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Abstract 
Under the context of establishing a digital twin, the first step after data collection is to extract 

meaningful information from dense big data. This work provides a starting point by 

semantically labelling a photogrammetric point cloud dataset and seeks to find the optimal 

descriptors for extracting building information in a study area within Louvain-la-Neuve. A 

multi-scale point-wise classification approach was adopted where the point cloud was 

iteratively subsampled three times at three progressively larger grid sizes. At each subsample, 

15 feature descriptors derived from height, reflectance, and eigenvalue-based geometry were 

computed using exclusively free and open-source software. The model with all features 

combined performed the best achieving an overall accuracy of 0.94, though with major 

confusion between roof and ground points. Although, geometric features performed the worst 

reaching a low of 0.59 overall accuracy, it was proven that the combination of geometric 

features with other color or height information led to more accurate classification of roofs and 

facades. Moreover, the reflectance information from photogrammetry proved to be highly 

valuable for vegetation extraction. In order to evade the confusion between roof and ground, 

the ground points were segmented using Cloth Simulation Filter (CSF) followed by the 

reconstruction of a gapless DEM. This approach showed great potential as since it enhanced 

the classification accuracy reaching 95% overall accuracy without the introduction of external 

datasets. However, further validation of roof points with a rooftop dataset from the Wallonian 

cartographic dataset (PICC) showed that a quarter of points classified as roof were needed to 

be removed to attain a 91% validation accuracy. 

 

Key words: multi-scale classification, semantic labeling, building extraction, photogrammetry, 

point cloud processing, geometric features, city 3D model 
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Chapter 1. Introduction 
Urban areas have been experiencing enormous population growth rates in the past years (UN 

DESA, 2022). Urbanization provides a higher number of job opportunities, better 

infrastructure, and advanced education (Bera et al., 2023). As a positive feedback loop, due to 

the high influx of people to cities, cities experience economic development and in turn, 

improved transportation services, increased exposure to cultural diversity and increase in 

services and facilities. They cater to the ever-increasing population, making the city more 

attractive (James et al., 1998). As a negative feedback loop, over population could overwhelm 

the previously mentioned services and facilities (Cho & Kim, 1983). 

Urban expansion has led to rise in energy demands (Madlener & Sunak, 2011), high volume of 

traffic (Rao et al., 2021), lower agriculture productivity (Follmann et al., 2021). Moreover, 

environmental issues are exacerbated with more residents. Urbanization increases air and noise 

pollution (Sarzynski, 2012; Tong & Kang, 2021), induces flash flooding (Ajjur & Al-Ghamdi, 

2022; Al-Ghamdi et al., 2012), reduces biodiversity (Sushinsky et al., 2013), changes 

hydrologic and biogeochemical cycles (Bera et al., 2023). 

Global frameworks such as the Sustainable Development Goals (SDGs) encourage planners on 

developing strategies to nurture a sustainably conscious community with their city residents 

(Pradhan et al., 2017). Around 65% of the 169 targets associated with the 17 SDGs necessitate 

the involvement of local and regional city governments (Lafortune et al., 2019). The added 

pressure on cities have yet to produce fruitful results, since they are continuing to function 

under a business-as-usual approach (Liu et al., 2023). 

The multi-faceted problem of cities could not be solved with a single solution. The sheer 

number of intertwining variables and different possibilities are too complex for humans to begin 

comprehending (Batty, 2014; Colding et al., 2020). Fortunately, computational power has 

increased exponentially and could incite a data-driven approach for designing, monitoring, and 

managing full-scale cities (Islam & Reza, 2019). The digitization of a city with its delicate web 

of networks is called a digital twin and has emerged as a prominent topic over the last 20 years 

(Deng et al., 2021). A rising number of countries regard the integration of the physical world 

with the virtual world as a solution to the environmental and logistical issues of a metropolis 

(Azevedo Guedes et al., 2018). 

Digital twins enable planners and managers with (near) real-time monitoring data, energy 

optimization tactics, automated traffic flow and public transit management, water resource 

management, moreover, they can assist in resource allocation and disaster risk management 

(Deng et al., 2021; Yin et al., 2015). Nevertheless, to achieve the futuristic scenario, where 
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computer models could facilitate urban planning and management, several key challenges need 

to be addressed, such as finding an efficient way for the integration of data systems from a wide 

array of sensors and other data sources. Additionally, a continuous monitoring of the city and 

the different parameters needed to maintain sustainable development could be challenging. 

The first challenge of establishing a digital twin is the acquisition of data for creating the city 

in virtual format. The advent of low-cost acquisition methods, such as laser scanning and digital 

photogrammetry has opened the doors for rapid and easy data collection (Pérez et al., 2013). 

However, the data collected is considered big data, due to the sheer volume of information 

acquired to represent the complexities of the physical world (Isa et al., 2018). As this data is 

impractical without the means to extract meaningful information, the field of computer vision 

and 3D scene processing has become highly popular with 3D data processing applications 

(Weinmann et al., 2013). Among algorithms that segment and extract information based on 

clustering similar features, the semantic classification of 3D data is a constantly evolving topic 

(Becker et al., 2018; Thomas et al., 2018). Many applications such as flood modelling, solar 

potential calculation, noise mapping require classified 3D city models for further complex 

analyses (Biljecki et al., 2015). 

Therefore, this study will aim to adopt a classification methodology capable of classifying an 

urban setting and find the information that works best for isolating building structures such as 

facades and rooftops. 

 

This work begins with a literature review providing background information about the role of 

city 3D models and their potential. The first step of creating a 3D model is acquiring data and 

processing it to obtain semantic information, therefore, both topics are explored in detail. Then, 

the objectives and research questions are stated. The datasets and methodology used in this 

study are given a comprehensive explanation, followed by an analysis of the results obtained 

by the classification model and its performance. The discussion chapter provides the 

interpretation of the results highlighting the different implications of the analyzed data and 

whether they conform to the state-of-art. The chapter ends by stating the limitations of the 

model and provides several recommendations for future research avenues. Finally, the work is 

summed up succinctly with closing remarks. 
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Chapter 2. Literature Review 
This chapter presents a literature review on the applications of 3D city models and the pre-

processing needed to distinguish one structure in the point cloud from another. It aims to 

highlight the important role 3D city models have been playing in the scientific landscape, in 

addition to the state-of-the-art techniques in extracting meaningful information for the semantic 

classification of point clouds for creating 3D city models. 

 

2.1. The role of city 3D models 

A 3D city model encompasses the digital representation of the city's physical structures and is 

used to realize a smart society. 

The growing interest in smart cities could be attributed to the need to increase efficiency and 

enhancement of city services and infrastructure (Azevedo Guedes et al., 2018); to provide 

climatic simulations and pollution predictions (Bekkar et al., 2021); to calculate renewable 

energy potential in an urban landscape (Romero Rodríguez et al., 2017), among other 

applications in urban planning (Chen, 2011). While 3D city models are one of the primary 

precursors for establishing a digital twin, some shortcomings need to be addressed to acquire 

the closest possible results to the real physical world. 

Building simulation models require large amounts of data, which could not be the case for every 

city. Furthermore, data validation for big data poses another layer of complication (Strzalka et 

al., 2011). 

3D city models for the same region could have substantial differences due to different 

acquisition methodologies, reconstruction from raw data, and processing algorithms. These 

differences can create multiple inconsistencies between models, which impede data 

interoperability and their use in certain applications (Stoter et al., 2020). Moreover, Stoter et al. 

(2020) mention that standardization of city 3D models is imperative for consistent formats and 

data structuring to preserve geometry and the semantic information of each building, such as 

year of construction, building material, number of floors, and number of inhabitants. By 

digitizing each building within the urban landscape, a vast array of potential use cases is 

unlocked, benefitting each city resident. 

 

2.2. Use cases of 3D city models 

2.2.1. Hazard Risk Management 

Urbanized areas currently house more than half the human population (UN DESA, 2022). 

Therefore, city 3D models could be used as a tool in the decision-making process of hazard risk 
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prevention and management. Computational fluid dynamics (CFD), within a city context, seeks 

to tackle issues such as air pollution monitoring, wind movement analysis and flooding events 

(Ridzuan et al., 2022). Ujang (2015) argues that the potential for using virtual city models is 

immense for air quality simulation since the usage of air quality monitoring stations is 

inconsistent and impractical in cities due to their complex configuration. Ridzuan et al. (2023) 

focused on simulating wind flows with cityGML data using the Realizable K-epsilon (k-ε) 

turbulence model. The cityGML third level of detail was chosen since it contains the bare 

minimum features required for modeling wind flow estimation and visualization. The 

simulation model outputs the interaction of wind with the city models and insights into the 

pressure, kinetic energy, turbulence, and rate of dissipation. Schröter et al. (2018) demonstrated 

the potential of city 3D models and their capacity to enable urban planner with informed 

decisions about managing flood scenarios and identifying high risk areas. They predicted 

damages to buildings, inundation depth and economic losses in the event of a flood using flood 

loss models on 3D city model. Furthermore, Willenborg et al. (2018) showed that CFD can 

simulate catastrophic events such as individual blast scenarios. The simulation engine they used 

was able to return a collection of probabilities for the material and bodily damage incurred. 

Specifically, they were able to pinpoint the specific glass facades within the study area that had 

more than a 70% probability of shattering. 

 

2.2.2. Energy demand estimation 

City 3D data provides volumetric information about the urban landscape alongside semantic 

information such as building typology, number of floors and year of construction. In this use 

case, 3D city modelling can be a highly beneficial for decision-makers as it facilitates 

diagnostics of the existing building stock and enabling the adoption of sustainable energy 

strategies. Such data can be utilized to model and estimate the energy demands of individual 

buildings (Biljecki et al., 2015; Nouvel et al., 2013; Willenborg et al., 2018) to minimize 

greenhouse gas emissions. Strzalka et al. (2011) predicted the heating energy demand of 

Scharnhauser Park in Ostfildern, Germany. They used hourly air temperature, orientation of 

windows, global radiation data, and heat transfer coefficient data for the simulation model. A 

city model of Berlin was also utilized to estimate the entirety of the German capital’s net energy 

demand by deriving building geometry information such as thematic hull surfaces, building 

volumes, and floor heights from the semantically labeled 3D model (Kaden & Kolbe, 2013). 

The potential of simulating energy demands, more specifically, predicting heating demands at 

the level of individual buildings, were explored by using a country-wide 3D city model of the 
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Netherlands (León-Sánchez et al., 2021). Similarly, Murshed et al. (2018) utilized the 

advantage of 3D city models’ building attributes to model building heating and cooling energy 

needs on monthly basis on multiple cities across Asia and Europe. 

 

2.2.3. Noise mapping 

Noise pollution can be visualized by 3D models, where the noise generated by oncoming traffic 

can be mapped onto the city model. Such visualizations could give insight into several 

mitigation measures, in addition, the third dimension provides a clearer image of the effect of 

refraction and diffraction due to barriers and the degree of sound attenuation with altitude 

(Biljecki et al., 2015; Zhao et al., 2016). GIS and 3D models could be integrated for noise 

modelling and ease of dissemination through the internet for visualization (Kurakula et al., 

2007). Stoter et al. (2008) simulated noise pollution in an urban environment using interpolation 

techniques and compared the differences between 2D and 3D analysis of noise pollution. They 

found that the number of populations affected by noise was highly underestimated in the 2D 

analysis. Likewise, Lu et al. (2017) modeled sound propagation paths to pinpoint the degree to 

which different sound sources, such as road, railway or traffic posed an annoyance to observer 

points on building facades. Their result displayed the location of buildings most to least affected 

by high incoming noise from the transportation sector.  

 

2.2.4. Renewable resource calculation 

The three-dimensional aspect of city models have been used extensively for solar potential 

estimation. When compared with 2D models, the solar irradiance estimates used with 3D 

models resulted in a more accurate output, though, complex architecture needed higher 

definition models (Kolečanský et al., 2021). Bremer et al. (2016) utilized topographic data and 

city 3D models to determine irradiation values in the Old Town of Innsbruck, Austria. The daily 

irradiation was simulated using a ray-tracing procedure that considers the rooftop and facades 

of the city in relation to the sun’s azimuth and inclination. The result was visualized on the city 

model as a texture map, where they had concluded that the daily irradiation was more 

homogeneous on rooftops than that of the facades. In addition, they had derived that the city 

receives an average of around 340 kWh per half year for all surfaces. Certain acquisition 

techniques such as LiDAR provides information about nearby obstructions, rooftop orientation 

and slope information, which could be used alongside climatic and temporal data to discern 

neighborhoods with higher solar potential (Suomalainen et al., 2017). Huang et al. (2015) 

developed an augmented model capable of estimating direct and indirect roof solar energy 
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potential by inputting LiDAR data to attain high resolution information about complex urban 

environment. The model also takes into account the atmospheric clearness index, making it 

more robust at estimating solar potential during cloudy settings. Chen et al. (2022) developed 

the model further by computing solar potential using a grid-based schema and used airborne 

photogrammetry for the extraction of rooftops. Waqas et al. (2023) used LiDAR and 3D 

building data of Texas, USA to extract sun and sky maps and pinpoint areas of high suitability 

for photovoltaic placements by implementing a viewshed algorithm. 

