultimately contributing to the long-term sustainability and safety of dam 
infrastructure.
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By achieving these objectives, this task will establish a robust foundation for the digital representation 
of dams, enabling improved structural monitoring, predictive maintenance, and enhanced decision-
making in hydropower plant operations.



D4.2: AI-BASED AUTOMATIC GENERATION OF GEOMETRIC 
DIGITAL TWIN MODELS

Page 12

3.1 Digital twin

A DT is a virtual representation of a physical system that enables real-time monitoring, predictive 
analytics, and operational optimization. DTs integrate sensor data, simulation models, and AI-driven 
analytics to enhance system performance and decision-making. By continuously mirroring real-world 
conditions, DTs provide insights into system health, failure predictions, and performance optimization 
strategies.

DTs are being increasingly applied across industries, including energy, manufacturing, and 
infrastructure. In the hydropower sector, the adoption of Hydropower Plant Digital Twins (HPP DTs) is 
revolutionizing operations by enabling enhanced efficiency, sustainability, and reliability.

An HPP DT is a real-time digital counterpart of a hydropower plant (HPP), integrating sensor data, 
historical records, and predictive algorithms to simulate plant performance, detect faults, and optimize 
operations.

Within D-HYDROFLEX, the HPP DT will play a critical role in:

1. Predictive Maintenance:
Identifying potential failures before they occur using AI-driven diagnostics.
Reducing downtime and maintenance costs.

2. Operational Optimization:
Enabling real-time adjustments to power generation for efficiency.
Simulating various operational scenarios to maximize output.

3. Hydropower Hybridization:
Supporting the integration of hydropower with hydrogen production and other renewable 
energy sources (RES).
Enhancing grid stability and market participation.

4. Environmental Monitoring:
Utilizing acoustic cameras and image processing to track biodiversity and fish migration.
Ensuring compliance with environmental regulations.

By leveraging HPP DTs, D-HYDROFLEX will enhance the flexibility, efficiency, and resilience of 
hydropower assets, ensuring they remain a vital component of Europe's clean energy transition.

3.2 Dam data model

A data model serves as a structured framework for collecting, storing, and processing information efficiently. 
In hydropower operations, data models are crucial for handling various types of datasets, such as sensor data, 
structural analysis reports, environmental monitoring outputs, and operational logs. These models facilitate 
real-time decision-making, predictive maintenance, and integration with DTs.

In D-HYDROFLEX, the development of a HPP Data Model is pivotal for ensuring interoperability between 
different digital tools, predictive analytics, and automated operational frameworks (Park, 2023). The 
model will encompass structured data representations that streamline information flow between hydro 
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turbines, dams, and control systems, enhancing operational efficiency and long-term asset 
management.

3.3 Roadmap to the HPP Data Model

The HPP Data Model (HYDRO-DAM tool) in D-HYDROFLEX will be developed through a multi-phase 
approach, ensuring that data from different sources is harmonized and effectively utilized (Schroeder, 
2016).

1. Data Acquisition and Preprocessing (T4.2)
Collection of high-resolution dam geometry data using static datasets, registered points, and 
visual data.
Application of AI and machine learning techniques to define dam objects and infer hidden 
structures (e.g., pipes embedded in walls).
Conversion of raw geometric data into standardized digital formats compatible with 
industry-wide tools such as BIM (Building Information Modeling) and GIS (Geographic 
Information System).

2. Data Structuring and Modeling
Integration of hydropower operational parameters with geometric and environmental data.
Development of native converters to output the data into the DT platform and various 
commercial software tools.
Definition of spatial relationships between dam objects, ensuring accurate representation of 
as-is geometry and system interactions.

3. Digital Twin and Real-Time Control Implementation (T5.2)
Task 5.2 will build upon T4.2 (HYDRO-GDDT), leveraging the automatically generated 
geometric digital twin models for predictive maintenance and asset monitoring.
The dam's digital twin architecture will integrate structural analysis models, environmental 
parameters, and predictive analytics tools.
Repositories for data storage, system interoperability, and decision-support frameworks will 
be defined and implemented.

physical characteristics and structural elements are accurately digitized. These digital twins provide the 
foundation for predictive maintenance and real-time monitoring, which are the core objectives of Task 
5.2.

