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Abstract

:

The incorporation of building information modeling (BIM) has brought about significant advancements in civil engineering, enhancing efficiency and sustainability across project life cycles. The utilization of advanced 3D point cloud technologies such as laser scanning extends the application of BIM, particularly in operations and maintenance, prompting the exploration of automated solutions for labor-intensive point cloud modeling. This paper presents a demonstration of supervised machine learning—specifically, a support vector machine—for the analysis and segmentation of 3D point clouds, which is a pivotal step in 3D modeling. The point cloud semantic segmentation workflow is extensively reviewed to encompass critical elements such as neighborhood selection, feature extraction, and feature selection, leading to the development of an optimized methodology for this process. Diverse strategies are implemented at each phase to enhance the overall workflow and ensure resilient results. The methodology is then evaluated using diverse datasets from infrastructure scenes of bridges and compared with state-of-the-art deep learning models. The findings highlight the effectiveness of supervised machine learning techniques at accurately segmenting 3D point clouds, outperforming deep learning models such as PointNet and PointNet++ with smaller training datasets. Through the implementation of advanced segmentation techniques, there is a partial reduction in the time required for 3D modeling of point clouds, thereby further enhancing the efficiency and effectiveness of the BIM process.
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1. Introduction


Building information modeling (BIM) is widely recognized in global government and civil engineering communities as a highly efficient tool for optimizing construction processes throughout a structure’s life cycle [1,2]. It involves creating a digital model that serves as a comprehensive description of the structure’s components. This model is collaboratively generated and continually updated at key stages of the project. Initially, during the planning and design phase, BIM relies on virtual models (project information models) to envision the structure. As the project progresses, these models evolve into as-built or as-is representations, reflecting the actual built condition and forming the basis of asset information models (AIM) for operation [3]. The as-is BIM model can be expanded by integrating real-time data from the built environment through Internet of Things (IoT) devices, thereby enhancing its functionality in project operations and maintenance while also laying the foundation for implementing a digital twin concept [4]. This innovative approach not only provides a detailed representation of the structure’s geometric and semantic aspects but also accurately captures its position and height [5]. This approach addresses the longstanding challenge of creating a unified model that encompasses all aspects of complex infrastructure projects, offering a practical solution to this issue.



In the realm of bridge infrastructure, the imperative for effective maintenance, operation, and facility management stands paramount. Bridges, as vital components of transportation networks, undergo continuous wear and tear, necessitating proactive maintenance strategies to ensure safety, reliability, and longevity [6,7]. Traditional approaches to bridge maintenance and facility management often grapple with inefficiencies and challenges in data management, coordination, and decision-making processes [8,9]. In this context, the adoption of BIM technology emerges as a transformative solution to address these challenges. BIM offers a holistic approach to bridge management, providing a digital platform for comprehensive data integration, visualization, and analysis throughout the asset lifecycle. This enhances the ability to make data-informed maintenance decisions, mitigate risks, and allocate resources efficiently [10].



Construction projects typically fall into two main modeling scenarios: greenfield and brownfield. Greenfield involves generating new information about built assets from design to construction, ideally resulting in an as-built model identical to the as-planned model. However, deviations between the two models are common [11]. In contrast, brownfield scenarios require considering an existing asset’s information, taking into account its nature and quality for the project. This scenario is especially relevant for older structures. While digital models of existing assets may be available in rare cases, updates are often necessary due to modifications, damage, and repairs [5].



In both greenfield and brownfield scenarios, the process of creating an as-built model typically involves high-resolution data capture using 3D laser scanning or photogrammetry [12]: commonly referred to as Scan-to-BIM (Scan2BIM). The captured dataset is preprocessed to eliminate redundancy and noise in order to ensure the quality of subsequent analyses. Following this, the data are segmented to identify regions of interest and are classified into object categories to facilitate more detailed analysis and interpretation through a process known as semantic segmentation. This semantic segmentaton step paves the way for the application of various geometric algorithms that play a crucial role in generating 3D geometric models [13,14,15]. The entire workflow is depicted in Figure 1, which illustrates the sequential progression from data capture to BIM model creation.



Scan2BIM involves manual labor, wherein users transform point clouds acquired from various reality capture devices into 3D models using a BIM software, like Autodesk Revit created by the american multinational software corporation [16]. This process is known for being time-consuming and intricate, especially when dealing with complex geometries [17]. The automation of this process typically happens in two steps: segmentation and classification of the input point cloud and 3D modeling of the primary asset elements [18].



Semantic segmentation of 3D point clouds for bridges encompasses various approaches, each offering unique advantages and challenges. The bottom-up approach involves analyzing individual points and grouping them based on geometric or radiometric characteristics to identify semantic elements. This method relies on geometric features such as curvature, normal vectors, or intensity values to classify points into semantic categories [19,20,21]. However, this method lacks the ability to capture higher level features and is sensitive to noise and occlusions accompanied with the point cloud. In contrast, the top-down approach starts with a global understanding of the scene, such as structural components or architectural features, and then refines the segmentation at finer levels of detail. This method often involves predefined rules or templates based on domain knowledge to classify point clusters into semantic categories [22]. However, such an approach may lack adaptability to diverse bridge structures that deviate from conventional patterns. Additionally, learning-based approaches utilize machine learning algorithms to extract semantic labels from 3D point clouds and achieve accurate semantic segmentation [23,24,25]. Yet the deployment of these techniques for bridge semantic segmentation faces challenges due to the scarcity of labeled large-scale real bridge point cloud datasets for training models and the computational demands associated with such approaches.



This study aims to automate the Scan2BIM process, with a focus on 3D point cloud semantic segmentation to reduce manual labor and improve the efficiency of generating as-is BIM models. Leveraging learning-based approaches for high segmentation performance, our methodology addresses challenges hindering their implementation in infrastructure domains. Our automated method uses machine learning to achieve semantic segmentation of point clouds by integrating various strategies to enhance different workflow stages. Compared to deep learning models, the introduced classical machine learning approach demonstrates similar or better performance, with the advantage of requiring significantly less training data.




2. Related Work


Recent research has shown a growing interest in automating the Scan2BIM process [16]. Some studies have focused solely on automatically generating 3D geometric models of bridge datasets, overlooking the automation of semantic segmentation, which affect the quality of the generated 3D models [26,27,28]. Alternatively, other studies have approached semantic segmentation as a detection problem: detecting primitives and then labeling them semantically. For instance, Zhang et al. [19] introduced a method using sparsity-inducing optimization for identifying planar patches within noisy point clouds, but it is limited to planar surfaces and struggles with low-density regions such as pier patches. Dimitrov and Golparvar-Fard [20] proposed an improved region growing (RG) method for object detection in point clouds that is adept at handling curved surfaces but tends to oversegment objects in the presence of occlusions. Additionally, Xu et al. [21] presented a probabilistic segmentation model using octrees, but its segmentation accuracy is highly sensitive to variations in voxel size.



Other investigations have explored alternative techniques from image processing to automatically segment and generate BIM models from point cloud data. Martens et al. [29] introduced the VOX2BIM method, which converts point clouds into voxel representations and employs 2D representations and morphological operations for BIM model generation. While this approach offers computational advantages, it risks data loss through conversion, and their research primarily focused on indoor environments. Additionally, other research works have delved into automating the workflow for point cloud processing, which is an integral component of the Scan2BIM process [30]. Despite these efforts, these studies did not address the semantic segmentation process or BIM model generation. Another study conducted by Charles and Boehm [31] focused on automating the geometric generation of 3D BIM models for BIM applications utilizing RANSAC (RANdom SAmple Consensus) for segmenting walls, floors, and ceilings and then constructing IFC (Industry Foundation Class) geometry. However, semantic segmentation was constrained to planar surfaces within indoor environments.