 

2.3. The creation of 3D city models from point clouds 

2.3.1. Data acquisition 

Remote sensing has become increasingly vital for acquiring structural features and topographic 

data in three-dimensional space. Features such as vegetation, buildings, vehicles, and ground 

surfaces can be used to establish a digital twin of the surveyed area (Schrotter & Hürzeler, 2020; 

Verma et al., 2006; Xue et al., 2020). 

An urban area could be captured as a 3D representation using light detection and ranging 

(LiDAR) techniques such as airborne laser scanning, where an airborne sensor actively emits 

light pulses and receives back the height information. The time elapsed for the light pulse to 

travel back and forth provides information regarding the distance (Collis, 1970). The resulting 

data could be utilized to analyze the topography of the study area in the form of a digital surface 

model (DSM) and digital terrain model (DTM). Another form of LiDAR, terrestrial laser 

scanners (TLS) could also collect three-dimensional information about cities from lower point 

of views. TLS is an automated total station that could be equipped with a camera to acquire 

both reflectance and 3D point data (Bornaz et al., 2004; Feng & Guo, 2021). 

An alternative technique is photogrammetry, which is an airborne or terrestrial imaging 

technique that involves overlapping consecutive images (Sahin et al., 2012). These images are 

used to create an orthorectified mosaic image of the surveyed plot. The apparent displacement 

of the same object from one image to another is termed parallax (Schenk, 2005). Parallax 

enables the extraction of height information and, in turn, reconstruct 3D objects through 

techniques such as structure from motion (Schenk, 2005; Westoby et al., 2012). 

Nonetheless, a digital model can also be produced from 2D data that would be extruded in the 

third dimension according to the given height information (Biljecki et al., 2015). A sparsely 

spaced point cloud reconstruction of an urban environment can also be performed by using 

publicly available Google Street View Images (Cavallo, 2015). 
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Both surveying techniques, LiDAR and photogrammetry, lead to the representation of the 

actual world digitally in three-dimensional coordinates (X, Y, and Z). Moreover, the points also 

provide additional information that is unique to each technique. For example, LiDAR data 

measures the return strength or intensity, which is useful for identifying and classifying 

features. On the other hand, photogrammetry relies on photographic images and provides 

radiometric information. While both techniques are used to produce 3D models of landscapes, 

LiDAR products retain higher precision and accuracy since unlike photogrammetry, where the 

image quality relies on the camera used and the mosaic needs to be geo-referenced, LiDAR 

point clouds are already geo-referenced since the sensor is equipped with high-precision GNSS 

sensors (Baltsavias, 1999). Furthermore, due to the need for ground control points (GCP) laid 

throughout the survey area with accurate measurements of their respective coordinates for 

photogrammetry, LiDAR is a better alternative for inaccessible areas. However, with the advent 

of low-cost commercial small unmanned aerial vehicles (sUAV), high-resolution cameras, and 

widely accessible post-processing tools, the popularity of photogrammetry has increased over 

the last decades to survey ground topography and features (Pérez et al., 2013).  

The reconstruction of digital elevation models, generation of orthophotos, and point clouds 

attained through algorithms such as structure from motion (SfM) (Westoby et al., 2012) can be 

used for various array of applications such as precision agriculture (Tsouros et al., 2019), 

mapping mine areas (Xiangfeng Liu et al., 2012), detecting forest disturbance dynamics 

(Minařík & Langhammer, 2016), and archaeological surveys (Saleri et al., 2013). 

Though, raw photogrammetric point clouds lack information on surface reflectivity and do not 

differentiate semantically between points, one of the primary advantages of using 

photogrammetry point records as opposed to LiDAR-based data is the benefit of having color 

information derived from the set of images. 

Popular image-based modeling software, such as Agisoft Metashape is a closed-source software 

that possesses user-friendly tools for point cloud classification (Agisoft, 2024). Its ease of use 

and direct workflow have led to its widespread use for the reconstruction of digital terrain 

models and point filtering. However, the final output lacks the accuracy achieved by a more 

technical pipeline (Howland et al., 2022). Pix4D is a market leader in processing UAV images 

and photogrammetry (Pix4D, 2024). Pix4D is commercial software, that is capable of 

producing point clouds of comparable accuracies to Agisoft in relatively noncomplex study 

areas (Alidoost & Arefi, 2017), while performing better in dense urban areas (Shoab et al., 

2022). Pix4D possesses both supervised and unsupervised classification tools, where it uses a 

preset of classes to segment the point cloud according to geometry and color information. 
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However, Ntuli & Forbes (2023) showed that its classification performance is not robust to 

isolate buildings with predominant type I errors, i.e. several cases of false positive 

classification.  

On the other hand, CloudCompare (Girardeau-Montaut, 2014) is a free and open-source 3D 

point cloud visualization and processing software. It has supervised classification features such 

as the Caractérisation de Nuages de Points plugin (CANUPO) developed by Brodu & Lague 

(2012). However, in practice, CANUPO is limited in functionality as it is a binary classifier but 

provides satisfactory classification results (Ntuli & Forbes, 2023). 

 

2.3.2. Segmentation 

A technical workflow for point filtration derived from aerial photogrammetry depends on the 

application in question. One of the first necessary steps for post-processing raw 

photogrammetric point clouds is segmentation and semantic classification of each point to 

isolate relevant features pertaining to the research objective. Segmentation refers to grouping 

points with similar geometric or radiometric properties, whereas classification assigns semantic 

labels to each point (Grilli et al., 2017). 

As a preliminary step without prior classification, segmentation of the point cloud can lend 

insight into how the points are arranged in space based on each point’s neighbors. Rabbani et 

al. (2006) utilized surface normal vectors to assess the local connectivity of the points, thus 

segmenting their data according to surface smoothness, i.e., the collection of points that have a 

low variation in the surface normal vectors. Edge-based segmentation is another technique that 

extracts the contours of features and segments the points within and outside of the boundaries 

(Wani & Arabnia, 2003). In order to segment ground points, Zhang et al. (2016) proposed a 

novel approach, the cloth simulation filter (CSF), where the point cloud is turned upside down 

and a rigid cloth grid made of interconnected particles is simulated to cover the inverted surface. 

After a few iterations and post-processing steps, the cloth takes the form of the terrain’s 

topography, thus effectively segmenting ground, and non-ground points. 

 

2.3.3. Geometry features 

Weinmann et al. (2013) developed a point-based segmentation methodology, where each 

point’s neighborhood provides a mathematical relationship between the point and its orientation 

in three-dimensional space. Point-based segmentation relies on the calculation of geometric 

features derived from the covariance matrix of the point itself and its neighbors. The 

neighborhood could be selected according to a fixed number of surrounding points (K-Nearest 
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Neighbors), a spherical neighborhood, or a cylindrical neighborhood around every point 

(Weinmann et al., 2015a). While cylindrical neighborhoods are more often used in LiDAR data, 

K-Nearest Neighbors (KNN) and spherical neighborhoods are more popular with airborne 

photogrammetric data (Niemeyer et al., 2014; Thomas et al., 2018).  

Following the selection of a neighborhood, the three-dimensional structure and orientation of 

the local neighborhood can be broken down by the eigenvalue-based geometric features 

(Weinmann et al., 2013). Eigenvalue-based geometric features describe each point's spatial 

arrangement and explain their structural composition within the point cloud. They provide 

robust attributes for distinguishing objects due to the invariant nature of eigenvalues in rotation, 

translation, and scaling. Moreover, eigenvalues are unaffected by non-uniform point clouds 

(Jutzi & Gross, 2009). Hence, they are well-suited for complex data sets, granted that the 

neighborhood adequately encompasses the details of the features (Jutzi & Gross, 2009; Thomas 

et al., 2018). 

Succinctly, geometric features are a set of equations taking into account the eigenvalues at each 

axis and the eigenvectors. They describe the extent of each neighborhood’s spatial distribution, 

orientation and randomness with respect to the point cloud (Weinmann et al., 2013). 

Omnivariance is defined as the determinant of the covariance matrix. It emphasizes the 

volumetric spread of the points within the neighborhood, i.e., it measures the degree of isotropy 

within the neighborhood. Therefore, it leads to the discrimination between points that are spread 

out heterogeneously along the three-dimensional space, such as vegetation, and homogenous 

collections of points such as facades and ground (Günen, 2022). 

Eigenentropy relates to the measure of the order of disorder of the neighborhood derived from 

the covariance matrix and could mainly isolate corners, edges, and surfaces (Günen, 2022; 

Weinmann et al., 2013).  

Anisotropy is the ratio between the smallest eigenvalues and the largest eigenvalues and 

represents the directional dependency of a structure. Hence, it is useful in discriminating 

between linear and volumetric objects (Thomas et al., 2018). 

Linearity measures the degree to which points form a linear structure. Linearity is important for 

highlighting elongated objects such as buildings corners or lamp posts, while planarity 

measures the degree to which the points in the neighborhood fit on a flat plane. A deviation 

from the flat plane could be measured by using curvature as a geometric feature (Weinmann et 

al., 2013).  

Verticality captures how upright the neighborhood is in relation to the Z axis. It is a measured 

by calculating either the deviation of the eigenvectors of the neighborhood from the normal 
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vector Z (Hackel et al., 2016) or by calculating the angle between the first and last eigenvectors 

(Thomas et al., 2018). 

Hackel et al. (2016) extended on the set of equations by adding the calculation of height values 

such as the range of height within the neighborhood and the height above and below the 

neighborhood’s center. Becker et al. (2018) further advanced this approach by incorporating 

reflectance information, which notably enhanced the semantic classification of points. Instead 

of using the red, green, and blue (RGB) bands, they converted the values into the hue, 

saturation, and value (HSV) domain. This conversion was conducted since their training data 

showed higher information gain in the HSV domain according to Pearson product-moment 

correlation coefficient analysis. 

 

2.3.4. Multiscale neighborhoods 

The inclusion of multiple scales for the neighborhood could improve classification. Multiple 

scales are an important addition to consider since a surveyed area contains features of varying 

sizes (Thomas et al., 2018) and is capable of revealing different properties of the underlying 

surface (Hackel et al., 2016). However, iterating through a large point cloud dataset, which 

could potentially contain points in the order of millions, and performing matrix calculations for 

each point’s neighborhood is a resource-intensive task (Arya et al., 1998) even when a 

hierarchical K-Dimensional searching algorithm such as a KD-tree is utilized (Friedman et al., 

1977).  

Consequently, rather than searching for the exact neighboring points, approximations of the 

neighborhood could reduce computation times significantly with limited loss in accuracy 

(Weinmann et al., 2015a). Hackel et al. (2016) had provided an optimized solution for 

approximating neighborhoods. They proposed the iterative subsampling of the entire point 

cloud into decreasingly less dense multi-scale pyramids. Followed by calculating the geometric 

features at proportionally smaller search structures at each scale. Such a methodology would 

disregard the need to find the optimum scale at which to compute the features (Atik et al., 2021; 

Weinmann et al., 2013) and could systematically cover all appropriate scale levels. 

Subsampling of the point cloud refers to the reduction of the point density of the existing point 

cloud while maintaining the detailed characteristics of objects. It could be carried out by 

dividing the data into voxel grids and retaining only the centroid of each voxel (Hackel et al., 

2016; Thomas et al., 2018), partitioning the point cloud into octrees (El‐Sayed et al., 2018; 

Zheng et al., 2024), or reducing the point density using spatial correlation between the ground 

coordinates and the center of the pixel (Huang et al., 2020).  
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Efficient neighborhood retrieval includes calculating the K-Nearest or spherical neighborhoods 

with optimizing libraries such as the Fast Library for Approximate Nearest Neighbor or 

FLANN (Muja & Lowe, 2009), which is an efficient library for finding the optimum algorithm 

to retrieve the neighbor matrix (Thomas et al., 2018; Weinmann et al., 2015b). Adapting the 

iterative subsampling method proposed by Hackel et al. (2016), Thomas et al. (2018) 

incorporated multi-scale spherical neighborhoods coupled with a density parameter for the 

neighborhood query instead of KNN and achieved a classification algorithm comparable to 

more sophisticated methods including convoluted neural networks. 

 

2.3.5. Semantic labeling 

Once the geometric features are extracted for the point cloud, the assigning of labels to each 

point could be done using machine-learning or deep-learning approaches. 

Using the supervised machine learning approach, reference data containing training samples 

for each label category is prepared. It is, then, used to train off-the-shelf machine learning 

classifiers for the semantic classification of the full dataset. Publicly available laser scan or 

point cloud datasets have been used to benchmark different methodologies and workflows. 

Atik et al. (2021) used 8 different machine-learning classifiers to classify datasets at 5 different 

scales individually. They found that the highest overall accuracy of 93% was achieved with a 

spherical neighborhood of 3 meters and with a Random Forest (RF) classifier. Similarly, Becker 

et al. (2018) incorporated color information and geometric features. They found that RF and 

Gradient-Boosted trees performed significantly better with color information with low overall 

errors. Thomas et al. (2018) compared the performance of RF performance in classifying indoor 

and outdoor point clouds with deep learning algorithms. They concluded that multiscale 

features coupled with RF classification ranked among the best classification techniques, 

outdoing most elaborate algorithms. 