The key contributions of T4.2 to T5.2 include:

Accurate Structural Representation: The dam digital twin in T5.2 will be built upon the geometric 
models generated in T4.2, ensuring realistic and precise representations of dam structures.

-driven detection of dam 
components, T5.2 can implement predictive maintenance algorithms that assess structural 
health and detect anomalies in real-time.
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Interoperability and Data Exchange: T4.2 ensures that geometric DT models conform to existing 
standards (BIM/GIS), which T5.2 will extend to incorporate operational data, environmental 
monitoring, and risk assessment frameworks.
Integration with Monitoring Systems: The output from T4.2 will feed directly into the remote 
monitoring and diagnostics center established in WP5, ensuring real-time data exchange and 
automation of dam management processes.

By bridging the geometric modeling capabilities of T4.2 with the operational and maintenance-focused 
framework of T5.2, D-HYDROFLEX ensures a scalable, data-driven approach to dam management, 
optimizing efficiency, safety, and long-term sustainability.
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This section outlines the datasets utilized for the development of a pipeline for transforming raw point 
cloud data into a structured semantic mesh, including both open-source data and data provided by 
demonstration partners. The open-source data used came from the Roxburgh Dam in New Zealand while 

4.1 Open-source data

The Roxburgh Dam, situated on the Clutha River in Otago, New Zealand, is a pivotal infrastructure 
project that has significantly contributed to the country's renewable energy landscape. Completed in 
1956, it stands as one of New Zealand's earliest large-scale hydroelectric developments. The dam's 
construction commenced in 1949, marking a substantial advancement in the nation's hydroelectric 
capabilities post-World War II. 

Standing 86 meters tall, the Roxburgh Dam impounds the Clutha River to create Lake Roxburgh, which 
extends approximately 30 kilometers upstream. This reservoir plays a crucial role in regulating water flow 
and supporting the dam's power generation capacity. The facility houses eight turbines, collectively 
generating a total capacity of 320 MW, thereby making a significant contribution to New Zealand's 
renewable energy grid. 

Figure 1 Roxburgh Dam (left) and point cloud (right)

In recent years, the Roxburgh Dam has undergone substantial upgrades to enhance its efficiency and 
extend its operational lifespan. In 2024, Contact Energy initiated a $30 million turbine upgrade project 
aimed at replacing four of the existing turbines with more efficient, modern designs. This initiative is 
expected to increase the dam's average annual generation by 44 gigawatt-hours (GWh), thereby 
bolstering its contribution to the national power supply. 

The open-source point cloud data of the Roxburgh Dam, sourced from the OpenTopography portal
(LINZ, 2022-2023), provides valuable insights into the dam's external structure as shown in Figure 1. This 
dataset, which lacks color information, underwent preprocessing, and dam components were labeled for 
segmentation purposes. The primary segmentation classes identified include the spillway, auxiliary 
spillway, downstream face, toe still basin, and crest. This detailed segmentation facilitates a 
comprehensive understanding of the dam's structural components, supporting ongoing maintenance 
and optimization efforts.
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The Roxburgh Dam's enduring presence and continuous enhancements underscore its critical role in New 
Zealand's renewable energy infrastructure. The integration of advanced technologies and ongoing 
maintenance initiatives ensure that the dam remains a reliable and efficient contributor to the nation's 
power generation needs.power generation needs.power generation needs.

4.2 Greek demonstrator data

The Platanovrisi Dam, situated approximately 7.5 km southeast of the Thesavros Dam in northeastern 
Greece, is a concrete structure that became operational in 1999. It impounds the Nestos River, creating 
an artificial lake with a storage capacity of around 90 million cubic meters of water. This reservoir plays 
a pivotal role in the region's hydropower system, working in conjunction with the Thesavros Dam to 
optimize energy production through water reuse and nighttime pumping between reservoirs. The 
combined power generation capacity of these dams is 500 MW, significantly contributing to the regional 
power supply. 

The Platanovrisi Hydroelectric Power Plant (HPP) is located in Adriani, Drama, Greece, with coordinates 
41.3355°N latitude and 24.4621°E longitude as shown in Figure 2. It has a design capacity of 122 MW, 
with two units commissioned in 1999. The plant is operated by the Public Power Corporation (DEH). 