Various terms are employed in scholarly discussions to characterize point cloud segmentation and classification, including semantic segmentation, instance segmentation, point labeling, and point-wise classification [32,33,34]. Semantic segmentation involves assigning semantic labels based on classes, while instance segmentation goes further to distinguish individual instances or objects within the same class, providing a more detailed understanding of the scene. For simplicity, the term “semantic segmentation” will be used in this work and includes the segmentation and classification steps in Figure 1.



Machine learning, including both classical and deep learning methods, plays a crucial role in training models for classification tasks. Classical machine learning relies on predefined features and statistical models, whereas deep learning autonomously extracts features from raw data [35]. In the context of 3D point cloud analysis, our approach involves neighborhood selection, feature extraction, feature selection, and point cloud classification, facilitating automatic semantic segmentation [36]. We discuss both classical and deep-learning-based segmentation methods, elucidating their respective processes, advantages, and limitations.



2.1. Classical Machine Learning Method


The classical machine-learning-based semantic segmentation process involves four key stages: neighborhood selection, feature extraction, feature selection, and supervised classification (Figure 2). To ensure a comprehensive understanding, we will succinctly discuss each stage and highlight techniques employed in the existing literature.



2.1.1. Neighborhood Selection


Defining relevant 3D point neighborhoods is crucial for 3D point cloud semantic segmentation, and various definitions exist, including spherical, cylindrical, and k-nearest neighborhoods [38,39,40,41]. Spherical neighborhoods encompass points within a predetermined radius forming a spherical shape around a central point. On the other hand, cylindrical neighborhoods involve considering 2D projections, typically resulting in a cylindrical shape around a central axis. K-nearest neighborhoods entail selecting a set number of nearest points based on their distance to a given point, forming a neighborhood based on proximity. While radius neighborhoods are conceptually appropriate, they may be less effective with varying point densities [42,43]. Studies have explored two approaches to select the neighborhood scale around a 3D point. The first employs a fixed scale parameter approach, like k or radius, which is uniformly applied to all points. However, this method may not sufficiently accommodate variations in size and can be influenced by fluctuations in point cloud densities. Additionally, it relies on heuristic or empirical knowledge to determine the fixed scale parameter [37]. On the other hand, the second method, known as the individual neighborhood approach, optimizes scale parameters independently for each 3D point and considers their local density and structure. This approach mitigates the limitations of the fixed scale method by employing eigenentropy and dimensionality-based techniques for scale parameter selection [37,44,45].




2.1.2. Feature Extraction


In point cloud semantic segmentation, defining a suitable representation for a 3D point X depends on the designated neighborhood. These neighborhoods possess distinct features, which can be extracted either at a single scale or across multiple scales. Employing feature extraction at a single scale can be advantageous for computational efficiency, but it requires precise scale selection to adequately capture representative features. On the other hand, extracting features at multiple scales has proven to be more effective by providing a comprehensive representation of local 3D geometry [41,42,46,47]. However, this approach presents challenges such as determining scale selection and its distribution and computational complexities arising from variations in point densities. From a mathematical standpoint, the extracted features occupy distinct positions in a high-dimensional space and are represented as a feature vector. The research incorporates various feature types, including parametric features [48], sampled features [49], and metrical features [50,51,52], tailored to the specific task at hand.




2.1.3. Feature Selection


Following the extraction of diverse features, feature selection methods can be employed to delineate a subset of features from the input. This subset aims to efficiently capture the essential characteristics of the input data: mitigating noise or irrelevant features and ultimately yielding robust predictive results [53]. Utilizing feature selection techniques offers the opportunity to gain valuable insights, optimize computational efficiency, and enhance prediction accuracy. Various feature selection methods are available in the literature, with each being suitable for specific tasks [54].




2.1.4. Supervised Classification


In model training, three primary machine learning approaches are employed: supervised learning, unsupervised learning, and semi-supervised learning. In supervised learning, the classification model learns to categorize data using examples provided during training. It gives probabilities for its predictions and can be adjusted to avoid overfitting. Unsupervised learning focuses on discovering correlated features between data items without the need for labeled training data. It is applied in tasks like clustering, dimensionality reduction, and feature learning [55]. Semi-supervised learning strikes a balance between supervised and unsupervised approaches and uses labeled and unlabeled data to enhance learning accuracy, which is particularly useful when obtaining robust supervision information is challenging [56,57].




2.1.5. Semantic Segmentation


Supervised machine learning algorithms have shown reasonable results when dealing with point cloud semantic segmentation processes [37,58]. This method is also applied by Brodu et al. [42] to segment and classify complex natural scenes using features derived from different scales (Figure 3).



Supervised machine learning algorithms, including support vector machine (SVM), random forest, k-nearest neighbor, and naive Bayes, find applications in 3D point cloud semantic segmentation. Among these, SVM [59] stands out for its proficiency in handling both linear and non-linear problems, with demonstrated high accuracy in identification and classification tasks in computer vision and image processing [60,61]. In point cloud semantic segmentation, SVM has shown commendable performance, often in conjunction with other algorithms [37,58]. Osisanwo et al. [62] conducted a comprehensive investigation and favored SVM for its highest accuracy among compared algorithms. Through the kernel trick, input features are mapped to high-dimensional spaces, allowing for the identification of optimal hyperplanes that effectively separate samples from each category [63] (Figure 4). However, it is worth noting that SVMs can face challenges such as: algorithm complexity when dealing with large datasets, difficulty solving multiclass classification problems, and performance issues with imbalanced datasets [64].



For multi-class classification tasks in 3D point cloud analysis of infrastructure scenes, a specific approach is needed because of the involvement of multiple object classes such as vegetation, roads, and bridges. To address multi-class classification tasks using supervised binary classifiers designed for two-class discrimination, researchers employ a strategy known as “transformation to binary” [66]. Employing this strategy into an SVM involves breaking down the multi-class problem into binary classification problems using two main techniques. The “one vs. one” technique pairs each class against every other class, resulting in a total of k classifiers, where k is computed using Equation (1), and n represents the number of classes in the scene. Conversely, the “one vs. rest” technique compares each class against all others, resulting in a number of classifiers equal to the total number of classes. For multi-class classification tasks, an SVM has often been utilized alongside these techniques [67,68], and it can be integrated with decision tree architectures [69].


  k =   n (  n − 1 )   2   



(1)









2.2. Deep Learning Method


State-of-the-art point cloud semantic segmentation approaches are based on deep learning techniques [25,70,71,72,73,74,75]. The workflow of these techniques can be summarized into three main steps, as shown in Figure 5.



	
Forward propagation: The input point cloud is fed into the deep learning model, and the model generates an output. During this step, the point cloud is transformed into a set of feature maps, which are then passed through multiple layers of the neural network to generate a final prediction.



	
Backward propagation: The error, calculated from the loss function using the ground truth labels, is propagated back through the network to adjust the weights and biases of each layer in the model. This involves calculating the gradient of the loss function with respect to the weights and biases and using this information to update the values of these parameters.



	
Optimization: An optimization algorithm, such as stochastic gradient descent (SGD) or Adam, is employed to adjust the weights and biases of the neural network based on the gradients calculated in the backward propagation step. The objective is to find the values of the parameters that minimize the loss function.
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Figure 5. Deep learning workflow showing the three main steps [76]. 






Figure 5. Deep learning workflow showing the three main steps [76].
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Researchers commonly face the challenge of irregular points in point clouds and resort to transformations like 3D voxel grids or image collection before inputting them into deep learning architectures [77]. PointNet addresses this challenge by directly processing sets of points and utilizing multi-layer perceptrons and a symmetric function for effective handling of neighboring point information [24,78]. Despite its strengths, PointNet may struggle with detecting local features, potentially limiting its ability to generalize in complex scenes. PointNet++ builds upon this concept by recursively applying PointNet on partitioned input point clouds to capture local features at multiple scales [79]. Both architectures rely on the multi-layer perceptron (MLP) approach, which is widely used in the literature for classification and segmentation tasks.