The applications of 3D cities and their eventual development into a digital twin is a key solution 

for decision-makers. Enabling them to address critical issues that threaten urbanized areas such 

as natural disasters, population increase, traffic management and energy demand optimization 

with data-driven solutions. At this stage, it is a fast-paced field of research with lack of a 

standardized workflow for data acquisition, processing and creating a city 3D model.  

Thus, this study aims to provide the first step of a comprehensive workflow under the 

framework of establishing a digital twin. One of the key steps for creating a digital twin is 

having a city 3D model that is semantically labelled to isolate different structures easily for 

more complex applications.  
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Chapter 3. Research objectives 
The study pioneers the development of a digital twin task by classifying a photogrammetric 

point cloud into several semantic labels in an accurate manner. Moreover, the study tests the 

classification model on a point cloud dataset that was obtained through a cutting-edge data 

acquisition method over the Belgian city of Louvain-la-Neuve.  

The city is within the region of Wallonia and is located 30 km southeast of the Belgian capital, 

Brussels. The pedestrian-centric 15-minute city is mostly constructed on a raised platform, 

having the main road and railway pass underneath rather than through it (Charlier, 1977). Thus, 

most of the city is characterized with a high degree of urbanized architecture. The tile used for 

testing the classification model in this study is situated 500 meters southeast of the city center 

in Croix du Sud. The extent is mostly dominated by large academic buildings in the center and 

smaller residential buildings on the borders. The buildings are interspersed with urban street 

trees, several public parks in addition to the two-lane Boulevard Baudouin 1er crossing almost 

diagonally. Subsets for reference data were chosen at random. They are spaced evenly 

throughout the study area to encompass different morphologies and features. 

A special emphasis was made in this study to exclusively use free open-source software for the 

analysis of point cloud data and the generation of cartographic products. Thus, the methodology 

of this study was not based on closed-source computer code and could be replicated by anyone.  

Software such as CloudCompare and QGIS were used for visual analysis, while Python 

packages such as laspy, numpy and rasterio were considered for mathematical calculations. 

The objectives of this study could be summarized into the following research questions: 

1. How varying is the accuracy of multi-scale classification of the point cloud dataset of 

Louvain-la-Neuve compared to literature? 

2. Within the context of the study area and type of data used, do geometric features 

enhance the classification in the study area? 

3. Which classification features best describe building facades and roofs in the study area? 

4. Would subsampling the point cloud lead to the loss of data? 
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Chapter 4. Materials and Methods 
Establishing a 3D model for Louvain-la-Neuve from photogrammetric data relies on a classified 

point cloud, which distinguishes between ground and non-ground elements such as vegetation, 

vehicles, and buildings. Therefore, a supervised classification was needed for the semantic 

labelling of the point cloud. The resulting points could be later used for creating a digital 

elevation model, isolation of vegetation, and creating 3D building models with a higher level 

of detail than extruding to rooftop points. The classification procedure of this study is 

characterized by the following workflow: (1) establishing a reference point cloud through 

manual classification, (2) subsampling both the reference and the study area point cloud, (3) 

extracting descriptive features from height, reflectance, and geometric information, (4) classify 

the point cloud using the RF machine learning algorithm, (5) validate and check the output for 

misclassifications. 

 

4.1. Point cloud data 

Aerial photogrammetric images were acquired by the Belgian aviation company Sourse 

(formerly known as Stratos Solution) under the order of UCLouvain-Geomatics lab.  

The pioneering survey took advantage of recent technology by means of rapid deployment 

technology operating at a relatively low cost. The survey over Louvain-la-Neuve took place at 

an altitude of 636 meters (above ground level) travelling at a cutting-edge speed of 90 knots 

(ca. 167 km/h) at multiple angles. The fly-over was conducted using a fixed-wing aircraft 

equipped with two Canon EOS 5DS R DSLR cameras and a Phase One iXM-RS150F camera 

dedicated to aerial photogrammetric applications. Both camera models have ultra-high 

resolution with a 4.24 and 3.76 μm pixel size, respectively. The resulting point cloud used in 

this study was provided by Sourse and UCLouvain. The dataset had a ground sampling distance 

(GSD) of 3.36 cm/pixel. Each point record contains three-dimensional position (encoded as X, 

Y, and Z coordinates encoded in the Belgian Lambert 72 coordinate system) and reflectance 

information (encoded with red, green, and blue bands). The data was provided as an 

uncompressed LAS file covering multiple tiles for the whole city. Table 1 outlines the metadata 

of the Sourse photogrammetry mission. 
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Table 1. Details of the aerial survey 

Date of acquisition 31/08/2022 

Cameras • 2 x Canon EOS 5DS R, EF85mm f/1.4L 

• Phase One iXM-RS150F equipped with 

Rodenstock RS 50mm-Ar lens 

Pixel size • 4.24 x 4.24 μm 

• 3.76 x 3.76 µm 

Intra-band overlap 85% 

Inter-band overlap 75% 

Ground sampling distance 3.36 cm/pixel 

Aircraft type Sonaca S201 Surveyor 

Flight speed 167 km/h 

Altitude 636 meters 

 

A single tile of the study area, spanning 249,983 square meters, was extracted from this dataset 

to ensure the working of the classification model with reasonable processing times. The tile 

was checked to have a sufficient representation of the buildings and vegetation of Louvain-la-

Neuve (Figure 1). Furthermore, the study area tile was made up of 141,082,464 points, thus 

having a point density of 564.37 points/m2. 
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Figure 1. Map showing the study area tile’s location within Belgium (left) and a bird’s eye view of Croix du Sud. 

 

4.2. Reference point cloud 

Representative subsets of the study area tile were randomly chosen and manually classified to 

be used as reference data for training the RF classifier. The reference point cloud covered an 

area of 47,970 square meters and contained 28,910,465 points. By visually interpreting, seven 

classes were identified as necessary to describe the scene: ground, building rooftops, building 

facades, and vehicles. Although the study’s main focus is to extract building structures, the 

vegetation within the study area was also given attention in order to be comparable with 

previous publications (Becker et al., 2018; Thomas et al., 2018; Weinmann et al., 2013). Thus, 

three vegetation sub classes based on height were established: low, medium, and high (Figure 

2). In this study, the low vegetation label was reserved for short ornamental shrubs and bushes 

found within parking lots and in-between houses. The medium vegetation label referred to 

points interpreted as trees having an elevation roughly between 130 and 170 meters (above sea 

level), while the taller poplar and coniferous trees were labeled as high vegetation. 

In order to adhere to the naming and labeling convention, classification values and semantic 

labels were taken from the American Society for Photogrammetry and Remote Sensing 

(ASPRS) standards and specifications (Graham, 2015) (Table 2). The cloth-simulation filter 
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algorithm was utilized in order to facilitate the laborious task of manual classification (Zhang 

et al., 2016). Although imperfect, the filter distinguished a majority of the ground points from 

others. The removal of ground points facilitated the isolation of points representing vegetation, 

vehicles, and buildings. CloudCompare version 2.13 was used to select and label the points in 

the reference point cloud manually. 

 
Table 2. Typology providing semantic labels and related classification values to establish the reference point 

cloud. The share of each label from the total points (28,910,465) is also presented. 

Classification label Classification value 

Number of points 

labelled 

Proportion of each 

class (%) 

Ground 2 5,458,881 18.88 

Low Vegetation 3 1,514,211 5.24 

Medium Vegetation 4 9,819,623 33.97 

High Vegetation 5 323,654 1.12 

Roof 6 5,096,101 17.63 

Facade 7 6,449,021 22.31 

Vehicle 12 248,974 0.86 

 

Therefore, the reference point cloud is a semantically classified point cloud containing office 

and residential buildings alongside parking lots and city trees. It was used for both 

algorithmically calculating descriptive features and training the RF classifier (Figure 2). 
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Figure 2. Map of the manually classified reference point cloud. 

 

4.3. Feature extraction 

4.3.1. Absolute height-based features 

Height values are utilized for the clear distinction between features that might differ on the Z-

axis but might not possess geometric variations, such as low, medium, and high vegetation. The 

z-coordinate value of each point record is used as a descriptor for RF. Moreover, as the model 

is already querying for each point’s neighbors, descriptive height statistics of each 

neighborhood were computed to obtain holistic and robust discernment between features that 

have vertical height differences (Becker et al., 2018; Hackel et al., 2016). 

 

4.3.2. Relative height-based features 

The height of the points within the dataset in relation to the height of a reference plane (i.e., the 

study area’s ground height) was derived by first separating the ground point’s elevation, then, 

calculating the elevation difference between the rest of the points’ elevation from the reference 

plane (Figure 3). The ground points were isolated by using CSF with a 0.2-meter cloth 

resolution, 500 iterations and a 0.5-meter classification threshold using CloudCompare (Zhang 

et al., 2016). The segmented ground points were then used to produce a DEM with a resolution 
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of 5 meters using the Point Data Abstraction Library (PDAL) (Butler et al., 2021). However, 

the resulting raster contained no data values at the locations of non-ground points. 

Consequently, QGIS’s Fill NoData interpolation algorithm was applied in order to obtain a 

gapless DEM (QGIS developers, 2024). The DEM was used as input within the main workflow, 

where each point was iterated over after subsampling the point cloud. Relative heights were 

computed as the difference between each point’s elevation and the value of the DEM at that 

point’s location (Equation 1).  

 

𝑍!"#$%&'" = 𝑍( 	− 	𝑍)*+ 	 (1) 

 

 
Figure 3. Overview of ground point extraction and their conversion to a DEM for relative height computation. 

 

4.3.3. Color-based features 

This study took advantage of the reflectance values for the three visible bands (i.e., color) red, 

green, and blue (RGB) for classification. 

The reflectance bands are coded in 16 bits, ranging between a minimum value of 0 to a 

maximum value of 65,356 (216). Hence, the bands were first normalized to range between 0 and 

1 by dividing original RGB values with the maximum value. Afterwards, similar to Becker et 

al. (2018), the discriminative power was enriched by converting the color data to the hue, 

saturation, and value (HSV) color space with Equations (2), (3), and (4). 

 

Ground point 
isolation

• CSF 
(CloudCompare)

DEM 
reconstruction
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Gapless DEM • QGIS

Workflow • Relative height 
calculation
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𝐻𝑢𝑒 =

⎩
⎪
⎪
⎨

⎪
⎪
⎧
0																																																												, 𝑖𝑓 min(𝑅𝐺𝐵) 	= 	max(𝑅𝐺𝐵)

60	 ×	
𝐺 − 𝐵

max(𝑅𝐺𝐵) − min(𝑅𝐺𝐵)																				 , 𝑖𝑓	𝑅	 = 	max(𝑅𝐺𝐵)

60	 ×	
𝐵 − 𝑅

max(𝑅𝐺𝐵) − min(𝑅𝐺𝐵)
+ 120							, 𝑖𝑓	𝐺	 = 	max(𝑅𝐺𝐵)

60	 ×	
𝑅 − 𝐺

max(𝑅𝐺𝐵) − min(𝑅𝐺𝐵)
+ 240							, 𝑖𝑓	𝐵	 = 	max(𝑅𝐺𝐵)	

(2) 

 

𝑆𝑎𝑡𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = F
0																														, 𝑖𝑓 max(𝑅𝐺𝐵) = 0

1 −	
min(𝑅𝐺𝐵)
max(𝑅𝐺𝐵)

																 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(3) 

 

𝑉𝑎𝑙𝑢𝑒 = max(RGB) (4) 

 

Finally, not only were the color values of the individual points themselves used as attributes 

but the average color information of the whole neighborhood was also computed alongside the 

geometric features in order to obtain a robust classification.  

 

4.3.4. Geometric features extraction 

The two most widely used techniques for neighborhood selection are either extracting a fixed 

set of k-nearest points or selecting the nearest neighbors within a spherical volume for each 

point where the point itself is included in the neighborhood. In this study, the neighborhood 

query was done using a KD-tree, and a spherical neighborhood was chosen since it has been 

shown to outperform k-nearest neighbors (Thomas et al., 2018). For each neighborhood, if the 

number of points is fewer than 4, then a null value is assigned for all the eigenvalue-based 

geometric features. However, if more points were retrieved a meaningful covariance matrix C 

Equation (5), which represents the spread and orientation of the points around the centroid, was 

computed. 

 

𝐶 = 	R
𝜎,, 𝜎,- 𝜎,.
𝜎-, 𝜎-- 𝜎-.
𝜎., 𝜎.- 𝜎..

T	 (5) 

 

Where Equation (5) encapsulates the variances between dimensions (𝜎,,, 𝜎--, and 𝜎..) and the 

covariances between pairs of dimensions (𝜎,- , 𝜎,. , 𝜎-, , 𝜎-. , 𝜎., , and 𝜎.- ). Equation (6) 

demonstrates the calculation of the covariance matrix within a neighborhood. 
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𝜎(𝑁) =
1

𝑁(𝑟)
W (𝑝 − 𝑝̅)(𝑝 −

(∈0(!)