The HPP features a turbine gallery on the ground floor, providing maintenance access to the turbines, 
and a turbine floor below, housing essential operational components such as the turbine well, pipes, 
tanks, pumps, and control panels. The interior laser scans of the hydropower plant, including these two 
levels, were part of the dataset utilised in the study. The Platanovrisi Dam and its associated hydropower 
plant are integral to the region's energy infrastructure, supporting both local and national power grids 
through efficient water management and energy production. 

For this deliverable PPC provided a laser scan of the Platanovrisi hydropower station, a 3D representation 
of the HPP for the validation of the digital twin model and the 2D drawings of the HPP to analyse and 
understand better the geometry and the role of each room in the HPP. The representation of the dam 
and the station can be seen below in Figure 3 2, Figure 3, Figure 4 and Figure 5.

Figure 2: Platanovrisi Dam (left) and laser scan (right) representation of Dam Platanovrisi
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Figure 3: Internal laser scan of Platanovrisi Station

Figure 4: Internal laser scan of Platanovrisi Station

Figure 5: Internal laser scan of Platanovrisi Station
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The representation of the dam and the station can be seen below in Figure 6. This part is from the 3D 
drawing of the dam that PPC created for the validation of the digital twin.

Figure 6 HPP Platanovrisi 3D model view from the front (top-left), back(top-right), left (middle-left), right (middle-right), and an 
isometric view (bottom).
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5.1 Overview

Creating an accurate geometric model for a hydropower plant, particularly for developing a digital twin, 
requires a detailed and systematic approach. The process consists of multiple stages, including 
segmentation, analysis of element relationships, and surface reconstruction. These steps ensure the 
complex structures are accurately represented in a way that can be used for simulation, optimization, 
and maintenance of hydropower plants. Each stage is critical for achieving a reliable model that 
accurately r The T4.2 
workflow includes multiple steps as shown in Figure 7.

The registered point and color data of the Platanovrisi Dam was provided by PPC, but thermal data was 
not collected (more details in Section 6). The data was cleaned to remove outliers, downsampled, and 
divided into manageable scans. Based on the WP5 Dam Digital Twin requirements, segmentation targets 
were defined, and the point cloud was manually labeled. The initial dam DT requirements were 
established after multiple discussions with the demo owner, PPC, as well as UCL and UOC. The first step 
involved gaining a detailed understanding of the dam and identifying specific areas of interest. Key 
semantic targets for the dam included the downstream dam face, spillways, intake, and crest. For the 
power station, the focus was on components within the erection bay, such as the crane, turbine lead, and 
control panel. At the lower level, additional targets included more control panels, the turbine well, stairs, 
large pipes, pumps, and tanks. A more detailed set of requirements will be documented in WP5. Since 
the site primarily consists of planer and cylindrical objects, a segmentation algorithm was developed 
using plane and cylindrical fitting techniques. The relationships between objects were extracted based 
on their positions and proximity. Finally, the segmented object points were meshed.

Figure 7 Overview of HYDRO-GDDT workflow and dependencies to other work packages



D4.2: AI-BASED AUTOMATIC GENERATION OF GEOMETRIC 
DIGITAL TWIN MODELS

Page 20

5.2 Point cloud segmentation

The segmentation of point cloud data plays a pivotal role in simplifying and structuring the intricate 
geometry of a hydropower plant. For this study, we extend a multiple-plane detection framework to 
address the unique challenges of segmenting such complex industrial structures. Initially, 3D laser 
scanning data is collected to capture the fine details of the hydropower plant. Raw point clouds, which 
may contain noise and outliers, are cleaned using statistical and voxel-based filtering methods to ensure 
the data is free from inaccuracies. To reduce computational load while retaining essential geometric 
features, downsampling techniques, such as voxel grid sampling, are applied.