Another noteworthy approach in deep learning is the utilization of convolutional neural networks (CNNs), which have demonstrated state-of-the-art performance across a wide range of computer vision tasks. In the context of 3D point cloud semantic segmentation, Thomas et al. [25] introduced a KPConv model that represents a significant advancement. This method leverages the power of CNNs to enhance the accuracy and efficiency of segmenting 3D point clouds, making it a pivotal tool in this domain.




2.3. Advantages and Limitations


In point cloud semantic segmentation, Weinmann et al. compared classical machine learning algorithms to deep learning models and showed that classical methods may outperform deep learning models in terms of characteristic feature utilization [37]. Deep learning approaches, while powerful, come with challenges like reliance on large datasets, substantial computational resources needed for training, and difficulties with interpreting deep networks [80]. These challenges can be addressed by employing classical machine learning methods. For instance, Zhang et al. introduced PointHop, which is a machine learning approach tailored for point cloud semantic segmentation [81]. PointHop exhibited significantly reduced training times compared to deep-learning-based methods and presents a promising alternative.



In the domain of autonomous driving, an SVM was assessed alongside a recurrent neural network (RNN) and a feed forward neural network (FFNN) to analyze human lane change behavior in a simulated environment [82]. The study compared the three techniques using various feature combinations and showed that SVM produced the most effective results and identified the most suitable feature combinations.




2.4. Research Gaps


Despite advancements in automating the semantic segmentation of the Scan2BIM process, several research gaps persist. These include:




	
The absence of utilizing learning-based methods for the semantic segmentation of 3D point clouds of bridges;



	
Uncertainty regarding the application of learning-based methods for semantic segmentation of bridge point clouds due to limitations in training datasets and computational time;



	
Limited exploration into optimizing classical machine learning approaches for the semantic segmentation of 3D point clouds;



	
Lack of a detailed comparison between classical machine learning and deep learning approaches in 3D point cloud semantic segmentation.








This paper aims to bridge these research gaps by investigating various techniques applicable at each stage of the semantic segmentation workflow for bridge datasets using classical machine learning. Additionally, it provides a comparison with state-of-the-art deep learning approaches.





3. Methodology


In this work, we semantically segment 3D point clouds of bridges based on classical supervised machine learning, for which a training dataset is required. For supervised learning approaches, standard supervised classifiers are applied, such as support vector machine [67] or random forest [52]. After illustrating SVM’s effectiveness compared to other models across multiple application fields in previous sections, it appears plausible that SVM could be similarly beneficial for infrastructure overall. Given these considerations, this work will delve into the utilization of the support vector machine algorithm to develop a hierarchical support vector machine (HSVM) methodology for the semantic segmentation of 3D point clouds of infrastructure assets.



Figure 6 illustrates our workflow and showcases the developed semantic segmentation method, which is achieved by combining various techniques.



3.1. Optimal Neighborhood


This section outlines our method for determining the neighborhood of a 3D point in the point cloud semantic segmentation workflow using classical machine learning approaches. Addressing the challenge of randomly selecting the scale parameter r, which is based on empirical scene knowledge, we optimize the selection of this parameter utilizing the local 3D structure of a 3D point neighborhood. This integration of neighborhood parameter selection with its local 3D structure ensures that each point’s neighborhood is the most representative or optimal for that particular point.



3.1.1. Definition


The concept of an optimal neighborhood involves identifying a spatially proximal cluster of 3D points that share the same category as a designated point of interest. The process revolves around addressing two key questions: (1) determining the suitable neighborhood type and (2) selecting the appropriate scale. Subsequent sections will delve into each question to provide a comprehensive understanding of the process and reveal the challenges involved in establishing an optimal neighborhood in 3D spatial contexts.




3.1.2. Neighborhood Type


In addressing the first question concerning the selection of the neighborhood type and to better comprehend the type of neighborhood employed in this study, it is crucial to delineate the fundamental differences between commonly used approaches. Unlike spherical and cylindrical neighborhoods, k-nearest neighborhoods do not have fixed spatial dimensions in space. Instead, they always contain a fixed number of points, even if we subsample the data, as shown in Figure 7. Conversely, radius neighborhood definitions correspond to specific spatial regions and allow for a more consistent interpretation of geometrical features. However, this neighborhood type may become impractical in cases of significant point density variations, which is a challenge that can be addressed by proportionally subsampling the point cloud to match the neighborhood scale [43]. Therefore, we will utilize a combination of a spherical neighborhood type and adaptive subsampling to mitigate the drawbacks associated with this neighborhood type.



Under the Euclidean norm, the spherical neighborhood   N i r   of point   p i   at scale r is defined as the set of points   p k   verifying:


   p k  ∈  N i r  ⇔   p i  −  p k   ≤ r  



(2)








3.1.3. Neighborhood Scale


To address the second question concerning the selection of the appropriate scale for the optimal neighborhood, we must implement an optimization workflow to define this scale accurately. However, before delving into this optimization process, it is beneficial to examine the traditional method commonly employed in many studies for determining this scale. Typically, the choice of the radius for the 3D point neighborhood is heuristic or empirical and is customized to the characteristics of each individual dataset. This implies that determining the suitability of a neighborhood based on its geometric features is deferred until after obtaining classification results. As depicted in Figure 6, neighborhood selection, feature extraction, and feature selection occur before classification, meaning that the suitability of the scale defined for the neighborhood will impact the extracted features and, consequently, will affect the segmentation workflow’s performance. To address this challenge, the individual neighborhood selection approach, discussed in Section 2.1.1, presents a generic method for determining the neighborhood scale. This approach offers an alternative to alleviate the limitations of fixed-scale neighborhoods in order to enable dataset generalization and to facilitate the definition of an optimal neighborhood. Importantly, in this approach, the neighborhood scale is directly linked to the features before classification occurs.



In the optimization process, it is crucial to establish a criterion to assess the appropriateness of a specific radius for a point neighborhood. The approach presented in this study seeks to automatically identify the optimal neighborhood radius using the entropy feature (  E f  ), which characterizes data distribution and provides insight into its structure. Entropy and data volume are closely linked: larger datasets exhibit greater disorder and entropy, whereas smaller datasets offer fewer choices, resulting in reduced entropy [83]. The aim here is to utilize this feature within a neighborhood to identify the optimal radius that enhances differentiation among the three primary geometric patterns (linearity, planarity, and scatter). This involves minimizing the entropy feature, thereby reducing the number of choices available.



Shannon entropy, a variant of entropy widely that is employed in information theory, physics, and continuous probability distributions, finds application in various optimization tasks [84,85]. In our context, Shannon entropy serves to analyze the distribution of three geometric behaviors within a group of points, thereby defining an energy function crucial for determining the optimal neighborhood radius. The energy function, as depicted in Equation (3), quantifies the uncertainty within a point neighborhood (  N  p i  r  ) by considering the probabilities associated with encountering different geometric behaviors:   a  1 D   ,   a  2 D   , and   a  3 D    representing linearity, planarity, and scatter, respectively. Minimizing this function results in reduced uncertainty and assists with identifying the optimal radius that effectively captures the underlying structure of the point cloud.


   E f   (  N  p i  r  )  = −  a  1 D   ln  (  a  1 D   )  −  a  2 D   ln  (  a  2 D   )  −  a  3 D   ln  (  a  3 D   )   



(3)






    r   E f  ∗  = arg min  E f   (  N  p i  r  )   



(4)






  where   r ∈ [  r  min   ,  r  max   ]  











A lower    E f   (  N  p i  r  )    value in Equation (3) indicates stronger dominance of one dimensionality over the others, aiding with the selection of an optimal radius   r  E f  ∗   within the range [   r  min   ,  r  max    ] to achieve a characteristic geometric feature.