𝑝̅)3 	 (6) 

 

Where N represents the number of points in the neighborhood including the point itself, 𝑝̅ 

denotes the medoid of the spherical neighborhood and T denotes the transpose operator. The 

covariance matrix is used to derive the eigenvalues 𝜆&  and the eigenvectors 𝑒4[[⃗  where 𝑖 =

1,2, 3;	𝜆5 ≥	𝜆6 ≥	𝜆7. Lastly, each eigenvalue was normalized by dividing the value with the 

total as shown in Equation (7). 

 

𝜆89!:$#&."; 	= 	
𝜆&

∑ 𝜆&7
&<5

	 (7) 

 

4.3.5. Summary of feature descriptors 

Ultimately, 15 features were used to describe the height, color, and geometric distribution of 

points, including features based on the eigenvalue’s information. The feature vectors used in 

this study are listed in Table 3. 
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Table 3. Set of height, color, and geometric features used in this study, in addition to some of the literature in 
which the features have been used. Refer to section 2.3.3 for the explanation of the geometric features used in 

this study. 

Derived from Feature Formula definition Reference 

Height 

Height value 𝑍! (Atik et al., 2021; Hackel et al., 2016) 

Height mean 
1

𝑁(𝑟) ' Z
!∈#(%)

 (Atik et al., 2021; Hackel et al., 2016) 

Height above 𝑍'() −	𝑍! (Hackel et al., 2016) 

Height below 𝑍! − 𝑍'*+ (Hackel et al., 2016) 

Height range 𝑍'()	−	𝑍'*+ 
(Hackel et al., 2016; Huang et al., 

2020) 

Color 

Hue, Saturation, 

Value 
[𝐻!, 𝑆!, 𝑉!] 

(Becker et al., 2018; Thomas et al., 

2018) 

Mean 

neighborhood 

color 

1
𝑁(𝑟) ' [H, S, V	]!

!∈#(%)

 (Becker et al., 2018; Thomas et al., 

2018) 

Geometric 

(Eigenvalues 

and 

eigenvectors) 

Omnivariance 45𝜆*

-

*./

!

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Eigenentropy '𝜆*𝑙𝑛𝜆*

-

*./

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004)  

Anisotropy 
𝜆/ −	𝜆-
𝜆/

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Linearity 
𝜆/ −	𝜆0
𝜆/

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Planarity 
𝜆0 −	𝜆-
𝜆/

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Curvature 
𝜆-

𝜆/ +	𝜆0 +	𝜆-
 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Sphericity 
𝜆-
𝜆/

 

(Atik et al., 2021; Hackel et al., 2016; 

Thomas et al., 2018; Weinmann et al., 

2013; West et al., 2004) 

Verticality 1 − |	⟨	[0,0,1]	, 	𝑒-	⟩	| (Hackel et al., 2016) 
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4.4. Multi-scale approach 

An approximation approach was adopted to improve computational efficiency while querying 

for neighborhood candidates (Hackel et al., 2016). The entire point cloud was iteratively 

subsampled by dividing it into voxels with a given grid size. Within each voxel, the closest 

point to the barycenter was preserved, while the rest of the points were discarded. In order to 

increase the discriminative power of the classifier between objects of different sizes, the 

geometric features were calculated at multiple scales (Thomas et al., 2018). The different radii 

for a given scale were derived using the Equation (8). 

 

𝑟=>$#" = 𝑟=:$##"=% ∗ 𝐹=	 (8) 

 

Where 𝑟=>$#"  is the radius of the current scale, 𝑟=:$##"=%  is the radius of the smallest 

neighborhood, 𝑠 ∈ {0, … , 𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑠𝑐𝑎𝑙𝑒𝑠 − 1}, and 𝐹 is the desired growth factor 

between one scale’s radius and the other.  

The number of points within the neighborhood, or density, 𝜌 = !$;&?=
@!&;	=&."

, is a crucial metric for 

balancing between obtaining meaningful descriptions of the structural distribution and 

computation times. The grid sizes for each scale were calculated with !
B
 , where 𝜌 = 5 as it 

showed to result in a good balance between computational performance and discriminative 

power (Thomas et al., 2018).  

Since the buildings of the study area did not possess highly intricate architecture as in the 

datasets used by other authors (Hackel et al., 2016; Weinmann et al., 2015b), this study used 

three scales to subsample the point cloud with gradually increasing grid sizes and radii to 

capture the study area’s level of detail (Table 4).  

For each scale 𝑆& (where 𝑖 = 1, 2, 3), the respective geometric features were calculated as an 

array having a length 𝑛. Subsequently, the array at each scale was concatenated into one single 

vector, e.g., Linearity 𝐿	 = 	 [𝐿C5, 𝐿C6, 𝐿C7]  where 𝐿C5 ∈ 	 [0,1]
81 , 𝐿C6 	 ∈ 	 [0,1]

82 , 𝐿C7 ∈

	[0,1]83and 𝐿	 ∈ [0,1]81D82D83. 

Similar steps of subsampling, feature calculation, and concatenation were performed for the 

point cloud for which the machine learning algorithm would be used to predict its classification. 
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Table 4. Scales at which subsampling and feature calculation were carried out. 

Scale Grid size (m) Radius of neighborhood (m) 

1 0.1 0.5 

2 0.2 1.0 

3 0.4 2.0 

 

4.5. Classification 

Prior to classification, each concatenated feature vector was vertically stacked into one all-

inclusive vector 𝑣 having the appropriate data structure for machine learning. For instance, the 

concatenated vector Linearity 𝐿 would form one row and the next row would be Planarity 𝑃 

such that 𝑣 = 	 r𝐿𝑃s	where 𝐿	 = 	 [𝐿C5, 𝐿C6, 𝐿C7] and 𝑃	 = 	 [𝑃C5, 𝑃C6, 𝑃C7]. This pattern would 

repeat to encapsulate the whole set of features into 𝑣. 

In this study, point records with null geometric values were not discarded. However, some 

feature descriptors were scaled to have a range from 0 to 1 using the min-max scaling Equation 

(9). 

 

𝑥89!:$#&."; 	= 	
𝑥	 − 	𝑥:&8

𝑥:$, 	− 	𝑥:&8
	 (9) 

 

Scaling was only applied for the features derived from height values since the eigenvalue-based 

features and color attributes already ranged from 0 to 1 due to the aforementioned 

normalization. 

 

4.5.1. Random Forest classifier 

The RF ensemble learner was used as the classification model for the study area point cloud. 

The machine learning classifier was trained with the concatenated feature vector resulting from 

the reference point cloud and then later the competent RF classifier was used to predict the 

classification labels for the study area tile. In order to predict the study area tile, the 

concatenation and stacking methods mentioned in sections 4.4 and 4.5 was applied to the whole 

tile and the reference point cloud. RF fits the model based on bootstrapping multiple instances 

of unique decision trees and comes up with decisions according to average aggregations of the 

tree ensemble, commonly referred to as bagging (Breiman, 2001). Although relative to other 

classifiers, RF has high training times, it results in high accuracies for classifying 3D point 

clouds (Atik et al., 2021). Hyper-parameter tuning of the RF classifier’s parameters is crucial 
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to better understanding the data being trained on and having a classifier equipped with good 

descriptive power. Hyper-parameters, which are user-defined parameters, are data-specific 

options for balancing between model performance and computation times. Multiple 

combinations of hyperparameters, such as the number of decision trees, the maximum depth of 

the tree, the minimum number of samples required at each leaf node, and the minimum number 

of samples required to split a node, were defined as a grid of hyper-parameters. Using the 

reference and study area tile, an RF classifier was employed multiple times with several 

combinations of hyper-parameters. The combinations, or hyperparameter grid, was used to find 

the optimal values (Table 5). 

 
Table 5. Hyper-parameters used in the grid search for optimal hyper-parameters for the RF classifier. 

Number of trees in 

the forest 

Maximum depth of 

trees 

Minimum number of 

samples to split 

Minimum number of 

samples required at 

each leaf node 

45 10 2 1 

50 15 5 2 

70 20 10 4 

 

4.5.2. Performance evaluation 

In order to assess the performance of the test point cloud prediction, overall accuracy, precision, 

F1 score, and recall were used. These accuracy metrics rely on the prior splitting of the reference 

point cloud data into train and test sets. In this case, 80% of the labeled data was entered into 

the model as training data, while the rest was hidden as test data for accuracy estimation. This 

was followed by evaluating the predictions with the test sets’ labels to measure the proportion 

of correctly labeled points. Precision and recall per class were calculated with Equations (10) 

and (11). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛>#$==	, =
𝑇𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠>#$==	,

𝑇𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠>#$==	, + 𝐹𝑎𝑙𝑠𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠>#$==	,
	 (10) 

 

𝑅𝑒𝑐𝑎𝑙𝑙>#$==	, =
𝑇𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠>#$==	,

𝑇𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠>#$==	, + 𝐹𝑎𝑙𝑠𝑒	𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠>#$==	,
	 (11) 
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The F1 score is computed as the harmonic average of the precision and recall metrics. The F1 

score of each class provides insight into how many times the model predicted a true value and 

is calculated with the Equation (12). 

 

𝐹1	𝑠𝑐𝑜𝑟𝑒>#$==	, = 2	 ×	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛>#$==	, 	× 	𝑅𝑒𝑐𝑎𝑙𝑙>#$==	,
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛>#$==	, + 𝑅𝑒𝑐𝑎𝑙𝑙>#$==	,

	 (12) 

 

Moreover, the RF classifier, grid search, and performance evaluations were used from the 

extensive and widely used machine-learning Python library Scikit-Learn (Pedregosa et al., 

2011). 

 

4.5.3 Criteria 

The study area tile was classified multiple times using different RF classifiers to understand the 

influence of each feature descriptor on the performance of the classification. Each classifier 

was trained with a limited set of features, i.e., criteria. A criterion could be made up of either 

just a single feature descriptor (height, color, or geometry), a combination of feature descriptors 

(e.g., geometric and height features) or the entire feature set. Furthermore, the RF classifier 

trained with relative height values included the entire feature descriptors. The criteria and their 

description are outlined in Table 6. 

 
Table 6. Description of the criteria used to limit the feature descriptors and train the RF classifiers. 

Criterion Description 

GEO_ONLY Only geometric features were used 

HEI_ONLY Only height features were used 

COL_ONLY Only color features were used 

GEO_HEI Geometric and height features were used 

GEO_COL Geometric and color features were used 

COL_HEI Color and height features were used 

ALL_FEAT The entire feature set was used with absolute heights 

NO_GROUND The entire feature set was used with relative heights 

 

4.6. Computer resources 

The processing of the data was done with the aid of University of Tartu’s high performance 

computing cluster (University of Tartu, 2018). The files were transferred onto the Linux system 

and the processing was queued and executed using the widely used Simple Linux Utility for 



 36 

Resource Management (SLURM) workload managing system. The main cluster partition, 

which possessed 5120 CPU cores and AMD EPYC 7702 processors, was used to run the 

processing scripts. The criteria were divided into different SLURM jobs, where each job was 

allocated identical resources, namely, a maximum of 8 days of operation time, 100 GB of CPU 

core memory with the lack of parallelization since subsampling and feature calculation were 

dependent tasks. 

 

4.7. Validation of rooftops 

Projet Informatique De Cartographie Continue (PICC) is a three-dimensional cartographic 

dataset collected across the Wallonian landscape. It is managed, validated and kept up-to-date 

by the geomatics department of Service Public de Wallonie (SPW) (PICC, 2024). The dataset 

is an amalgamation of various geospatial data sources, ranging from data surveyed by the SPW 

to data from public vendors. A version of PICC is free and open to public use, while the 

comprehensive version, PICC-vTOPO, is available to partner companies. Both versions are 

maintained at an accuracy of less than 25-cm. PICC is comprised of topographic, 

infrastructural, architectural, hydrographic and land use information (Stéphenne et al., 2015). 

The PICC dataset that corresponded to the extent of the study area was downloaded and used 

in this study for validating the result of the classification. Due to misalignment between this 

study’s dataset and PICC resulting from differences in spatial resolution, a one-to-one 

validation of buildings is not possible. However, this study used a workaround for validating 

the accuracy of rooftop extraction from the proposed model. The coordinates of the roof points 

extracted from the multi-scale classification model were evaluated against roof vector 

information from PICC. A grid of points regularly spaced 20 x 20 meters was generated 

covering the extent of the study area tile with 676 points (Figure 4). The grid was used to 

visually register the frequency of true positive and false positive values, i.e., whether the roof 

points from the classification were aligned with the PICC vector data. Due to the difference in 

spatial resolution, the roof points located within a tolerance distance of 20 cm from the PICC 

roof edges were considered as a true positive. 
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Figure 4. Map of the regularly spaced 20 x 20 m grid of points. The overview zoomed into one of the auditoriums 

in Croix du Sud shows an exaggerated tolerance distance between the point and PICC roof data. 