Random Sample Consensus (RANSAC) excels in segmenting dam point clouds, dominated by planes and 
cylindrical geometries, due to its robustness and efficiency. Unlike the Hough Transform, which, despite 
its effectiveness in detecting specific shapes, often struggles with high computational complexity and 
sensitivity to parameter settings in cluttered environments (Tarsha-Kurdi, 2007). Region growing 
methods, while useful, can be sensitive to local point density variations, leading to over-segmentation or 
fragmented results (Ebrahimi, 2021). Similarly, Euclidean clustering may misclassify spatially close points 
that belong to different structures, reducing segmentation accuracy. Hough Transform, though adept at 
shape detection, is computationally heavy and impractical for large point clouds (Borrmann, 2011).
DBSCAN, while effective for density-based clustering, requires extra steps to fit specific shapes, reducing 
efficiency for dam structures (Ester, 1996). RANSAC's model-fitting approach ensures precise 
identification of planes and cylinders, making it particularly advantageous for detailed structural analysis 
in dam inspection projects. Due to the scarcity of large datasets needed to effectively train deep learning 
models, our current approach exclusively employs non-deep learning techniques. However, we plan to 
explore and incorporate deep learning methods in upcoming reports of HYDRO-GDDT as more data 
becomes available.

The segmentation process begins with the detection of planar surfaces within the point cloud. Surface 
normal estimation is conducted to identify potential planar regions by analyzing the local geometry 
around each point in the cloud. This is followed by a region-growing algorithm, which groups points into 
candidate planar regions based on curvature thresholds and angular similarity. Random Sample 
Consensus (RANSAC) (Fischler, 1981) is then applied to robustly fit the detected planar regions to 
mathematical plane models. This step is essential for mitigating the effects of noise and outliers, 
ensuring that the segmentation process remains reliable and accurate.

In addition to planar surfaces, cylindrical structures, such as pipes, turbines, and supporting elements, 
are identified using a RANSAC-based method designed to detect circular or cylindrical features. This 
iterative process allows for the accurate extraction of cylindrical components, which are crucial in the 
layout of a hydropower plant. These cylindrical objects are treated as distinct segments, ensuring that 
they are properly accounted for within the overall geometric model.

After identifying the planes and cylindrical segments, the next step is iterative refinement. This involves 
merging detected planes based on proximity and orientation thresholds, ensuring that the segments 
reflect the true geometric layout of the plant. The boundaries and edges of these segmented planes are 
extracted to enhance the accuracy of the final model. Once the primary segmentation is complete, post-
processing techniques, such as smoothing and interpolation, are used to address small misalignments 
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and gaps in the data, resulting in a continuous and cohesive geometric representation of the hydropower 
plant.

Given the complexity and irregularity of hydropower plants, deep learning approaches that rely on large-
scale annotated datasets are not directly applicable. These plants feature unique geometries that vary 
across different facilities, and the lack of large, labeled datasets for training deep learning models makes 
them unsuitable for this application as shown in Figure 8 and Figure 9. Traditional geometric processing 
methods, such as the one described here, do not require extensive training data and provide a robust 
solution for handling noisy, unstructured point cloud data, making them particularly well-suited for 
hydropower plants.

Figure 8 Roxburgh (top-left) and Platanovrisi (bottom-left) dam point cloud along with its labeled point cloud (right).
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Figure 9 Platanovrisi HPP top level point cloud and class labels (top two rows) and bottom level point cloud and class labels (last 
two rows).

It is important to note that the scan of the Platanovrisi HPP does not provide 100% coverage of the 
facility, primarily due to site complexity and safety constraints. The scan does not include all openings in 
the dam, particularly those submerged under water, such as the bottom outlet and power waterways. 
Similarly, the upstream dam face below the water level was not scanned, given the technical challenges 
associated with underwater scanning. The geometry of the upstream face of the dam has instead been 
inferred from the available scans above the water level. This interpretation will be further refined once 
more detailed foundation-level measurements are provided by the asset owner.

5.3 Relationship between objects

A critical aspect of creating a digital twin for a hydropower plant is understanding the spatial and 
functional relationships between its various components. Once the point cloud is segmented into 
individual components, each corresponding to a specific part of the plant, these segments are treated as 
nodes within a relationship graph. The key challenge at this stage is establishing the connections 
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between these components, which are necessary for simulating the interactions and behaviors of the 
entire system.

A graph-based approach is employed to model these relationships, with each node representing a 
segmented component, and edges indicating spatial or functional connections between these 
components. To efficiently identify spatial relationships, a KD-Tree data structure is utilized. The KD-
Tree enables fast nearest-neighbor searches within the point cloud, allowing for the detection of 
components that are spatially close to one another. If the distance between two components falls within 
a predefined threshold, an edge is formed between them in the graph, indicating that these components 
are "connected."