The distribution probabilities in Equation (3), (  a  1 D   ,   a  2 D   , and   a  3 D   ) are computed from the covariance matrix, which is often referred to as the 3D structure tensor and is derived from the 3D coordinates of the point neighborhood. The covariance matrix represents the relationships between different features of the 3D points and provides information about how they vary together. It can be defined as


  S =  1   |   N i   | + 1      ∑   p j  ∈  {   N i  ,  p i   }      (  p j  −  p ¯  )    (  p j  −  p ¯  )  T   



(5)




where S is the structure tensor,   p ¯   denotes the center of gravity of   {   N i  ,  p i   }  , and   N i   is the spherical neighborhood around reference point   p i  .



Principal component analysis (PCA) is a statistical method employed to reduce the dimensionality of data while retaining most of its variability. When applied to the covariance matrix of 3D point neighborhoods, PCA reveals the primary axes of variation in the spatial arrangement of points. These axes are represented by the eigenvectors of the matrix, with each eigenvector denoting a direction of maximum variance. The corresponding eigenvalues signify the magnitude of variance captured by each eigenvector and enable us to gauge the extent of spread of the point cloud along different axes. Consequently, these eigenvalues serve as a basis for deriving various shape descriptors, such as   a  1 D   ,   a  2 D   , and   a  3 D   . Denoting the eigenvalues of the covariance matrix by    ⋋  1 , i    ,    ⋋  2 , i    ,    ⋋  3 , i   ∈ R  , where    ⋋  1 , i   ≥  ⋋  2 , i   ≥  ⋋  3 , i   ≥ 0  , the three geometric features (  a  1 D   ,   a  2 D   , and   a  3 D   ) can be calculated as follows:


   a  1 D   =    ⋋ 1  −  ⋋ 2    ⋋ 1    



(6)






   a  2 D   =    ⋋ 2  −  ⋋ 3    ⋋ 1    



(7)






   a  3 D   =   ⋋ 3   ⋋ 1    



(8)







Defining the search space for the optimal radius, which is determined by the selection of radius boundaries   (  r min  ,  r max  )  , presents a challenge due to its reliance on diverse data characteristics. Demantké et al. delved into the TLS and MMS datasets of heritage architecture buildings and delineate the [   r min  ,  r max   ] space with 16 values [45]. While the upper boundary was determined based on the largest object (3 m), the lower boundary was chosen to ensure a minimum of 10 points at the smaller scale. To account for the characteristics of these datasets, the search radii were increased by a squared factor, thereby favoring the definition of optimal neighborhoods at smaller scales to capture finer architectural details. Adaptations should be made to suit infrastructure dataset characteristics and address the computational constraints when defining the search space.



In infrastructure environments, it is essential to identify key characteristics of specific objects, such as piers, at larger scales, while capturing finer details of others, like vegetation, at smaller scales. As illustrated in Figure 8, bridge piers typically exhibit more linearity within a scale range of approximately r = 1.2–3.5 m, with the lowest energy function value observed at r = 2.0 m, whereas smaller scales emphasize planar features. Achieving a balance between these factors is crucial when defining the search space to accommodate diverse object types.



To effectively capture features at larger scales, we incrementally increase the scale values   r s   in the search space linearly using a constant   Δ r  , thereby favoring larger radii for more frequent sampling. This adjustment aligns the   r s   values with the areas of interest as defined in Equation (9), with the upper limit capped at 3.5 m, corresponding to the height of the bridge (Figure 8b). However, the linear incrementation of   r s   values also entails a proportional rise in computational demands. This underscores the critical role played by both point density and selected neighborhood scales for delineating the search space for the optimal radius, given their close interdependence. While expanding the search radius in dense regions escalates computational demands, reducing the radius may compromise the representation of distinct neighborhood features due to sparse point coverage.


   r s  =  r  s − 1   + Δ r  



(9)




where   r s   is the radius at each scale s, and   Δ r   is the change between two consecutive scales.



To address the computational challenges caused by larger scales, it is important to effectively manage the number of points at each scale. This helps capture strong global shape features in a neighborhood, with the understanding that not every point is essential for this task. To implement this strategic approach, we propose employing an adaptive subsampling process on the input point cloud, wherein the point cloud density decreases with an increase in the search radius. This approach achieves a balance by efficiently capturing fine details at smaller scales, which demand a higher point density, such as for vegetation, while also encompassing the broader characteristics of substantial objects at larger scales. Moreover, it addresses the challenges previously outlined for establishing the lower boundary of the search space. Equation (10) outlines the parameters for the adaptive subsampling method.


   ρ s  =  ρ  s − 1   ∗ Δ ρ  



(10)




where   ρ s   is the point cloud density at each scale s, and   Δ ρ   is the factor by which the density decreases and is set to 0.5.



To enrich the training dataset during model training, feature data from the subsampled point cloud can be projected onto the original dataset. This approach offers advantages, particularly in situations where computational efficiency is vital due to large dataset sizes. During the projection process, a neighborhood search is conducted to preserve spatial relationships between points. This entails identifying nearest neighbors in the subset for each point in the original point cloud, which establishes correspondence between points in the original and subset datasets.



The methodology proposed for defining the optimal neighborhood for 3D point clouds of infrastructure scenes while addressing computational demands and the scarcity of training datasets after subsampling will be evaluated through real-case experiments in the experimentation section.





3.2. Feature Extraction


Once the neighborhood around each 3D point is determined, the features within this neighborhood are gathered and combined to form a feature vector in the feature space. This study focuses on examining metrical features: each of which is characterized by a distinct value indicating a specific property. Specifically, two types of features are extracted and employed at various stages of the semantic segmentation process. The first type encompasses geometric features, often referred to as 3D eigenvalue-based features, while the second type pertains to height-based features.



3.2.1. Geometric Features


Using the eigenvalues obtained from the 3D structure tensor, as mentioned previously, different geometric features are extracted to describe the spatial distribution of points in the neighborhood   N i   of a 3D point   P i  . In our study, a diverse range of geometric features, including planarity, linearity, and sphericity features, combined with the x, y, and z coordinates of each point were found to be sufficient for delivering good results.


   planarity  :         P ⋋  =    ⋋ 2  −  ⋋ 3    ⋋ 1    



(11)






   linearity  :         L ⋋  =    ⋋ 1  −  ⋋ 2    ⋋ 1    



(12)






   sphericity  :         S ⋋  =   ⋋ 3   ⋋ 1    



(13)







In order to describe the verticality of the objects in the scene, the angle between the normalized normal vector and an “up”-vector (0,0,1) is calculated.


  V = 1 −  n z   



(14)




where   n z   refers to the third component of the normal vector.




3.2.2. Height-Based Features


Since the scene contains a variety of vertical objects, it is very helpful to define different height features. For each 3D point   P i  , the following height features are extracted:




	
Maximal height features between any two points in the neighborhood   N i  :


   H d  =  H  m a x   −  H  m i n    



(15)







	
Using the statistical moments to give a robust height feature. The standard deviation of the height is calculated using the following equation:


   H S T D  =    1  n − 1     ∑  i = 1  n     (  H i  −  H ¯  )  2     



(16)






   H ¯  =  1 n    ∑  i = 1  n    H i   



(17)














3.3. Feature Selection


Each feature represents a specific measurable property that characterizes a particular geometric aspect. Employing an automated methodology, we identify effective combinations of these features to construct diverse feature sets for semantic segmentation of 3D points within our workflow. In this paper, we utilize a heuristic search algorithm—specifically, we employ the genetic algorithm (GA) [86]—to formulate an optimization problem for feature selection.