 

4.8. Workflow chart 

An overview summarizing the previously explained major steps of the multi-scale classification 

workflow are presented in Figure 5. It includes the key functions, their parameters, the expected 

input, and output data. The DEM is included in the workflow if the concerned model requires 

relative height calculation, otherwise a DEM is not needed. Moreover, it shows the validation 

technique using the grid of points and only the points classified as roof. 
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Figure 5. Workflow chart displaying the different inputs, outputs and functions of the multi-scale classification 

and validation of results. DEM is an optional parameter used for the calculation of relative heights. 
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Chapter 5. Results 
In this chapter, the results of the three major steps of the multi-scale classification are given 

alongside the validation of the outcome using the PICC dataset. Firstly, an analysis of the 

subsampling of the point cloud and its influence on point density is presented. Secondly, the 

distribution of height, color, and geometric feature values plotted according to each 

classification are displayed. Thirdly, the performance of the classification is presented 

quantitively and qualitatively. Quantitively, model performance metrics such as overall 

accuracies, F1 scores and a confusion matrix are presented. Qualitatively, several snippets 

across the spatial domain of the classified study area are examined to highlight the strengths 

and weaknesses of the model. Lastly, the classified point cloud is compared with the PICC 

rooftop dataset for providing a validation of the model’s classification of roof points. 

 

5.1. Subsampling of the point cloud 

The subsampling of the point cloud was iteratively performed at three progressively increasing 

grid sizes (0.1, 0.2, and 0.4 meters). The effect of subsampling on a subset at the three scales 

showed a dramatic decrease in point density (Figure 6). The first scale appeared identical to the 

initial point cloud, such that the geometric detail of the area is preserved within less than half 

of the original point density. However, as expected, the sparsity of the points increased as the 

as the grid size increased and processing time decreased. At the third scale, the subsampling 

algorithm decreased the point density to less than 5% of its initial density (Figure 6d). 

Though structures were simplified into primitive shapes lacking definition, the geometric 

topography was preserved. For instance, the smaller structures on the rooftops, the detailed 

markings on the road surfaces, the points representing the window and balcony indentations 

lost their detailed topographical data and was represented by a smaller collection of sparsely 

distributed points. Nevertheless, the overall geometry of the ground, facades, rooftops, and the 

general shape of the vegetation maintained throughout all the scales. 
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Figure 6. Visual representation of the reduction in point density shown with an exemplary subset of the point 

cloud (a), subsampled at scale 1 (b; grid size: 0.1m), at scale 2 (c; grid size: 0.2m) and at scale 3 (d; grid size: 
0.4m). 

 

After subsampling the reference point cloud and the study area tile, the absolute number of 

points was decreased by 11,868,133 points and 53,222,549 points respectively. Alternatively 

stated, the number of points in both the reference point cloud and the study area tile was reduced 

by ca. 40%. The subsampling of the finest scale took 9.5 minutes to reduce the point density of 

the entire study area, while both the intermediate and coarsest scale subsampled the point cloud 

in 4 minutes and 2 minutes, respectively. Figure 7 illustrates this reduction and further shows 

that the finest scale, allocated the larger portion of the subsampling, while in both the reference 

and classified point clouds, the subsampling at the coarsest scale possessed a fraction of the 

initial point count, specifically, they accounted for less than 3% of the total number. 
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Figure 7. Graph showing the reduction in the number of points after subsampling using the voxel-grid method. 

 

Expectedly, the density of points also decreased at every subsampling iteration (Figure 8), 

where the classified point cloud had initially a point density of ca. 548 points/m2 and the training 

point cloud had ca. 315 points/m2. At each subsampling scale, the point density of the classified 

point cloud was slightly higher than that of the reference point cloud. Within the last scale, both 

point clouds shared the least difference between point densities, having a point density of 11 

points/m2 for the training cloud, while the classified point cloud had a point density of 21 

points/m2. 

 

 
Figure 8. The original point densities and the densities at each subsampling scale for the reference point cloud 

(green) and the classified point cloud (orange). 
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5.2. Topography of classified point cloud 

The absolute height values, which represents each points’ altitude from mean sea level, ranged 

between 125.4 meters to 189.3 meters. The majority of the values ranged between 141 meters 

and 149 meters. The lowest elevation values were found on the northwest. An increasing height 

gradient could be observed running diagonally towards the southeast. Trees seemed to be the 

highest structures with points ranging between of 140 and 178 meters. Besides ground points, 

the structures with the lowest elevations were vehicles and short vegetation (such as 

landscaping bushes and shrubs) (Figure 9). Though trees possessed the top range of height 

values, the structure with the highest altitude (189.3 meters) was a slender antenna situated on 

one of the rooftops in the eastern end of the study area tile. 

 

 
Figure 9. Elevation map of the classified point cloud, where the absolute heights are presented in meters. 

 

5.3. Density distribution 

Using three spherical neighborhoods (0.5, 1 and 2 meters), descriptive features were calculated 

for each point. In addition, results of the classification provided with each point a semantic label 

(ground, vegetation, roof, facade, or vehicle). Consequently, the density distribution of the 

points according to the different features could be reviewed in detail per classification. 
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5.3.1. Height features 

The height values computed for each neighborhood are normalized values ranging from 0 to 1 

using the min-max scaling formula. 

Figure 10 displays the distribution of each points’ average height of the neighborhood (labelled 

as height mean), the difference between each point and the lowest point in its neighborhood 

(height below) and the difference between the highest point in the neighborhood and each point 

(height above).  

The height below and height above attributes shared a similar distribution, such that two peaks 

in the density was observed, where the peak of the lower values were attributed to ground and 

roof points and the peak of the higher values were attributed to facade and medium vegetation. 

However, the average height values showed a more sporadic distribution with density values 

creating multiple peaks and valleys. Nevertheless, a clearer distinction is observed between the 

average height values of the ground points, facade, and vegetation points. This distinction is 

displayed in the form of a shift between the distribution density of the classes, showing that the 

higher values are unique to the medium and high vegetation points, while the lowest values 

were unique to ground points. The highest roof points’ density was mainly found in the mid-

range between 0.2 and 0.6, overlapping with vegetation and facade points. 

 

 
Figure 10. Density distribution of the normalized height attribute at each point’s neighborhood. Namely, average 

height (left), height below (middle), and height above (right). 

 

In contrast, the average relative height of each point extracted from the difference between the 

ground elevation and the points’ elevation display a distribution that is different from the 

average absolute height values (Figure 11). Prior to normalization, the relative heights ranged 

from ca. -7 meters to approximately 43 meters (Figure A1). There exists less fluctuations in the 

density and a slight shift from low height values to higher heights, where facades and roofs had 

the highest density of low height values and low and high vegetation had a higher density at the 
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higher values. The distribution density of facades peaked at a height value of 0.15 and had a 

smooth decrease as average height values increased. Medium vegetation had also a peak in 

distribution density at the lower height levels and existed throughout the distribution curve in 

lower densities. It is noteworthy that the density of high vegetation became the predominant 

vegetation class when elevation was converted to relative heights. 

 

 
Figure 11. Density distribution of each point’s normalized relative height value calculated using a reconstructed 

DEM of the study area tile. 

 

5.3.2. Color Features 

The reflectance information of the dataset, which was initially expressed in the red, green, blue 

(RGB) spectrum, contained a similar distribution across the different classification labels 

(Figure 12). Most notably, facades, vegetation and ground labels possessed a similar 

distribution, where the density reaches a rapid peak at the lower values (ca. 0.15) then gradually 

decreased to a null density at the higher color values. Ground points maintained the highest 

distribution density across the color space while vehicles and facades remained to have the 

lowest densities. The density of rooftop values displayed a similar pattern across the spectrum, 

where its values were predominant in the mid-ranges. However, only within the green spectrum, 

roof points displayed two peaks at 0.2 and 0.4 followed by a gradual descent mirroring the rest 

of the distribution. Within the blue spectrum, the distribution pattern remained the same, while 

a minor secondary peak occurred at ca. 0.5 with ground, medium vegetation, and roof labels. 
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Figure 12. Density distribution of the R (left), G (middle), B (right) color values according to the classification. 

 

When the reflective values were converted to the hue, saturation and value, each domain 

contained a vastly different distribution in comparison to the RGB space. Regarding hue values, 

three separate peaks in density of distribution was observed. The first peak, which pertained to 

the highest density, occurred at hue value of around 0.1 and was attributed to points classified 

as roof, facade, medium vegetation, and ground. They displayed a secondary minor peak at 

around approximately 0.6, where the density was half of the primary peak. Another peak was 

seemingly unique to medium vegetation occurred at ca. 0.25 (Figure 13; left). 

The saturation distribution reached its highest density rapidly and simultaneously for all 

classification labels at very low values of saturation. Followed by a gradual decrease to null 

density. In contrast however, the descent was not simultaneous between the labels. The density 

of roofs and facades decreased first, followed by a rapid decrease in ground points’ density. 

Finally, the distribution of medium vegetation was separated from the rest with an isolated 

decline (Figure 13; middle). 

The distribution of value density, while similar to that of the saturation density, contained a 

notable difference in patterns for roofs, facades, and low vegetation labels. They increased 

rapidly as with the other labels, but a plateau was reached at around 0.5 where they kept their 

density fairly constant, before rejoining the similar pattern of a descent to null at the higher 

values (Figure 13; right). 
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Figure 13. Density distribution of the H (left), S (middle), V (right) color values according to the classification. 

 

5.3.3. Geometric features 

The density of geometric features pertained mainly to points classified as ground, medium 

vegetation, roof, and facade, while points classified as vehicle and low vegetation did not 

possess a notable density. Moreover, ground points and medium vegetation points shared the 

larger portions in density as opposed to roof and facades. All the calculated geometric features 

had at least one peak in density and most geometric features tended to have the same pattern of 

rise and descent per classification. 

Ground and roof points reached a maximum density of ca. 4.5 and ca. 3.5 respectively in the 

low ranges of the omnivariance distribution. Then ground classification decreased rapidly to 

join the gentle ascent with medium vegetation to reach a secondary maximum, while roof points 

decrease to join facade labels to plateau across the intermediary omnivariance values. After an 

omnivariance value of 0.32, all labels reach a null density (Figure 14a). 

Eigenentropy’s distribution maintained a null density until a value of 0.6 for all classes, after 

which facade, roof and ground labels increased at a rapid rate to maximum density of 

approximately 14, followed by a sharp decrease with a similar rate to a density of 2.5, where 

they joined medium vegetation points and plateaued throughout the higher eigenentropy values 

(Figure 14b). 

The distribution of anisotropy was mainly contained to the higher anisotropic values. Medium 

vegetation and ground labels showed a slow and progressively increasing density prior to a 

sharp rise to reach their peak. Roofs and facades had a similar slow ascent, but to a lesser extent, 

and combined with the rest of the labels to reach their maximum density at the higher values 

(Figure 14c). 

The density values of linearity displayed a positive skew, where the density increased with a 

rapid rate at first reaching a maximum at a linearity value of 0.1. Then the density decreased to 

null at a linearity value of ca. 0.8 (Figure 14d). 
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The density of planarity values displayed a distribution that was the mirrored opposite of the 

distribution of linearity. The values of the density of planarity were skewed negatively, i.e., the 

highest density was found to be attributed with higher planarity values (Figure 14e). 

Curvature values reached a peak density almost immediately. It was centered around 0 with a 

sharp decline back to lower densities. Followed by a steady decrease along the mid-ranges of 

curvature values. Medium vegetation labels predominated the mid-ranges, after around 0.25 all 

labels reached null density, making curvature and omnivariance the only distribution ranges to 

end before the maximum normalized range of 1 (Figure 14f). 

Sphericity had a similar pattern to curvature and an opposite distribution to anisotropy. A sharp 

rise occurred immediately making its peak centered around 0, then a similarly sharp decrease 

caused the density of most labels to reach a null at 0.2, except for medium vegetation which 

reached its null at 0.4 (Figure 14g). 

The verticality distribution showed that, similar to curvature and sphericity, it had a peak in 

distribution centered around 0, however the peak pertained to only roof and ground points. 

Medium vegetation points were predominant across the mid-range values of verticality, albeit 

at a lower density. At the highest verticality values, a smaller but noticeable peak in density 

was observed, being unique to medium vegetation in combination with facade points (Figure 

14h). 

 

 
Figure 14. Density distribution of geometric features extracted from the classified point cloud. 
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5.3.4. Feature calculation time 

The time taken for calculation of each feature showed that height and color features had similar 

timings, while geometric features took more than double the time to process for each point 

(Table 7; see section 4.6 for computer specifications). It is noteworthy that, the difference 

between relative and absolute height calculation times for iterated point itself is null, however 

calculating the relative height for all points in each neighborhood took more than 6828.26 

minutes, or 4.7 days (Table A1). Expectedly, as the radius of the querying sphere grew, the time 

it took to process each feature decreased considerably since less iterations were required to 

cover the study area. The first and smallest radius taking 81 minutes having as high as 46.86 

minutes for geometric features and as low as 16.22 minutes for color features, whereas the third 

and largest radius taking less than 10 minutes. Hence this part of the workflow alone took in 

total 118 minutes to run. 

