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Abstract: Terrestrial laser scanning (TLS) is a leading technology in data acquisition for building 

information modeling (BIM) applications due to its rapid, direct, and accurate scanning of different 

objects with high point density. Three-dimensional point cloud classification is essential step for 

Scan-to-BIM applications that requires high accuracy classification methods, running at reasonable 

processing time. The classification process is divided into three main steps: neighborhood defini-

tion, LiDAR-derived features extraction, and machine learning algorithms being applied to label 

each LiDAR point. However, the extraction of LiDAR-derived features and training data are time 

consuming. This research aims to minimize the training data, assess the relevance of sixteen LiDAR-

derived geometric features, and select the most contributing features to the classification process. A 

pointwise classification method based on random forests is applied on the 3D point cloud of a uni-

versity campus building collected by a TLS system. The results demonstrated that the normalized 

height feature, which represented the absolute height above ground, was the most significant fea-

ture in the classification process with overall accuracy more than 99%. The training data were min-

imized to about 10% of the whole dataset with achieving the same level of accuracy. The findings 

of this paper open doors for BIM-related applications such as city digital twins, operation and 

maintenance of existing structures, and structural health monitoring. 
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1. Introduction 

The successful implementation of city digital twins requires developing digital sys-

tems that can manage, visualize, and manipulate the geospatial data and present the data 

in a user-friendly environment. Building information modeling (BIM) is an intelligent 3D 

model-based representation that manages construction projects at different stages, includ-

ing planning and design, construction, operation and maintenance, and demolition [1]. 

As stated in the 2nd annual BIM report of 2019, Canada is the only G7 country without a 

national BIM mandate [2]. By contrast, the design community is pushing to consider BIM 

as standards. Currently, 3D laser scanning systems have proven their capability to capture 

3D point cloud of the real world [3–5] for BIM applications, known as scan-to-BIM.  

Scanned data are imported into a 3D modelling environment to create accurate as-

built models or feed the design with real-world conditions, helping in decision-making 

[3,6]. The construction industry is moving toward digital systems, whereas highly accu-

rate 3D modelling is necessary to serve existing buildings’ operation and maintenance 

stage. The purpose of Scan-to-BIM of existing buildings could be for heritage documenta-

tion [7,8], design of a reconstruction of industrial buildings [9], improvement of residen-

tial buildings energy efficiency [10], smart campus implementation [11], or operation, 

maintenance and monitoring of those buildings, which is defined as structural health 

monitoring.  
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Several researchers have proposed a framework for scan-to-BIM using terrestrial la-

ser scanning (TLS) systems [3,9]. The typical workflow for the scan-to-BIM can be sum-

marized into three main stages: data acquisition stage, data pre-processing stage, and data 

processing stage as shown in Figure 1. The data acquisition stage includes the determina-

tion of a specific level of details of the model required for the BIM application so that the 

data quality parameters (e.g., accuracy, spatial resolution and coverage) can be identified 

[3,12]. Data quality is directly associated with scanning device selection and scanning lo-

cations. The data pre-processing stage includes data registration, geo-referencing, and de-

noising (i.e., noise removal). Most of the previous studies have used commercial software 

packages for registration, geo-referencing, or noise removal, such as Leica Cyclone [13], 

Faro Scene [7,14], Trimble Realworks [5] and Autodesk ReCap [7,9,15]. A critical step in 

data pre-processing is data downsampling or downsizing [10,13,14,16]. Before processing, 

it is necessary to reduce the massive amount of data, and hence reduce the execution time. 

For instance, Wang et al. [10] reduced the data by about half its size, while Abdelazeem et 

al. [15] reduced the data by up to 95%. This was attributed to the method used in data 

downsampling. The data processing stage includes object recognition from point clouds 

and modelling those objects as BIM products. Several studies have imported the point 

clouds directly into commercial software packages for modelling different objects [9]. Oth-

ers have exported the point clouds after data pre-processing into BIM formats without 

applying any segmentation methods or object recognition steps using Autodesk Ecotect 

Analysis [10,17,18], Trimble RealWorks [5] or Autodesk Revit [7,13]. 

 

Figure 1. Typical scan-to-BIM workflow. The data pre-processing stage is in blue color and the 

data processing stage is in magenta color. 

Overall, the scan-to-BIM framework relies on data acquisition, LiDAR point cloud 

classification, and 3D model construction. In this research, we focus on the LiDAR data 

classification of existing buildings, which is divided into three steps; neighborhood defi-

nition, LiDAR features extraction, and machine learning (ML) algorithms being applied 

to label each LiDAR point [19–22]. Generally, the classification results vary according to 

the implementation of the three aforementioned steps. In addition, the processing time is 

a crucial factor in LiDAR point cloud classification due to the vast amount of data being 

collected.  