Incorporating the defined features into the genetic algorithm workflow involves encoding each feature into a binary value (0 or 1). A set of features can then be represented as a chromosome or string of binaries with a length equal to the number of features under investigation. In the optimized chromosome, a feature represented by a value of 0 indicates that it is either unnecessary for this specific feature set or contributes minimally to improving the results. Figure 9 illustrates the process of transforming a feature set into binary representations.



The genetic algorithm workflow, depicted in Figure 10, for selecting the optimal feature set involves three primary steps: selection, cross-over, and mutation. In the selection step, two feature sets, referred to as parents in the genetic algorithm (GA), are chosen from the initial population based on their fitness values. We employ the tournament selection method [87], wherein three random feature sets are chosen from the initial population and the best feature set is selected as the first parent based on its objective value. This process is repeated twice to select the second parent. During the cross-over step, features between the parents are altered to generate new children (or feature sets). Although various cross-over operators exist, we utilize the two-point cross-over method to increase the ability to explore the search space. This method involves interchanging binary values between two points, as depicted by the green middle segment in Figure 10. Subsequently, these new feature sets undergo mutation to create the new population for subsequent iterations. Finally, we monitor the objective value at each generation as well as the objective value at the last generation to obtain the lesser one in case convergence is not achieved in the end.


  Fitness  Value = 1 − Classifier  Accuracy  



(18)







The fitness value presented in Equation (18) reflects the classifier error within the HSVM model. Our objective is to minimize this error using the genetic algorithm.




3.4. Learning Strategy


During the training phase, the model utilizes a feature vector comprising geometric and height features for training. Two key considerations arise during this process: Firstly, ensuring even distribution of the training dataset enhances model generalization and prevents overfitting. Secondly, establishing the optimal strategy for labeling the neighborhood provided to the model during training is crucial.



Addressing the first aspect involves dealing with imbalanced datasets, for which several methods can be employed. In this study, we use techniques like resampling the dataset to make sure each class has the same number of samples. This is done by duplicating instances from the underrepresented class. Additionally, appropriate performance metrics are employed to evaluate the model’s quality.



The prediction process yields four possible outcomes based on the consistency between the predicted label and the true label of the test sample. These outcomes are classified into true positive (TP), true negative (TN), false negative (FN), and false positive (FP). These outcomes serve as the basis for defining the following metrics:




	(i)

	
Precision (measure of correctness)


  precision =   T P    T P  +  F P    ;  



(19)








	(ii)

	
Recall (measure of completeness)


  recall =   T P    T P  +  F N    ;  



(20)








	(iii)

	
Accuracy (measures overall performance of the model)


  accuracy =    T P  +  T N     T P  +  F N  +  F P  +  T N    ;  



(21)








	(iv)

	
Intersection over union (IoU)


  IoU =   T P    T P  +  F N  +  F P    ;  



(22)








	(v)

	
Mean of IoU (mIoU)


  mIoU =  1 C    ∑  c ∈ C     I o  U c   ;  



(23)




where C is number of classes.









Dealing with the second aspect of labeling the neighborhood involves two approaches: labeling based on the search point and labeling based on the majority of points within the neighborhood. We will investigate and assess both strategies using real datasets in the experimentation section.




3.5. Hierarchy Support Vector Machine Approach


Using the two techniques mentioned in Section 2.1.5, one vs. one and one vs. rest, the whole scene can be segmented using the HSVM approach. In this approach, the 3D point cloud is semantically segmented through three layers (see Figure 11). Each layer employs various SVM kernels and techniques to separate different features and categories within the dataset. In the first layer, the scene is classified into two categories: namely, vegetation and manmade objects, using the one vs. one technique. In the second layer, the classifier differentiates between ground and above-ground objects using the same technique as in the previous layer. Lastly, the 3D point cloud of the above-ground objects is semantically segmented into different segments such as abutment, footing, girder, railing, and pier. In this layer, the SVM classifier is applied using the one vs. rest technique.





4. Evaluation Datasets


To assess the effectiveness of the HSVM methodology and compare it to the deep learning methods, we utilize several real-world datasets of infrastructure objects. These datasets contain different types of scenes from Straßen NRW Nord in Germany and German highways. One type of scene displays roads without bridge elements and the second type of scene illustrates roads with bridge elements (see Figure 12a and Figure 12b, respectively). All scenes were captured using MLS.



In the HSVM model training phase, each class was represented by 20,000 points, resulting in 100,000 points for Scene 1 and 140,000 points for Scene 2. When testing the model, Scene 1 involved a total of 209,400 points, while Scene 2 utilized 149,114 points. Importantly, the test datasets were completely separate from the training datasets. The ground truth labels for these scenes include a total of nine classes that cover all infrastructure buildings in the respective scenes. Table 1 provides a summary of the classes and the number of points used in both the training and testing phases.



The evaluation of the PointNet, PointNet++, and KPConv models was performed using 10 datasets comprising the objects in Scene 1. It is noteworthy that these models utilized a significantly greater number of points for both training and evaluation than the HSVM model. Specifically, we employed a training set consisting of 61,995,915 points sourced from 58 distinct datasets, while the test set comprised 11,896,152 points. As part of the training process, the model underwent evaluation on two specific datasets encompassing a total of 2,186,724 points (see Table 2).




5. Implementation Details/Tools


The 3D point cloud semantic segmentation process described here is implemented in Python, with the preprocessing step that computes the optimal neighborhood for the point cloud performed in C++. Scikit-learn [88] provides a range of tools for adjusting SVM classifier parameters and offers various metrics for evaluating model performance. Matplotlib [89] offers different options for visualizing the results and provides an overview of the distribution of the classes in the dataset. The whole implementation of the HSVM method was run on a CPU, which is an important factor to be considered for the comparison between models. For the implementation of PointNet, PointNet++, and KPConv, the PyTorch library was used [90]. All experiments were conducted on the same machine with an Intel Core i9-12900K @3.20GHz CPU and an NVIDIA RTXA5000 GPU.




6. Experiments


In the first part of this chapter, we evaluate our methodology, which we introduced previously, using real-world datasets of infrastructure scenes. In the second part, we experiment with various deep learning methods, including PointNet, PointNet++, and KPConv, to offer a comparative analysis of their performance.



6.1. Experiment 1: Our Methodology


We test each stage in the semantic segmentation workflow and demonstrate its overall impact on the performance of the HSVM model.



6.1.1. Optimal Neighborhood Estimation


With the methodology for identifying optimal neighborhoods established (Section 3.1), we proceed to assess its performance through comprehensive experiments conducted on a 3D point cloud dataset. Figure 13 provides a summary of the various aspects of the employed method.



Figure 13a,b show the planarity and sphericity features extracted from the optimal neighborhood. Figure 13c demonstrates the expansion of the training dataset by projecting the sphericity features from the subsampled point cloud (1,000,000 pts) to the original point cloud (2,187,299 pts) within 45.1 s. Figure 13d illustrates the adaptive subsampling process applied to the initial point cloud, which had a density of   ρ  0.5    = 36.3 pts/m3. As the neighborhood search radius increases, further subsampling of the point cloud occurs. The corresponding computational time required at each scale to obtain the spherical neighborhood summed to a total time of 65 s for all scales.




6.1.2. Feature Selection Optimization


Employing the genetic algorithm to construct diverse feature sets for our HSVM model results in the identification of the optimal feature set at each layer. Table 3 summarizes the parameters of the genetic algorithm and the number of splits for the datasets. These specified parameters achieve a balance between computational time and accuracy.



The outcomes of the automated feature selection process and the type of the kernel used within each layer in the HSVM model to separate between the features in the feature space are shown in Table 4.