 
Table 7. Time (in minutes) taken for the calculation of geometric, height and color features for the study area tile 

at each scale, where the spheres’ radii were 0.5, 1 and 2 meters. 

Feature Scale 1 Scale 2 Scale 3 Total time (min) 

Geometric 46.86 16.61 4.70 68.17 

Height 18.13 6.49 1.86 26.47 

Color 16.22 6.11 1.75 24.08 

Total time (min) 81.20 29.20 8.31 118.72 

 

5.4. Performance metrics 
The results of the multi-scale point cloud classification model are presented for each criterion 

mentioned in section 4.5.3. The analysis of the performance is specific to the study area and its 

innate geometric and physical attributes. The testing points consisted of 20% of the reference 

dataset, which were hidden from the classifier during the training process, were used to yield 

accuracy measures for the model limited by each criterion. 

 

5.4.1. Hyper-parameter tuning 

A grid search was used to exhaustively search for the most optimal values for the hyper-

parameters using the reference point cloud and the study area tile. The grid search resulted in 

the following optimal values for the model: 100 trees in the forest, no maximum depth, 1 

minimum number of samples, and 2 minimum number of samples for a split. The 

aforementioned hyper-parameter values resulted in a 95% overall accuracy, consequently 

ranking the highest among other different combinations of values. However, the number of 
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trees in the forest was reduced to 50 trees as a tradeoff between training accuracy and training 

time. 

 

5.4.2. Accuracy of model 

The overall accuracy of the model returns an overview of the ratio of predicted to actual classes 

within the reference point cloud. In general, semantic classification based on solely a single 

feature resulted in lower accuracies for predicting unseen data, while the combination of 

multiple feature descriptors resulted in accuracies of 0.86 and above (Figure 15). 

The criterion with the lowest accuracy was the classifier trained only using geometric features 

(GEO_ONLY), returning an accuracy of 0.59, while the classifier trained with all features and 

without ground points resulted in the highest accuracy of 0.95 (NO_GROUND). Models trained 

on either height or color criteria surpassed the predictive accuracy of GEO_ONLY, where the 

latter criterion performing slightly better (0.73). In contrast, the ALL_FEAT criterion, which 

was trained on using all three feature sets, including ground points, resulted in an overall 

accuracy of 0.94. Interestingly, the classifier trained on color and height features (COL_HEI) 

produced a similar accuracy of 0.93 outperforming GEO_COL criterion, which was the model 

trained using geometric features combined with color features (0.86) and the model trained 

using geometric and height features (GEO_HEI) (0.79). 

 
Figure 15. The overall classification accuracy for each criterion, i.e., for each combination of feature 

descriptors. 
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5.4.5. Confusion matrix 

The utilized RF model is a supervised model with portion of the reference point cloud used for 

evaluation of the model’s performance. Therefore, a multi-class confusion matrix was used to 

display the label-wise distribution of the model’s predictive performance in contrast to the 

actual training points within the reference point cloud.  

While ALL_FEAT and NO_GROUND returned similar confusion matrices, Table 8 shows 

only the tabulated percentage of points correctly classified by the model with the ALL_FEAT 

criterion to evaluate the performance of classification using absolute height values combined 

with color and geometric features (Refer to Table A2 for absolute values). The overall accuracy 

for this criterion was 94%, hence the largest share of test points was classified correctly for all 

labels. Generally, ground, medium vegetation, roof and facade structures were well described 

by the features used for classification as more than 90% of their points were properly classified. 

High vegetation label was seen to experience the highest degree of confusion with medium 

vegetation, where almost half of the test points (51.12%) were misclassified as medium 

vegetation. However, high vegetation shared indiscernible misclassifications with other classes.  

Vehicles were conflated with almost all other labels except for high vegetation. A portion of 

vehicle test points (ca. 10%) were especially misclassified as ground due to both labels 

possessing similar elevations. Furthermore, the planar distribution of vehicles’ sides and roofs 

were expectedly confused with facades and rooftops due to their similar geometric properties. 

Building features (roof and facade labels) shared some confusion between each other where 3% 

of facade points were misclassified as roof and almost 2% of roof points were misclassified as 

building facade. Moreover, ground points shared a noticeable confusion with all classes except 

high vegetation. 
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Table 8. Confusion matrix (in percentage) for all features (ALL_FEAT criterion) that includes the predicted 
classes by the classifier as columns compared against the row-wise actual classes from the reference point cloud. 

The values have been normalized by dividing each value by the row’s total. 

  Predicted class 

  

Ground 

Low 

Vegetation 

Medium 

Vegetation 

High 

Vegetation Roof Facade Vehicle 

A
ct

ua
l c

la
ss

 

Ground 96.56 0.94 0.92 0 0.42 1.06 0.10 

Low 

Vegetation 
8.11 72.74 16.39 0 0.30 2.39 0.07 

Medium 

Vegetation 
1.31 0.59 97.16 0.11 0.15 0.68 0.01 

High 

Vegetation 
0.08 0.02 51.12 48.54 0.05 0.11 0.08 

Roof 2.70 0.22 0.46 0 93.51 3.04 0.07 

Facade 0.85 0.41 0.92 0 1.90 95.90 0.03 

Vehicle 10.75 1.74 2.74 0 3.43 6.15 75.18 

 

5.4.3. Precision and Recall 

In this case, the classes were unbalanced, therefore, precision and recall provided a detailed 

analysis for each class. Mean class precision was 93.6%, while mean class recall reached 

82.8%. Precision values by class from the ALL_FEAT criterion showed that all but one class 

had a precision of larger than 90%. In contrast, recall values ranged from 47% to 97% (Table 

9). Roof classes had the highest precision value (96.7%), while medium vegetation recorded 

the highest recall of 97.25%. Most notably, although high vegetation class recorded a high 

precision value of 94.95%, it had the lowest recall value registering at 47.46%. 
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Table 9. Precision and recall measurements (in percentage) derived from ALL_FEAT criterion’s confusion 
matrix. 

Class Precision (%) Recall (%) 

Ground 92.97 96.65 

Low Vegetation 88.89 72.83 

Medium Vegetation 93.80 97.25 

High Vegetation 94.95 47.46 

Roof 96.70 93.81 

Facade 94.34 95.89 

Vehicle 93.54 75.71 

Mean 9359.86% 8280.00% 

 

5.4.4. F1 scores 

The F1 score also provided a deeper insight into the performance of each criterion by combining 

precision and recall metrics. It gave a score to each label based on the model’s discriminating 

capability (Figure 16; the tabulated F1 scores are presented in Table A3). Generally, high 

vegetation and vehicle classes scored the least F1 scores at each criterion, while medium 

vegetation, ground, roof, and facade classification ranked at being the better structures to be 

discerned by each criterion. Expectedly, the more feature descriptors the model was trained on, 

the better the F1 scores. Interestingly, while geometric features performed the worst out of all 

the criteria, their combination with either color or height features considerably improved the 

model’s discriminative power especially with facade and roof points. 

When the model was trained on a sole set of features, facades and medium vegetation points 

were able to be distinguished well with the GEO_ONLY model (RF classifier trained solely 

with geometric features). However, vehicle, high and low vegetation labels suffered the worst 

out of all the criteria registering scores as low as 0.07 for low vegetation and 0.01 for vehicles. 

Particularly, medium vegetation did not follow this pattern and registered a score of 0.66 

comparable to that of the HEI_ONLY criterion (RF classifier trained solely with height 

features). The criterion HEI_ONLY was notably better at performance when compared to 

GEO_ONLY, where more than four labels scored more than 0.6. Ground points scored 0.8, a 

score not reached by any label with the GEO_ONLY criterion. In contrast, the model trained 

on just color features, exhibited a very high F1 score for medium vegetation (0.87). While 

facades reached a 0.73 score with COL_ONLY (RF trained with only color features) similar to 

GEO_ONLY (0.7), roofs were best distinguished with the HEI_ONLY criterion when the 

model was trained on just one set of features. 
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Except for when all features were combined to train the classifier, ground and roof labels scored 

highest when the RF classifier was trained solely with geometric and height features 

(GEO_HEI). When color and geometric features were combined (GEO_COL), the score of 

facade points improved greatly reaching a score of 0.92. Vehicles had also scored 0.49, an 

increase over all the sole criteria and over the COL_HEI criteria (RF trained with both color 

and height features). On the other hand, the combination of color and height features did not 

contribute to an improvement of roof and facade scores, having a score identical to that of 

COL_ONLY criterion, 0.72 and 0.73 respectively.  

The model trained with all features (ALL_FEAT), including ground points, scored higher than 

0.8 on almost all labels except for high vegetation which resulted in a score of 0.63, yet this 

score is among the highest only outperformed by NO_GROUND criterion (RF trained with all 

features excluding ground points). Ground, medium vegetation, roof and facade labels scored 

an identical score of 0.95 with the ALL_FEAT criterion, slightly lower than that of 

NO_GROUND scores. Although marginally performing better than ALL_FEAT criterion, the 

NO_GROUND criterion was able to output unequivocally the best scores for each classification 

label. Medium vegetation, facade and roof points received an almost perfect F1 score (0.96), 

yet high vegetation recorded an F1 score of 0.63. 

 

 
Figure 16. F1 scores of each classification per criterion. 
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5.5. Classified results of the study area tile 

According to the classifier, over a quarter of the points in the classified point cloud represented 

ground points, while almost half of the points were a type of vegetation. Whereas facade and 

roof points each made up ca. 13% of the points with the ALL_FEAT criterion. Expectedly, 

vehicles and low vegetation shared a very minor portion (Figure 17; left). On the other hand, 

when the ground points were removed, the NO_GROUND criterion showed that more than 

60% of the area was vegetated, with 18% of the points representing facade and approximately 

21% was allocated for points classified as roof (Figure 17; right). 

 

 
Figure 17. Proportion of classified labels from ALL_FEAT (left) and from NO_GROUND (right). 

 

Aside from the roof points, which were validated with the PICC dataset, a qualitative 

examination along the classified point cloud tile was done to provide a validation of the model’s 

performance using visual interpretation of whether the model predicted correctly or not. Only 

the best performing models were considered for this analysis, namely the model trained with 

all the features (ALL_FEAT) and the model trained with relative heights (NO_GROUND).  

 

5.5.1. ALL_FEAT criterion (with ground points) 

Overall, the model was capable of pinpointing most buildings’ facades and rooftops alongside 

vegetation and vehicles. However, some misidentifications occurred within actual ground 

points and roof tops mainly. Mostly roads and parking lots were misclassified as rooftops, while 

one building had its unconventionally shaped roof classified as vehicle points (Figure 18). 
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Figure 18. ALL_FEAT classified point cloud perspective showing ground and car inconsistencies (marked in 

red). 

 

Most frequently, roofs were misidentified as ground points. For instance, in the northwestern 

part of the study area, many of the rooftops, either entirely or partly, had their roofs infested 

with ground points (Figure 19). 

 

 
Figure 19. ALL_FEAT classified point cloud showing roof and ground inconsistencies (marked in red). 

 

While vegetation had few and unobservable confusion with built structures, the transition 

between low to high vegetation was not consistent throughout the study area, with some trees 
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having their tips allocated for high vegetation despite others of the same height remaining 

within the medium vegetation class (Figure 20). 

 
Figure 20. ALL_FEAT classification displaying inaccuracies with roof and vegetation (marked in red). 

 

5.5.2. NO_GROUND criterion (without ground points) 

The extraction of roofs with the NO_GROUND criterion was expectedly capable of classifying 

roof points more accurately as opposed to the ALL_FEAT criterion due to the lack of ground 

point confusion. However low height points were misclassified as roofs (Figure 21). 

Nonetheless, it is observable that the performance of NO_GROUND surpassed that of 

ALL_FEAT since the buildings of the northwestern area with lower elevations, were classified 

into roofs and facades more distinctly. 
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Figure 21. NO_GROUND point cloud perspectives showing the enhanced roof and facade classifications. 

 

However, upon further inspection, vehicles almost ceased to be discerned since they were 

classified as facades, when the points were organized vertically and roof when the points were 

configures on a horizontal plane. Moreover, a higher degree of confusion was observed between 

the vegetation classes, since almost all vegetation was classified as high vegetation.  
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Nevertheless, beyond the confusion within the classes dedicated to vegetation, the study area’s 

greenery was adequately represented with the NO_GROUND criterion as well since little-to-

no confusion was observed with the rest of the labels. Infrequently, tilted roofs were imperfectly 

classified as facades when the plane lied more vertical than horizontal (Figure 22). 

 
Figure 22. NO_GROUND classification showing vegetation and vehicle inconsistencies (marked in red). 

 

5.5.3. Training and predicting time 

The processing time took to train each RF model with different criteria and the time took to 

predict the classification of the points from the study area are presented in Table 10. Training 

the model on average took more time than predicting the points since the average training time 

was approximately 74 minutes, while the average predicting time was around 12 minutes. The 

fastest criterion to be trained was HEI_ONLY, whereas the criterion which took the least time 

to predict the study area tile was ALL_FEAT. However, ALL_FEAT was one of the top slowest 

criteria to train the classifier. 
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Table 10. Time (in minutes) took to train the RF classifier and predict the study area tile. 