The threshold distance plays a key role in defining the level of connection between components. A 
smaller threshold distance may represent direct physical contact, such as components that are bolted 
together, while a larger threshold can capture relationships based on proximity, which might be relevant 
for understanding how components interact within the broader system. By adjusting the threshold, the 
method can be customized to capture different levels of granularity, making it flexible and adaptable to 
the specific needs of the hydropower plant model.

In addition to spatial relationships, the graph also encodes functional relationships between 
components. For instance, the connection between a turbine and its corresponding generator is both 
spatial and functional, as these components work together to convert mechanical energy into electricity. 
This dual approach ensures that the graph captures both physical connectivity and operational 
dependencies, providing a comprehensive understanding of how components collaborate to achieve the 

The resulting relationship graph forms the foundation for the digital twin, enabling the simulation of the 

transmission of energy from the turbine to the generator, and the interactions between different parts 

insights into its performance, aiding in tasks such as predictive maintenance, system optimization, and 
operational planning.

5.4 Point cloud to mesh

The next step in creating a complete geometric model is surface reconstruction. This process bridges the 
gap between the discrete and often irregular data points in the point cloud and the continuous surfaces 
required for the digital twin. Surface normals computed during segmentation serve as the guiding 
feature for the reconstruction process, providing essential local geometric context that ensures accurate 
surface connectivity.

The Ball Pivoting Algorithm (BPA) (Bernardini, 1999) is highly effective for meshing segmented point 
clouds from dams, featuring planes and cylindrical geometries. Compared to Poisson Reconstruction, 
which smooths surfaces but may distort point positions (Kazhdan, 2006), BPA maintains geometric 
fidelity. Delaunay Triangulation, while ensuring no overlapping triangles, often produces irregular 
meshes with noisy dam data (Hoppe, 1992). Greedy Projection Triangulation is fast but sensitive to 
parameters, risking gaps in sparse regions (Marton, 2009). BPA
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Though radius tuning can be complex, its efficiency and precision make BPA the preferred choice.

The BPA (Bernardini, 1999) is employed to generate high-quality triangular meshes from the segmented 
point clouds as shown in Figure 10. The BPA works by simulating the rolling of a virtual ball over the point 
cloud, with the ball pivoting around points to form edges of triangles. Once an initial triangle is formed, 
the ball pivots to neighboring points, gradually expanding the mesh by adding new triangles. The 
algorithm is adaptive, with the ball radius being adjusted to match the curvature of the surface. A larger 
radius is used for smooth, flat regions, while a smaller radius captures finer details and sharp edges.

Reconstructing surfaces for hydropower plants presents several challenges, such as noise, outliers, and 
occlusions in the point cloud. Scanning artifacts or environmental factors can introduce distortions, while 
complex geometries, such as curved turbine blades or structural supports, require precise handling. 
Additionally, some parts of the structure may be obscured during scanning, leading to incomplete data. 
Reconstruction algorithms must address these issues by interpolating missing surfaces and filling in gaps 
where occlusions have occurred.

After the initial mesh generation, several post-processing techniques are applied to improve the quality 
of the reconstructed surfaces. Smoothing algorithms are used to remove noise and irregularities, while 
hole-filling methods interpolate missing data points. Mesh decimation reduces the number of triangles 
in the mesh, optimizing it for computational efficiency without losing critical detail. These refinements 

The reconstructed surface plays a crucial role in the functionality of a digital twin, serving as the basis for 
various physical simulations such as fluid dynamics, stress analysis, and thermal performance modeling, 
all of which are essential for understan
interactive visualization, allowing users to explore the digital twin and examine plant components in 
detail. When combined with the relationship graph, the reconstructed surfaces can enable highly 
accurate and dynamic simulations of hydropower plant operations, supporting optimization, monitoring, 
and maintenance. While these are important potential use cases, they are beyond the scope of this 
project.
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Figure 10 Point cloud (left) of Roxburgh Dam converted to mesh (right).
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The point cloud dataset from the Platanovrisi Dam consists of seven individual scans, six of which capture 
the interior of the Hydropower Plant (HPP), while one scan captures the outdoor structure of the dam 
itself. These scans were initially provided by PPC in Autodesk Recap format, which were subsequently 
converted to either E57 or PCD formats to ensure compatibility with various processing tools. To improve 
computational efficiency and processing speed, the scans were downsampled, reducing their density 
while retaining the overall structure and details of the point cloud.