Figure 14 illustrates the evolution of fitness values for the classifiers employed in each layer of the HSVM model across all generations. During optimization, the GA algorithm seeks the optimal feature set corresponding to the lowest fitness value, known as the global minima. The algorithm converged in the last generation for the first and second layers, defining the best feature set. However, convergence occurred early during Generation 2 for the third layer.




6.1.3. Neighborhood Labeling


To explore various learning strategies in HSVM training, we utilized the dataset featuring bridge elements from Scene 2. Figure 15 presents results from both training methods in each layer and indicates labeling accuracies of 90.27% and 82.13% based on majority points and reference points in the neighborhood, respectively.




6.1.4. Hierarchical Support Vector Machine Approach


Our developed approach, as previously detailed in Section 3.5, involves three classification layers and will be tested on various datasets, including those with and without bridge elements.



The HSVM model attained an overall accuracy of 91.94% in Scene 1 of the dataset, which captures a highway and encompasses five distinct classes. Figure 16 illustrates the model’s performance at each classification layer, while Table 5 provides a detailed breakdown of classification performance across various classes. In Layer 1 (Figure 16a), the focus lies on distinguishing between vegetation and man-made objects, while Layer 2 (Figure 16b) separates ground and above-ground elements. Layer 3 (Figure 16c) handles the classification of above-ground elements, leading to the full semantic segmentation of Scene 1 (Figure 16d).



In the second scene, the number of classes is increased as a result of the inclusion of bridge elements, bringing the total to seven distinct classes. An in-depth analysis of the performance of the HSVM approach along with a detailed breakdown of evaluation metrics for each individual class are presented in Table 6. Notably, the overall accuracy achieved for this particular scene amounted to 90.27%. Figure 17 illustrates the HSVM model’s performance on Scene 2 at different classification layers. In Figure 17a,b, the model distinguishes between vegetation and man-made objects as well as between ground and above-ground objects. However, in Layer 3 (Figure 17c), additional classes are classified compared to Scene 1 due to the presence of bridge elements. Figure 17d presents the final semantic segmentation for this dataset.





6.2. Experiment 2: Deep Learning Methods


Given the inherent architecture of deep learning models, wherein features are autonomously extracted, the input feature vector for these models comprises only the raw x, y, and z coordinates of each point in the 3D point cloud. The definition of hyperparameters in these models significantly influences their performance.



6.2.1. Hyperparameters of PointNet and PointNet++ Models


	
Learning rate: a hyperparameter that determines the speed at which the model learns from the training data and can have a significant impact on the accuracy and convergence of the model.



	
Batch size: a hyperparameter that defines the number of training examples used in one iteration.



	
Number of points in each batch: the number of points in each batch refers to the quantity of down-sampled points extracted from the original point cloud and presented to the model as batches.



	
Epochs: an epoch refers to a single iteration through the entire training dataset during the training of a neural network.



	
Optimizer: an optimizer adjusts the model’s parameters during training to minimize a specified loss function, helping the network to learn and to improve its predictive accuracy; it does so by using gradients to update the parameters in a direction that reduces the loss.






Table 7 details the parameters employed for the training of the PointNet and PointNet++ models.




6.2.2. Hyperparameters of KPConv Model


	•

	
Subsampling parameter (  d l  ): a hyperparameter that controls the number of points to be subsampled at each layer in the network. The initial subsampling parameter is   d  l 0   .




	•

	
Kernel points: a hyperparameter that defines the number of points within a local region to perform the convolution operation.




	•

	
Conv radius: a hyperparameter that determines the influence of each kernel point during the convolutional operation. It is crucial for the aggregation of information from kernel points to the points located within the defined radius.







Table 8 details the parameters employed for the training of the KPConv model.



The semantic segmentation outcomes of the three deep learning models on the test dataset of Scene 1 (11,896,152 pts) are illustrated in Figure 18a, Figure 18b, and Figure 18c, respectively. Their evaluation metrics will be examined in comparison to our HSVM methodology.



To closely monitor the performance of the three models during training, Figure 19a displays the mean intersection over union (mIoU) for the validation datasets (2,186,724 points) across epochs, while Figure 19b illustrates the corresponding training times for each model. These detailed insights will prove invaluable in the forthcoming comparison between the HSVM and these models, as demonstrated in the following section.






7. Discussion


This section delves deeper into our developed methodology and compares it with the previously explored deep learning models.



7.1. HSVM Model


The methodology employing entropy as an energy function for optimizing neighborhood scale has proven effective for defining an optimal neighborhood and enables robust distinctions between various objects in infrastructure scenes. While planarity and sphericity features extracted from these neighborhoods effectively discern vegetation from man-made objects (Figure 13a,b), these approaches suffer from computational time constraints and dataset dependence. To address computational time, we developed an adaptive subsampling approach to reduce point cloud size and enhance computational efficiency. This adaptation facilitated the exploration of the geometric features of 1,000,000 pts across six scales (0.5 m to 3.5 m) in 65 s (Figure 13d). Features were then projected onto the original dataset of 2,187,299 pts in 45.1 s, resulting in a total processing time of 110.1 s. However, adaptive subsampling’s effectiveness is highly dependent on the parameter   Δ ρ  , which is selected through trial and error to balance computational time and segmentation accuracy. To tackle dataset dependence, a linear increase in the search radius balanced feature capture across small and large scales in infrastructure scenes.



Automated feature selection employing GA yielded highly favorable outcomes for delineating diverse feature sets in the first dataset. This proves valuable for identifying the features that significantly contribute to the model’s performance, enabling a reduction in computational time. Notably, the results of the feature selection process revealed that the standard deviation of the height values was consistently excluded by the algorithm across all layers, as shown in Table 4. Conversely, the algorithm demonstrated early convergence for the third layer, specifically at Generation 2, as depicted in Figure 14. This highlights the robustness of the feature set for this layer via the exclusion of linearity features. This indicates that the features selected by the algorithm effectively differentiate above-ground elements, which include railings, noise barriers, and bridge signs and are characterized by both vertical and horizontal attributes.



Moreover, adopting a neighborhood labeling strategy based on the majority of points within it has significantly improved the hierarchical semantic segmentation approach (Figure 15). In many instances, the majority of points within a neighborhood inherently serve as the reference point; this is particularly noticeable for large objects observed from larger scales, like the pier class. However, for areas at the extremities of the pier—near other classes such as the bottom of bridge girders or adjacent to the footing—reference point labeling yields slightly better results, as depicted in Figure 15. Conversely, for classes observed at smaller scales, like vegetation and railings, labeling points based on the majority within the neighborhood yields better outcomes. This phenomenon is particularly evident for points situated on the boundaries of two classes, such as roads and roadside vegetation (Figure 15), where misclassification can occur if they are labeled solely according to a reference point.



The HSVM method proved reasonably effective at accurately segmenting and categorizing various objects within the scene and achieved average accuracies of 91.94% and 90.27% for the first and second datasets, respectively (refer to Figure 16 and Figure 17). In Figure 16d, most vegetation is correctly classified despite being present in occluded areas behind noise barriers alongside the roadside. However, due to the sphericity of certain parts of the bridge signs, some points are misclassified as vegetation and are subsequently excluded after the first layer. Conversely, Figure 17d reveals that certain girders and the railing are erroneously classified as vegetation. This misclassification occurs primarily in densely vegetated areas where accurately extracting characteristic features of these elements proves challenging. Additionally, some girder points scatter in space at smaller scales, leading to misclassification as vegetation (Figure 17a).