Criteria Training time (min) Predicting time (min) Total time (min) 

GEO_ONLY 89.48 21.89 111.37 

HEI_ONLY 31.88 11.03 42.90 

COL_ONLY 39.73 19.31 59.04 

GEO_HEI 112.48 11.40 123.88 

GEO_COL 80.51 10.77 91.27 

COL_HEI 47.39 7.64 55.03 

ALL_FEAT 96.14 6.77 102.91 

NO_GROUND 97.13 12.06 109.20 

 

5.6. Validation of roof points 

The consistency of the roof points with the PICC dataset was compared between the points 

which were classified as roof with the NO_GROUND criterion to avoid the misclassification 

taking place between ground and roof. Following a visual analysis, the threshold suitable for 

representing the misclassified roof points was deemed to be 0.17 (i.e., 1.35 meters). The density 

of the roof’s height points relative to the ground showed that the threshold removed the highest 

peak of the distribution keeping only 75% of the data (Figure 23). 

 

 
Figure 23. Density distribution of the normalized relative heights for points classified as roof (left) and their 

boxplot representation (right). The dashed red line represents the cut off value where the threshold was applied 
for post-processing. 

 

The post-processing procedure of applying a threshold to cut off the misclassified roof points 

by removing the lower relative heights between 0 and 0.17 increased the overall accuracy from 

the validation grid from 74% to 91% after post-processing. Based on visual analysis, the 

approximately 11,000,000 discarded points consisted mainly of vehicle roofs, points 

representing road or ground, which were undetected by CSF during ground removal (Figure 

24a). Moreover, remnants of low height vegetation and other misclassified points were also 
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removed by the threshold. However, the threshold did not completely remove non roof points 

since some remnants of higher height vegetation and some ambiguous class points remained 

even after the threshold due to their height leaking through the cut-off limit (Figure 24b). 

 

 
Figure 24. Classified roof points before (a) and after (b) removal of points below the threshold value (grey 

points). 
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Chapter 6. Discussion 
This chapter provides a synthesis of the key results and an in-depth interpretation of the 

significance of the results. Furthermore, the limitations of this study and key recommendations 

for future research avenues are presented. The purpose of this research was to gain an 

understanding of which features influence the classification of buildings in an urban setting 

using a supervised classification technique. 

 

The use of multi-scale classification of a point cloud included several intermediary steps for 

extracting points that which represent buildings’ rooftops and facades. Aside from the 

meticulous task of manually classifying representative subsets from the dataset, 

computationally intensive steps such as subsampling, point-wise iteration for feature 

calculation, and prediction using machine learning algorithms are complicated yet effective 

steps for extracting semantic meaning from point clouds. The simplification of the point cloud 

showed to reduce computation intensity, while limiting loss of detail. While geometric features 

alone proved to be inadequate at semantic classification, their combination with color and 

height features ultimately became the most efficient method for building information extraction 

in an urban city as Louvain-la-Neuve. If the study area possessed buildings with similar sizes 

and reflectance values, most geometric features could be skipped altogether as a tradeoff for 

computation efficiency. Nevertheless, relative height calculation coupled with geometric 

features, namely verticality information, extracted the most meaningful information when 

building information is considered the scope to the study. Finally, the photogrammetric point 

cloud data used showed to have great capacity for vegetation extraction 

 

6.1. Subsampling 

By requiring neighborhood features, each point needed to be iterated over to retrieve its 

neighborhood. Hence, the processing efforts linearly increased as the point count increased 

(Hackel et al., 2016). As grid size of the voxel grid algorithm determined the resolution of the 

subsampled point cloud, the sizes chosen within this study showed two key benefits. Firstly, 

subsampling is excellent at preserving the overall shape of the structures, while simultaneously 

reducing the number of the points to improve computational efficiency (Figure 6). Secondly, 

subsampling did not add a superfluous amount of computation times to the workflow. 

Therefore, it is evident that simplification of a point cloud is one of the most important steps 

for neighborhood querying since the shapes of structures such as buildings and vegetation are 

preserved while reducing point count. Even with the coarsest voxel grid size of this study (0.4 
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m), the structural definition of the classes was maintained and was enough for the classifier to 

discriminate between the structures. This is mainly due to the reduction of data redundancy, the 

smoothening of the noise and irregularity and elimination of uneven point cloud density, 

whereas preserving key points within the dataset capable of representing the classes (Xiong et 

al., 2021). Though the disadvantages of grid subsampling algorithms (as the one used in this 

study) mainly pertains to its incapacity for preserving unevenly distributed points (Lyu et al., 

2024), the dataset was acquired through aerial photogrammetry as opposed to TLS, where the 

point density increases closer to the sensor location. The concatenation of the three subsampled 

point clouds, where each subsampling is combined with each other, prior to the calculation of 

the features brought back the details lost in the coarser scales (Refer to section 4.4). 

 

6.2. Height features 

The values of absolute mean height per class resulted in a sporadic distribution with peaks and 

valleys at similar height values with different densities (Figure 10), while values of relative 

heights displayed a clearer shift in higher height values (Figure 11). Though absolute height 

displayed that ground points were distributed at low values and vegetation heights at high 

values, the sporadic nature is possibly due to the misclassifications where ground was confused 

with roof. Thus, resulting in sudden increases and decreases of density since actual roofs are 

located at a higher elevation than ground.  

The buildings in the study area, especially the academic buildings in the center, shared similar 

sizes, i.e., similar relative height of roofs and facade points. Though the study area was 

relatively flat, the misclassification in roof and ground absolute heights could be partially 

because the classifier learned from mostly higher elevation points and the unseen lower 

elevation points had roofs that were at a similar elevation as the ground in other regions of the 

study area (Figure 9). Thus, relative heights alleviated the discrepancy by setting ground points 

as a reference plane and calculating other points’ height from the ground. This method proved 

to result in a more moderate distribution (Figure 11) and a more accurate classification (Figure 

15). 

As expected, height information contain valuable input for isolating large structures such as 

buildings. Furthermore, isolating the ground points and creating a gapless DEM are 

supplementary steps that are not part of the classification model, however, the additional effort 

proved to be worthwhile as roof structures were clearly distinguished with less errors compared 

to a straightforward model. 
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6.3. Color features 

The visible spectrum expressed in the RGB space showed that it gives little opportunities for a 

clear distinction between the sematic labels. Not only were the patterns similar across the color 

space, with the three histograms skewed to the left, but also the patterns for each band followed 

a similar pattern, where the ascent and descent of all labels being identical at the same rate 

(Figure 12). The conversion to the HSV space strongly imply that certain values were unique 

to certain labels (Figure 13). As seen with the hue density plot, where a peak was reserved for 

only medium vegetation points. Similarly, saturation showed a leftward shift of density where 

the descent of vegetation was also isolated. These findings could explain why most vegetation 

points in our study area was able to be distinguished almost flawlessly by the model. The 

enhanced performance of using reflectance data, especially the HSV color space, is consistent 

with the findings of Becker et al. (2018). The information gain from the HSV color space could 

be attributed to its robustness to variable light conditions (Jia et al., 2019). As most buildings 

and ground shared the same color, using reflectance information might have posed a hindrance 

when it came to isolating building features, however, there exists great potential of using the 

color data derived from photogrammetric images for analyzing height, crown width, and 

diameter-at-breast-height and age of city trees (Qiu et al., 2018). 

 

6.4. Geometric features 

Low omnivariance values for roof and ground is attributed to the isotropic nature of such points, 

i.e., most ground points are configured along the same horizontal plane with slight variations 

along the vertical axis (Weinmann et al., 2013). In contrast, higher omnivariance values of 

vegetation is typical due to the random spread of points across all three axes. The second peak 

in omnivariance also pertains to ground points (Figure 14a). It could be a result of misclassified 

ground points that surround the perimeter of buildings and vegetation. Meanwhile the 

intermediary values pertained to facades due to their planar nature similar to ground points, 

however, facades fluctuate along two axes, since a building’s wall could be aligned with an X 

and Y or X and Z orientation, with little-to-no variations in the thickness of facade plane 

(Günen, 2022). Meanwhile, edges and corners display a distinct transition from one alignment 

to a perpendicular configuration, explaining the presence of high omnivariance values for roof 

labels. 

The eigenentropy values showed a high peak for most ground and facade points at the high to 

intermediary values since both possess an isotropic distribution (Figure 14b). On the other hand, 
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vegetation canopy had its density the highest at the higher eigenentropy values since canopies 

typically have globular structures with little prevalent direction of variance. 

The entire classification labels were skewed towards high anisotropic values, with vegetation 

trailing slightly behind (Figure 14c). This result indicates that facade and ground structures are 

linearly oriented, while vegetation, even though ranging within high values, are more 

volumetrically spread over than ground or facade neighborhoods. Contrary to Thomas et al. 

(2018), who had claimed that anisotropy is strictly equivalent to sphericity, the results of this 

study suggest that anisotropy could be defined as the opposite of sphericity due to their inverse 

distributions (Figure 14 c & g). 

This study also shows that linearity is the inverse of planarity as they have mirroring density 

histograms, while curvature and sphericity are equivalent (Figure 14 f & g). The study area 

appears to be mostly homogenous in terms of linearity, planarity, curvature, and sphericity, 

except for vegetation. This is possibly due to the absence of dedicated class labels that could 

encapsulate the structures that these features were meant to capture, for instance, a class for 

lamp posts, traffic signs, barriers, or tree trunks. Examples of such finer class details were used 

by Thomas et al. (2018) as they used high-resolution TLS of French streets, while another study 

used architecturally complex TLS datasets of historic Italian cathedrals and abbeys to classify 

statues and pillars (Teruggi et al., 2020). However, the use of additional classes to discriminate 

the finer elements of the study area was irrelevant for this study’s focus of narrowing down the 

features useful for building extraction. 

Most notably the bimodal distribution of verticality values quantitatively explains whether the 

points are oriented along the Z axis or not. Theoretically, this geometric feature communicates 

to the model the distinction between flat and vertical planes. Practically, verticality became 

among the most important features for classification of the study area due to its capacity in 

distinguishing between facade planes from ground or roof areas (Figure 14h). 

 

Contrary to previous literature, which attempted to classify point clouds derived from LiDAR 

datasets (Atik et al., 2021; Teruggi et al., 2020; Thomas et al., 2018; Weinmann et al., 2015a, 

2015b), this study combined the subsampling methodology of Hackel et al. (2016) and the 

feature extraction approach of Becker et al (2018) to classify the photogrammetric point cloud. 

Consequently, the differences in acquisition techniques between photogrammetry and LiDAR 

could have influenced the capacity of geometric features at describing the structures. In 

comparison to photogrammetry, LiDAR not only better accounts for small gaps and peaks, but 

it also has a better capability of penetrating structures, such as the vegetation canopy (Lisein et 
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al., 2013). Hence the lack in volumetric information in photogrammetry could have led to the 

incapacity of geometric features to capture the attributes that vary in depth. 

 

6.5. Performance of model 

The overall accuracies from ALL_FEAT and NO_GROUND, was 0.94 and 0.95 respectively 

(Figure 15). These accuracies outperformed those reported by Atik et al. (2021), who had 

classified their data multiple times at different radii using a similar set of geometric features, 

rather than utilizing the multi-scale concatenation approach as described in this study. 

Moreover, the accuracies reported here were comparable to that of more advanced classification 

techniques such as the use of convolutional neural networks (Winiwarter & Mandlburger, 2019; 

Wang et al., 2021). 

Furthermore, the accuracies of the model ALL_FEAT and NO_GROUND criteria had a higher 

overall accuracy than that of Weinmann et al. (2015b) (0.88) since they had used purely 

geometric features on TLS datasets. However, the model with GEO_ONLY criterion of this 

study recorded a lower accuracy. These results are consistent with Becker et al. (2018) who had 

also used photogrammetric data for benchmarking classification models. They had showed that 

the use of geometric features alone resulted in 50% more classification errors. As previously 

mentioned, the unreliable performance of geometric features could be due to limitations of 

photogrammetry. 

The pattern of precision, recall and F1 metrics is consistent with previous literature (Atik et al., 

2021; Hackel et al., 2016; Weinmann et al., 2015) and higher than that of RF models that have 

not implemented the multi-scale approach (Atik et al., 2021; Duran et al., 2021). Hackel et al. 

(2016) reported the lowest metrics for the low vegetation class, while pedestrians scored least 

with deep learning algorithms (Wang et al., 2021). The results in this study and previous 

literature both confirm that lowest accuracy metrics is mainly attributed to the insufficient 

amount of training data by these classes. 

Building information extracted by Hackel et al. (2016) were supplemented by modified 

versions of contour encoding algorithms such as Shape Con-text 3D (SC3D) and Signature of 

Histogram of Orientations (SHOT). Though their approach resulted in higher F1 scores than 

using geometric features alone, the present study provides comparable F1 scores, especially for 

roof and facade structures once all features were fully utilized (Figure 16). 