Each scan was further divided into smaller tiles to facilitate processing. Each tile was limited to a 
maximum of 100,000 points to maintain manageable computational loads and enable effective 
segmentation. The segmentation process involved fitting geometric primitives, specifically planes and 
cylinders, using the RANSAC algorithm. This method effectively detected and classified various 
structural elements within the dataset. The algorithm successfully identified the primary structural 
components of the HPP, such as floors, walls, and ceilings as shown in Figure 11. However, some 
discontinuities were observed in the walls due to occlusions in the scan, as well as the presence of 
ventilation tubes and wiring management routes. These occlusions resulted in incomplete surface 
representation in certain areas.

The RANSAC algorithm also proved effective in identifying cylindrical structures such as pipes, turbines, 
and supporting elements as shown in Figure 11 and Figure 12. However, smaller pipes were not 
adequately captured due to their low point density in the scans. The reduced number of points 
representing these objects made it difficult for the algorithm to accurately detect and model them. This 
limitation highlights the challenges of scanning and segmenting smaller and more intricate components 
in complex industrial environments.
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Figure 11 Point cloud tile (left) and plane/cylinder fitted on point cloud (right).
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Figure 12 The point cloud tile of a tunnel (top-left), the floor of the tunnel fitted with a plane (top-right), and a cylinder fitted on the 
point cloud (bottom).

To better understand the spatial relationships between detected components, a hierarchical relationship 
model was developed. The proximity between various objects was calculated using a KD-tree, a data 
structure that enables efficient nearest-neighbor searches within the point cloud. This spatial analysis 
allowed the construction of a relationship graph, where the top-level nodes represent the dam, and 
subsequent hierarchical levels break down into larger structural components, eventually leading to 
individual segmented objects.

Two primary types of relationships were established within this model: the "has" relationship and the 
"connected" relationship. The "has" relationship is a parent-to-child connection, indicating that certain 
objects are contained within larger parent objects. For example, turbines, pipes, and structural supports 
are components housed within the HPP building. The "connected" relationship, on the other hand, is 
determined based on spatial proximity and adjacency, linking components that are in direct or near-

as shown in 
Figure 13.

Following segmentation and relationship mapping, the point cloud data was converted into a mesh using 
BPA. This algorithm operates by simulating a rolling ball that pivots around existing points to construct 
a triangular mesh. One of the key strengths of this approach is its ability to adapt the ball radius 
dynamically, allowing it to accommodate varying surface curvatures. After mesh generation, a 
smoothing process was applied to reduce noise and remove irregularities, ensuring a more refined and 
visually coherent representation of the scanned environment.
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Figure 13 Platanovrisi relationship graph

The quality of the resulting mesh is significantly influenced by the density of the original point cloud. 
Areas with high point density contributed to well-defined and accurate mesh reconstructions. However, 
regions with low point density led to the formation of holes or gaps in the mesh, requiring additional 
processing techniques such as hole-filling algorithms or manual correction. Despite these challenges, the 
overall mesh representation of the Platanovrisi Dam and its associated HPP structures provided valuable 
insights into the geometry and spatial relationships of the infrastructure as shown in Figure 14.

The processing pipeline for the Platanovrisi Dam point cloud involved multiple steps, including data 
conversion, downsampling, tiling, segmentation using RANSAC, hierarchical relationship modeling, and 
mesh generation via the Ball Pivoting Algorithm. While the approach effectively captured major 
structural elements, certain limitations, such as occlusions and low point density for smaller objects, 
highlighted the inherent challenges of working with point cloud data in complex environments. Future 
improvements could involve refining scanning techniques, incorporating additional segmentation 
methods, and leveraging AI-driven classification for enhanced object recognition and modeling.

Figure 14 Platanovrisi dam point cloud converted to mesh.

Due to the lack of open-source dam/HPP datasets, the development process faced significant challenges. 
The only available dam point cloud was derived from an airborne LiDAR survey covering 8,191 km² of the 
Otago Region. However, this dataset only captured the exterior of the dam, limiting its utility for detailed 
analysis. Without access to detailed 3D data, it became difficult to test and validate various 
computational models and segmentation techniques.