The success of HSVM arises from optimizing each stage of the semantic segmentation workflow by utilizing an optimal neighborhood to extract diverse features and automatically selecting feature sets hierarchically. Hierarchical classification efficiently distinguishes between categories using various SVM techniques like one vs. one and one vs. rest, as shown in Figure 20. The model demonstrates high confidence in distinguishing ground and above-ground objects at Layer 2, with points at their interface showing a confidence level of approximately 0.5. Above-ground points exhibit a confidence level of approximately 1.0, while ground points show notably lower confidence. The one vs. one technique with a linear kernel enhances category distinction in this layer.




7.2. Comparison with Deep Learning Models


We compared the HSVM-based semantic segmentation approach with state-of-the-art deep learning models to determine its relative performance and positioning in the field. In this comparison, we took five key aspects into account to ensure a comprehensive and equitable evaluation. These are model accuracy, computational time, available computational resources, amount of data required for training, and the complexity of adjusting the hyperparameters for each model.



In terms of model accuracy, our HSVM-based semantic segmentation approach outperformed the PointNet and PointNet++ deep learning models, though it slightly lagged behind the more robust KPConv model. A comprehensive comparison of these four models on the test datasets for Scene 1, as depicted in Table 9 and Figure 21, highlights their effectiveness at predicting roads with high accuracy, mainly because of the substantial training data available for this class within the infrastructure scene. Notably, KPConv exhibited better performance across all classes in the scene, which is attributed to its capability to extract both low- and high-level features using convolutional operations.



In terms of computational time for feature selection and extraction, model training, and model testing, an overview is presented in Table 10, which outlines the time requirements for each applied method. It is worth noting that the time for feature processing is encompassed within the training duration of the HSVM and deep learning models. In the context of HSVM, the processing time required to identify the optimal neighborhood for 100,000 pts and 209,400 pts was 3.5 s and 15.5 s, respectively. Additionally, the time required by the genetic algorithm to define the optimal feature sets was 3 min. It is also noteworthy that the HSVM model utilized CPU resources more efficiently and with less computational time compared to other deep learning models, which typically require GPU resources and longer durations.



A deeper analysis of the time data presented in Table 10 is necessary to take into account variables like data volume and the training progress of each deep learning model across epochs. Some models showed limited improvement with additional epochs, resulting in inefficient use of time. To address this issue, adjustments should be made to discount such times and compare durations regardless of dataset size. As a solution, we suggest introducing another comparison metric: point prediction time (PPT). This metric assesses the total time required to process one thousand data points, offering insight into the efficiency of each model in handling specific data quantities. It proves particularly valuable in scenarios involving large datasets, where faster processing times are desirable.


   sec / 1000   pts = 1000 ×   Training  Time +  Inference  Time   Total  number  of  points    



(24)







Upon analyzing Figure 19a,b, it is apparent that the training evaluations of PointNet and PointNet++ reach a plateau after a certain number of epochs: 50 epochs for PointNet and 100 epochs for PointNet++. In contrast, KPConv consistently shows progress throughout the entire training process, peaking at the 180th epoch. Consequently, we only consider the training times corresponding to these epochs in the comparison, which are 8 minutes, 167 minutes, and 308 minutes, respectively. Using Equation (24), we estimate the point prediction time required by all the models under investigation. Table 11 illustrates the time needed by each model for feature extraction, model training, and the evaluation of 1000 pts. Deep learning models are known for their efficiency at processing batches of points during forward and backward propagation within the network. As the complexity of the network increases in terms of layers, parameters, etc., the computational time also rises, as evidenced by the lower values of PointNet, with its simpler architecture design compared to PointNet++ and KPConv, which have more complex designs.



Optimizing the hyperparameters introduced in Section 6.2 is crucial to improve the performance of the deep learning models. A high learning rate may cause the model to diverge, while a low learning rate may result in slow convergence. The optimal batch size depends on the dataset size, memory, and model complexity. Increasing the number of epochs can improve accuracy on the training set, but overfitting may occur if the number of epochs is too high. Balancing these parameters is a challenging yet crucial task to achieve optimal performance of the deep learning models. This aspect should also be considered during the comparison between the investigated models.



Utilizing the predefined comparison criteria, each model undergoes qualitative evaluation within a ranking matrix employing a scoring system. This assessment employs “+” and ”-” symbols tailored to specific factors. For instance, models with lower accuracy and higher computational time are attributed a lower positive score, while those with higher accuracy and lower time receive a higher positive score. Similarly, the amount of data used for training and computational requirements, including GPU or CPU usage, is qualitatively assigned either a “+” or ”-” score. Larger datasets and intensive GPU usage qualitatively receive a “-” score. Notably, the adjustment of hyperparameters for deep learning models is inherently more intricate than for machine learning models, contributing to a complexity factor rated qualitatively with “-” symbols. Table 12 offers a thorough examination of the qualitative score matrix, outlining the strengths and weaknesses of each model. While the HSVM model excelled in four out of five criteria used for comparison, it falls short in terms of speed compared to deep learning models when handling a batch of 1000 points.





8. Conclusions


This research delves into automating the Scan2BIM workflow, with the primary aim of streamlining the labor-intensive process of 3D modeling, particularly for infrastructure scenes such as bridges. The Scan2BIM workflow comprises two main components: semantic segmentation and 3D modeling, both of which are potential candidates for automation. Our focus lies on automating the semantic segmentation of 3D point clouds captured by laser scanners by employing machine learning techniques: specifically, SVM models. We have developed our methodology with the goal of optimizing each step in the workflow to achieve the most accurate segmentation of 3D points.



The primary advancement in the developed workflow involves efficiently optimizing the neighborhood within a manageable computational timeframe; this acts as a preliminary segmentation phase to capture characteristic object features. We have assessed the limitations of this optimization process and proposed solutions to broaden its applicability to diverse datasets with unique traits. Subsequently, geometric and height features are extracted from the optimized neighborhood to construct a feature vector serving as training input for the model. However, we could not explore other feature types like texture features due to their unavailability across all datasets; their inclusion could enhance the classification model’s robustness. Furthermore, we have integrated additional optimization techniques, such as genetic algorithms (GAs), during the feature selection stage to reduce feature dimensionality when training the SVM model. Lastly, hierarchical object classification within the scene has proven to be effective at categorizing the entire scene based on human-interpretable scene knowledge.



To evaluate the strengths and weaknesses of our HSVM approach, we conducted a comparative analysis against state-of-the-art deep learning models. Our findings reveal that HSVM exhibited high performance: outperforming renowned deep learning models like PointNet and PointNet++. Although HSVM did not quite match the performance of KPConv, it excelled in several areas, particularly in scenarios with limited training data. In such cases, HSVM can deliver highly satisfactory results within a short timeframe. However, in terms of processing speed for point clouds, HSVM may not be as competitive as deep learning models.



This comparative analysis underscores the trade-off between speed and accuracy and aids researchers with choosing suitable approaches. It also paves the way for improved algorithms in semantic segmentation. Integrating automated features from deep learning like KPConv into models such as SVM could reduce computational time and enhance model interpretability—a field known as explainable machine learning—promising progress in point cloud segmentation.



The comparison highlights differences between machine learning and deep learning workflows, particularly for feature extraction. Machine learning uses handcrafted features for specific datasets, while deep learning automates this process, offering greater adaptability. This highlights trade-offs between manual intervention and automation and guides approach selection based on task requirements and resources.