The findings of this research resulted in an exceptionally good performance of COL_HEI 

criterion, this could be indicative of a certain degree of overfitting as most structures in the 

study area shared a similarity in height and color. Similarly, the dependency on color and 
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geometric features could suggest an explanation of the confusion between parking and roof as 

they share similarities in verticality and reflectance values in the study area tile (Figure 18).  

While the accuracy metrics indicate that geometric features on their own performed poorly, the 

integration of geometric features in combination with either color or vegetation features 

provided higher F1 scores. Features such as omnivariance and verticality showed isolated peaks 

unique to roof and facade structures explaining their role in enhancing the classification. 

Contrary to Kumar et al.'s (2019) findings, vegetation classes did not pose a major problem as 

they were primarily not confused with building roof or facade structures. However, the sub 

classes of vegetation (low, medium, and high) seemed to be not well distinguished from each 

other. The issue is especially apparent with the NO_GROUND criterion since most of the 

medium vegetation was classified as high vegetation. This could be due to anomalies in the 

manual classification or a relative height computation error. Nonetheless, since the model was 

capable of separating most vegetation points from non-vegetation points, a grouping of the three 

vegetation classes into one, as suggested by Pessoa et al. (2019), could alleviate the issue. 

Despite the high accuracy level of ALL_FEAT and NO_GROUND, the qualitative analysis 

revealed macroscopic classification errors sustained throughout the study area. Such errors 

could be the result of label imbalances within the reference point cloud, overfitting of the RF 

model, or reference data distribution lacking proper representation of the study area. 

While this study’s grid search resulted in hyper-parameters that are similar to those reported by 

other authors (Becker et al., 2018; Duran et al., 2021; Hackel et al., 2016), their training and 

predicting steps registered between 1 and 50 seconds, which was vastly shorter than this study’s 

computation times under identical computational resources (Refer to section 4.6). This is firstly 

due to the difference in point count for each class, for instance, Duran et al. (2021) using 

100,000 points per label or Becker et al.( 2018) randomly supplying 1000 points for each label. 

Secondly, the authors utilized FLANN for neighborhood querying. FLANN is considered to be 

much faster than the Python packages used in this study since libraries written in C++ are more 

efficient than Python at memory consumption and utilization timings for searching algorithms 

(Zehra et al., 2020). 

 

6.6. Validation 

Studies that developed the method used benchmark datasets such as Paris-Rue-Madame 

(Hackel et al., 2016), Paris-Rue-Cassette (Weinmann et al., 2015b), Stanford Large-Scale 3D 

Indoor Spaces Dataset (Thomas et al., 2018), Oakland3D and the Vaihingen TLS (Atik et al., 

2021). Benchmark datasets already possess classification labels which could be used to validate 
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the output of the model being developed. However, when the intention is to classify self-

acquired datasets, the validation proves to be difficult since pre-classified datasets with low 

geometric uncertainties are likely to not exist. Hence performance metrics are exclusively used 

to evaluate the model (Duran et al., 2021). Despite these limitations, the grid of points, which 

was used to validate the consistency of roof points classified by the RF model with the PICC 

dataset, proved to be a meaningful and reproducible method to measure the accuracy of 

alignment of rooftops. This is due to the increasing effort for standardization and accessibility 

of geographic datasets, equivalent to PICC, globally and especially within the European Union 

(Bartha & Kocsis, 2022).  

Moreover, the validation method reveals that even though the model scored high performance 

metrics, around a quarter of the dataset of roof points was misclassified (Figure 23). It is evident 

that the misclassified points represented, among other points, mostly ground points which were 

remnants from the CSF (Figure 24a). Hence, the confusion between roof and ground points 

remained but to a lesser extent. Relative height calculation facilitated in applying a global height 

threshold across the study area that would not be conflated with elevations, since, as previously 

mentioned, some grounds could share similar elevations as roofs (Figure 24b). 

 

6.7. Limitations 
Several limitations arise with this method of classification starting with the very first step. The 

model relies on a reference point cloud. Manual classification could not be perfect due to the 

messy nature of point clouds, which might possess several ambiguous points that the user could 

fully interpret.  

The computation effort that is needed for processing each point and querying for its 

neighborhood before performing matrix calculations is immense and could not be done on 

personal computers when large study areas are considered. Furthermore, Python programming 

language adds an additional complexity to the computation efficiency problem. Therefore, low-

level computer languages should be chosen if the goal is to classify at the scale of the entire 

city. 

Though geometric features provide valuable information for feature extraction, they need to be 

combined with other features for a robust classification. Moreover, it should be reminded that 

photogrammetric data does not have the volumetric information required to extract features 

with more depth, thus the capacity of geometric features is at times further hindered. While 

high scores and performance metrics are reported, the actual margin of classification error is 

much larger and could not be validated since validation is difficult as classified datasets of the 
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same resolution is absent. This method delivers a starting point for further analyses by providing 

a segmented and classified point cloud, however, qualitative human interpretation of the result 

along with manual reclassification is still required. 

Additionally, even if the facade was correctly classified, photogrammetric 3D point clouds 

result in gaps in the data due to different reflective properties. Thus, applications that would 

require the total area of facades in a landscape should consider interpolation algorithms to fill 

the data gaps. Otherwise, it would be more advantageous to utilize different acquisition 

techniques for a more detailed representation of buildings. 

 

6.8. Recommendations 
If, as the present study suggests, the model tends to classify structures based on similar 

elevation, color, or geometric data, then there is a need for enhancing the model by training and 

testing it on different areas across Louvain-la-Neuve to avoid overfitting. Moreover, different 

scales and number of scales should be explored to find a better suitable for the features of the 

city. Although vegetation was not perfectly divided into low, medium, and high, it was still 

well defined from the other structures, thus, the implementation of this technique with other 

applications such as city tree quantification, carbon stock calculation or biomass estimation 

could be worth investigating.  

It is also important to develop a post-processing algorithm that has the capability of filtering 

out misclassified points by identifying whether the points belong to a cluster of a similar class 

or not rather than relying on low relative height values alone. 

In terms of future analyses, it would be useful to extend the current findings by developing a 

pipeline for the post-processing clean up algorithm and creating a CityGML model from the 

classified data. Furthermore, the utilized geometric features within this study should provide 

insight into the features that could be discarded in future classification attempts since some 

possessed either similar or opposite distributions such as curvature and sphericity or planarity 

and linearity. 

The proposed semantic classification methodology should serve as stepping-stone for creating 

a 3D model and initiate the road towards establishing a fully-functional digital twin of Louvain-

la-Neuve. 
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Chapter 7. Conclusion 
This study aimed to kick-start the process of creating a city 3D model for Louvain-la-Neuve by 

exploring a supervised classification technique for a photogrammetric point cloud dataset. The 

classification algorithm was trained on geometric features enriched with height and reflectance 

values. To augment the discriminative power, a multi-scale point-wise classification approach 

was adopted. It was found that geometric features, although undescriptive alone, provided 

considerable improvements to classification metrics when combined with the other descriptors. 

In the context of extracting buildings some features such as verticality, height and omnivariance 

stood out more than others. Furthermore, additional steps in the workflow such as iterative 

subsampling, relative height computation and conversion of color values to the HSV domain 

proved to contribute positively for the extraction of vegetation and built-up structures. Such 

steps reduced inter-class confusion between ground and roof classes while gaining the capacity 

to distinguish vegetation points from others. 

The establishment of semantic classification pipeline paves the way for creating a city 3D 

model. This can aid in the modelling of natural disasters, estimating the demand of energy, and 

informing urban planners to promote greener and healthier cities. By focusing on building 

extraction and pinpointing influential descriptive features, future research and projects could 

use the proposed methodology and workflow as a blueprint for classifying the rest of the point 

cloud tiles. Moreover, the methodology performed either comparably or better at machine 

learning performance metrics when compared to previous scientific works that had used similar 

techniques. 

Given that each point was queried individually to find its neighboring points, the repetitive 

subsampling of the point cloud showed to be one of the most important steps in the workflow 

as it dramatically decreased point density while preserving geometries. Moreover, the use of 

multiple scales proved to bring back any data that might have been lost at the coarsest 

subsampling scale. Hence subsampling the point cloud is a major advancement to the point-

wise classification technique and benefits heavily for dealing with voluminous point cloud 

datasets as it reduces redundancy and maintains structural integrity. Thus, voxel-grid filter 

subsampling algorithm should be considered projects that involve point-wise iteration 

procedures. 

The use of geometric features as the sole descriptor of the scene performed the worst by 

receiving the lowest performance scores on all accounts, however, their combination with either 

height or color or both proved to enhance accuracies for facade and roof extraction. 

Furthermore, the extraction of vegetation proved to be excellent due to valuable reflectance 
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information derived from photogrammetry. Thus, further applications in urban greenery could 

have a starting point from this classification technique. 

The limitations of the classification model were highlighted using visual interpretation and a 

validation of the model’s output using PICC dataset. Validation was limited to just roof points, 

where the accuracy increased from 75% to 91% due to applying a global threshold based on 

relative heights. Underlining the importance for implementing additional post-processing 

algorithms or manual data cleaning steps in the workflow to obtain a more accurate end-

product. 

This study demonstrated the ability of classifying a point cloud and extracting valuable 

semantic information for city 3D models, however, the processing, training, and predicting 

times consumed multiple hours for a single tile. Thus, to have a point cloud at the scale of the 

whole city classified, the efficiency of the workflow must be increased. It was proposed to 

convert to low-level languages to evade slow run-times that plagued Python. 
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Appendix 
 

Table A1. Feature calculation times (in minutes) for each radius including computing relative heights and 
relative height statistics for each point in the neighborhood. 

Feature Radius 1 Radius 2 Radius 3 Total time (min) 

Geometric 46.86 16.61 4.70 68.17 

Absolute height 18.13 6.49 1.86 26.47 

Relative height 4319.52 1927.58 581.16 6828.26 

Color 16.22 6.11 1.75 24.08 

Total time (min) 4400.72 1956.78 589.47 6946.98 

 
Table A2. Confusion matrix based on the ALL_FEAT criterion. 

  Predicted class 

  

Ground 

Low 

Vegetation 

Medium 

Vegetation 

High 

Vegetation Roof Facade Vehicle 

A
ct

ua
l c

la
ss

 

Ground 694294 6783 6622 0 3038 7616 692 

Low 

Vegetation 
15996 143511 32345 0 588 4708 141 

Medium 

Vegetation 
14741 6622 1094825 1197 1651 7614 139 

High 

Vegetation 
37 8 22434 21303 21 49 34 

Roof 16242 1348 2745 6 562008 18254 409 

Facade 5842 2845 6337 5 13120 662200 174 

Vehicle 3218 522 821 0 1026 1839 22497 

 
Table A3. Tabulated F1 Scores. 

Criteria Ground 

Low 

Vegetation 

Medium 

Vegetation 

High 

Vegetation Roofs Facade Vehicle 

GEO_ONLY 0.57 0.07 0.66 0.02 0.47 0.7 0.01 

HEI_ONLY 0.8 0.3 0.68 0.13 0.76 0.61 0.24 

COL_ONLY 0.67 0.24 0.87 0.12 0.72 0.73 0.21 

GEO_COL 0.83 0.46 0.91 0.08 0.84 0.92 0.49 

COL_HEI 0.67 0.24 0.87 0.12 0.72 0.73 0.21 

ALL_FEAT 0.95 0.8 0.95 0.63 0.95 0.95 0.84 

NO_GROUND NA 0.86 0.96 0.65 0.96 0.96 0.89 
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Figure A1. Density distribution of relative height values in the classified point cloud (in meters). 
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Multi-scale classification of photogrammetric point cloud data: Towards Establishing a 

Digital Twin in Louvain-la-Neuve 

Sinoj Kokulasingam 

Under the context of establishing a digital twin, the first step after data collection is to 

extract meaningful information from dense big data. This work provides a starting point by 

semantically labelling a photogrammetric point cloud dataset and seeks to find the optimal 

descriptors for extracting building information in a study area within Louvain-la-Neuve. A 

multi-scale point-wise classification approach was adopted where the point cloud was 

iteratively subsampled three times at three progressively larger grid sizes. At each 

subsample, 15 feature descriptors derived from height, reflectance, and eigenvalue-based 

geometry were computed using exclusively free and open-source software. The model with 

all features combined performed the best achieving an overall accuracy of 0.94, though with 

major confusion between roof and ground points. Although, geometric features performed 

the worst reaching a low of 0.59 overall accuracy, it was proven that the combination of 

geometric features with other color or height information led to more accurate classification 

of roofs and facades. Moreover, the reflectance information from photogrammetry proved 

to be highly valuable for vegetation extraction. In order to evade the confusion between 

roof and ground, the ground points were segmented using Cloth Simulation Filter (CSF) 

followed by the reconstruction of a gapless DEM. This approach showed great potential as 

since it enhanced the classification accuracy reaching 95% overall accuracy without the 

introduction of external datasets. However, further validation of roof points with a rooftop 

dataset from the Wallonian cartographic dataset (PICC) showed that a quarter of points 

classified as roof were needed to be removed to attain a 91% validation accuracy. 