To gain better insights, extensive discussions were held with demo partners and related task leaders to 
understand the demo site assigned to T4.2. Initially, the Ilarion Dam, an embankment dam, was 
designated for this task. An embankment dam, also known as an earth fill or rockfill dam, is constructed 
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using compacted earth materials such as soil, rock, sand, or gravel. This type of dam is widely used due 
to its cost-effectiveness, particularly in older dam constructions. However, because embankment dams 
lack a well-defined geometric structure, it was determined that T4.2 would be less effective in this 
context. The complexity of modeling an embankment dam using point clouds further contributed to this 
challenge. Consequently, the decision was made to switch to a concrete dam, Platanovrisi, which 
provides more structured and analyzable geometry.

The Ilarion/Kremasta embankment dam was initially assigned to Task 4.2 but was later replaced with the 
Platanovrisi concrete dam. This change was made because concrete dams provide a more structured and 
analyzable geometry, which aligns more effectively with the demo objectives. As a result of this 
replacement, there was a delay in data collection, since only outdated 2D drawings were initially available 
and new laser scans had to be obtained.

Laser scanning of the Platanovrisi dam was carried out by the demo partners, and the resulting datasets 
were delivered in Month 15. The scans consist of a high-resolution, colorized point cloud. Due to the strict 
T4.2 timeline, thermal scans could not be acquired. In the absence of thermal data, hidden features are 
instead inferred from geometric clues within the point cloud, ensuring that essential structural 
interpretations remain feasible. Importantly, the high-resolution geometric data captures the full
structural detail of the dam, providing a comprehensive basis for segmentation and analysis.

Preliminary results from this dataset are included in this deliverable, covering point cloud segmentation 
using non deep learning methods, meshing of the point cloud, and extraction of relationship graphs 
from the segmented data. However, due to the complex geometry of the dam, which differs significantly 
from more regular structures such as buildings, further work is required to improve segmentation quality 
and, in turn, the accuracy of the relationship graph. Future refinements will focus on advancing 
segmentation methods through data-driven approaches to achieve more accurate detection and 
improved generalization across dam structures. Consequently, efforts will also be directed towards 
enhancing relationship mapping between segmented components and improving mesh generation to 
achieve higher geometric detail and fidelity in the next reporting period. All future developments and 
results of Task 4.2 will be reported in Deliverable 5.2, in coordination with Task 5.2, which focuses on 
defining the dam Digital Twin architecture.

T5.2 includes the analysis and selection of existing data models and standards (e.g., IFC, CityGML), the 
definition of the digital platform architecture with emphasis on interoperability, integration, and 
practical specifications, the specification of repositories, interfaces, and data exchange formats, detailed 
system and software specifications, BPMN processes and UML modeling, as well as the description of 
core building blocks and their interactions with other project technologies.
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HYDRO-GDDT offers a comprehensive methodology for geometric modeling that would facilitate
developing digital twins of hydropower plants, HYDRO-DAM, in WP5. By integrating point cloud 
segmentation, spatial relationship analysis, and surface reconstruction, the proposed framework tackles 
the inherent challenges of complex geometries, occlusions, and noise in laser scan data. The 
segmentation process effectively breaks down the intricate structures of hydropower plants into 
manageable and meaningful components, while the graph-based relationship analysis accurately 
models spatial and functional dependencies between these components. Furthermore, the surface 
reconstruction technique ensures the generation of high-quality meshes that are crucial for realistic 
simulations and detailed visualizations within the digital twin ecosystem.

The proposed pipeline significantly improves the accuracy and efficiency of creating digital twins, 
thereby enabling enhanced capabilities for predictive maintenance, structural monitoring, and 
operational optimization of hydropower plants. By harnessing robust geometric modeling techniques, 
this research sets the stage for future advancements in digital twin applications, leading to more 
informed decision-making and more effective risk assessment practices. The potential for further 
improvements includes refining segmentation algorithms through the incorporation of machine learning 
approaches and a deeper understanding of the relationships between segmented components.

Ultimately, this research makes a valuable contribution to the broader field of digital twin technology by 
highlighting the critical importance of geometric modeling in capturing the complexity of real-world 
infrastructure. Through more accurate and dynamic simulations, this work supports improved 
management, operational efficiency, and sustainability in hydropower plants, with broader implications 
for other industries seeking to adopt digital twin technologies for asset management and optimization.
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