Future studies will leverage semantically segmented point clouds for diverse 3D reconstruction techniques, automating the generation of geometric–semantic BIM models and thus streamlining the Scan2BIM workflow.
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Figure 1. Steps of Scan2BIM showing where our approach fits in the automation of the semantic segmentation stage for 3D point clouds. 
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Figure 2. Workflow of point cloud semantic segmentation using supervised machine learning [37]. 
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Figure 3. Result of the classification process for the mountain–river dataset: (A) original river scene and (B) classification (green: vegetation, gray: bedrock, red: gravel, and blue: water) [42]. 
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Figure 4. Using kernel function to map the dataset from 2D space to 3D space and constructing a separating surface between two classes, shown in red and blue [65]. 
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Figure 6. Workflow of our methodology showing the integration of different strategies (optimal neighborhood definition, geometric feature extraction, optimizing the feature selection, and hierarchy classification using SVM). 
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Figure 7. Behavior of the k-nearest neighborhoods and spherical neighborhoods under two different scales (Scale 1 and Scale 2) at three different locations in the scene (A, B, and C) [36]. 
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Figure 8. Finding the optimal neighborhood around the pier of the bridge, which is located at the radius with the minimum entropy value. (a) Linearity values for each point in the point cloud obtained by the optimal neighborhood search showing high linearity around the pier of the bridge (white box). (b) Finding the radius of the neighborhood corresponding to the minimum entropy value, showing more linearity over the other two features for the pier element. 
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Figure 9. Converting a set of features to a chromosome involves assigning each feature a binary value. 
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Figure 10. Workflow of the GA to define the best feature sets at each layer in the HSVM model. 
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Figure 11. The hierarchy classification approach combining SVM solutions and the decision tree framework. 
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Figure 12. Scenes of the datasets used to evaluate the performance of the investigated models. (a) Dataset, Scene 1: noise barriers, road, vegetation, railing, and signs in the scene of Straßen NRW, with laser scan intensities shown in gray-scale. (b) Dataset, Scene 2: bridge elements, vegetation, railing, and road in the scene of Straßen NRW, with laser scan intensities shown in gray-scale. 
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Figure 13. Estimating the optimal neighborhood to define robust features projected onto the original point cloud while utilizing adaptive subsampling for computational efficiency. (a) Planarity features from optimal neighborhood. (b) Sphericity features from optimal neighborhood. (c) Sphericity features after projection to the original point cloud. (d) Computational time required at each scale to define a neighborhood when employing adaptive subsampling with   ρ  0.5    = 36.3 pts/m3. 
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Figure 14. Minimizing errors for each classifier within the HSVM model across all generations. 
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Figure 15. Comparison between both learning strategies employed in the training process of the HSVM approach for the dataset of Scene 2. 
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Figure 16. The semantic segmentation results of Straßen NRW dataset for Scene 1 using hierarchical SVM approach. 
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Figure 17. The semantic segmentation results of Straßen NRW dataset for Scene 2 using hierarchical SVM approach. 
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Figure 18. Semantic segmentation results of the test datasets for Scene 1 with 5 classes using PointNet, PointNet++, and KPConv models. 
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Figure 19. Performance analysis of the three investigated deep learning models during training process. (a) Monitoring the performance of the three models using the validation datasets across epochs. (b) Computational time required by each model during the training process. 
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Figure 20. Probabilistic assessment of ground and above-ground object discrimination in Layer 2 for the HSVM model. 
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Figure 21. Performance of all investigated models on dataset for Scene 1 containing 5 classes. 
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Table 1. Summary of the data points used in the training and testing of the HSVM model.






Table 1. Summary of the data points used in the training and testing of the HSVM model.





	Dataset
	Classes
	Training (pts)
	Test (pts)





	Scene 1
	vegetation, road, railing, noise barrier, signs
	100,000
	209,400



	Scene 2
	vegetation, road, railing, abutment, girder, pier, footing
	140,000
	149,114










 





Table 2. Summary of data points used for the training, validation, and testing of the deep learning models.
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	Dataset
	Classes
	Training (pts)
	Validation (pts)
	Test (pts)





	Scene 1
	vegetation, road, railing, noise barrier, and signs
	61,995,915
	2,186,724
	11,896,152










 





Table 3. Parameters of the GA algorithm.






Table 3. Parameters of the GA algorithm.





	Parameters
	Values





	generations
	10



	population
	20



	cross-over probability
	1



	mutation probability
	0.2



	k-fold
	5










 





Table 4. Optimal feature set at each layer selected by the GA algorithm for the first dataset.
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	Best Chromosome
	Decoded Feature Set
	Fitness_VALUE
	HSVM Layers
	SVM Kernel





	[1,1,1,1,1,1,1,0,0]
	x,y,z, linearity, planarity, sphericity, verticality
	0.026
	layer 1
	Linear



	[1,1,1,1,0,0,1,1,0]
	x,y,z, linearity, verticality, height difference
	0.0126
	layer 2
	Linear



	[1,1,1,0,0,0,1,1,0]
	x,y,z, verticality, height difference
	0.006
	layer 3
	RBF










 





Table 5. Performance metrics of all classes for HSVM semantic segmentation approach for Scene 1.
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	Classes
	Precision [%]
	Recall [%]





	vegetation
	80.7
	100



	road
	98.1
	97.7



	railing
	97.2
	67.6



	noise barrier
	95.4
	94.63



	signs
	88.6
	97.4










 





Table 6. Performance metrics of all classes for HSVM semantic segmentation approach for Scene 2.
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	Classes
	Precision [%]
	Recall [%]





	vegetation
	90.00
	81.67



	road
	95.52
	100



	railing
	79.81
	85.84



	abutment
	96.70
	99.11



	girder
	79.61
	100



	pier
	97.06
	99.85



	footing
	94.01
	90.93










 





Table 7. Training parameters of PointNet and PointNet++ models.
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	Parameters
	Values





	learning rate
	0.001



	batch size
	16



	number of points in each batch
	4096



	epochs
	200



	optimizer
	Adam










 





Table 8. Training parameters of KPConv model.
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	Parameters
	Values





	learning rate
	0.01



	batch size
	1



	batch number
	6



	number of points in each batch
	10,000



	   d  l 0    
	0.06 m



	epochs
	200



	kernel points
	15 pts



	conv radius
	2.5 m



	optimizer
	momentum gradient descent










 





Table 9. IoU per class for semantic segmentation on Dataset 1 across all models.
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	Method
	Vegetation
	Road
	Railing
	Noise Barrier
	Signs
	mIoU
	OA





	PointNet
	30.1
	93.5
	31.7
	11.8
	53.3
	44.1
	82.5



	PointNet++
	54.4
	96.2
	57.2
	65.5
	42.3
	56.7
	89.8



	HSVM
	65.2
	96.8
	65.1
	75.3
	63.6
	73.2
	91.9



	KPConv
	69.4
	97.1
	74.2
	84.5
	89.3
	82.9
	95.9










 





Table 10. Computational times for all investigated models.
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	Method
	Training Time
	Inference Time
	Device





	PointNet
	≈1.5 h
	≈0.32 h
	GPU



	PointNet++
	≈5.25 h
	≈0.37 h
	GPU



	HSVM
	≈0.09 h
	≈0.1 h
	CPU



	KPConv
	≈5.13 h
	≈1 h
	GPU










 





Table 11. PPT required by each model to process a batch of 1000 pts.
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	Method
	Training Data (pts)
	Test Data (pts)
	Time (sec/1000 pts)





	PointNet
	61,995,915
	11,896,152
	0.022



	PointNet++
	61,995,915
	11,896,152
	0.154



	HSVM
	100,000
	209,400
	2.21



	KPConv
	61,995,915
	11,896,152
	0.3










 





Table 12. Model ranking matrix based on various comparison aspects.






Table 12. Model ranking matrix based on various comparison aspects.





	Method
	PPT 1
	Computational Time
	Accuracy
	Data Volume
	Device
	Hyperparameters





	PointNet
	++++
	+++
	+
	-
	-
	-



	PointNet++
	+++
	++
	++
	-
	-
	-



	HSVM 2
	+
	++++
	+++
	+
	+
	+



	KPConv
	++
	+
	++++
	-
	-
	-







1 Point prediction time (sec/1000 pts). 2 Emphasizing the performance ranking of our approach relative to other deep learning models.
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