ML algorithms have been widely used in LiDAR data classification. They rely on a 

pre-trained model on a given data consisting of inputs and their corresponding outputs 

of the same characteristics. ML-based methods are divided into supervised and unsuper-

vised methods. Supervised methods use attributes [23] or feature descriptors [24] ex-

tracted from LiDAR point cloud as inputs to ML algorithms, such as support vector ma-

chine (SVM) or random forests (RF) [25–27]. Unsupervised methods are based on LiDAR 

point cloud clustering, such as k-means, DBSCAN (Density-Based Spatial Clustering of 

Applications with Noise) or hierarchical clustering [28–30]. Several studies have used su-

pervised methods, while few have been reported using unsupervised methods. Recent 

studies have moved to apply deep learning (DL) for point cloud classification, such as 

neural networks [8,24,31–33]. In general, supervised ML and DL-based methods achieve 
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accurate results. However, they require a considerable amount of pre-labeled data to be 

used in the training process, which is costly and time consuming.  

Grilli et al. [25] extracted different LiDAR point features based on the spherical neigh-

borhood selection method. In addition, the Z-coordinate of points were incorporated for 

accuracy improvement. Then, the features were used as input for the RF classifier. They 

tested four heritage sites with different features configurations. The average accuracy 

measures reached 95.14% precision, 96.84% recall, and 95.82% F1-score in the best case 

studied. Teruggi et al. [27] presented a multi-level and multi-resolution workflow for 

point cloud classification of historical buildings using RF classifier. They aimed to docu-

ment detailed objects by applying three levels of searching radius on three levels of point 

resolution with an average F1-score of 95.83%. 

Few studies were reported on building classification from TLS data. Chen et al. [34] 

adapted the large density variation in the TLS data by presenting a building classification 

method using density of projected points filter. First, facade points were detected based 

on a polar grid, followed by applying a threshold to distinguish facades from other ob-

jects. The filtering result was then refined using an object-oriented decision tree. The roof 

points were finally extracted by region growing being applied on the non-facade points. 

Two datasets were tested in this study and revealed an average completeness and correct-

ness of 91.00% and 97.15%, respectively. Yuan et al. [35] used TLS data for building mate-

rials classification using ML algorithms. They evaluated different supervised learning 

classifiers using material reflectance, color values, and surface roughness. The highest 

overall accuracy of 96.65% was achieved for classifying ten building materials using the 

bootstrap aggregated decision trees.  

Earlier in the last decade, Martinez et al. [36] proposed an approach for building fa-

cade extraction from unstructured TLS point cloud. The main plane of the building’s fa-

çade was first extracted using the random sample consensus algorithm (RANSAC) algo-

rithm, followed by establishing a threshold in order to automatically remove points out-

side the façade. The facade points were then segmented using local maxima and minima 

in the profile distribution function and statistical layer grouping. Each segmented layer 

was afterwards processed to find the façade contours. A total of 45 distances were manu-

ally measured using a total station as a reference. The mean error was 7 mm, with a stand-

ard deviation of 19 mm at an average point spacing of 10 mm. Although the high scores 

were revealed, the aforementioned approaches were applied on the whole point cloud 

available, resulting in more processing time and complex computations. Gonzalez et al. 

[37] used TLS intensity data for damage recognition of historical buildings. Two-dimen-

sional intensity images were generated from the 3D point cloud. Then, three unsupervised 

classifiers were applied, k-means, ISODATA, and fuzzy k-means, demonstrating average 

overall accuracy of 75.23%, 60.29%, and 79.85%, respectively. The aforementioned studies 

relied on either the intensity data [35,37] or the direct use of XYZ coordinates [34,37]. The 

intensity data require extensive correction and/or normalization that rely on the scan an-

gle and distances between the TLS and scanned objects. On the other hand, geometry-

based features are currently extracted from the XYZ coordinates that improve classifica-

tion accuracies. 

Recently, the classification process has been carried out using ML algorithms for BIM 

applications. In contrast, labeled data are used to train an ML model, and hence that model 

is used to classify the whole unlabeled dataset. Therefore, high classification accuracy 

methods running at acceptable processing time are required, especially with the availa-

bility of many features that could be extracted from the LiDAR point cloud. The objectives 

of this paper are as follows: (1) assess the relevance of LiDAR-derived features to 3D point 

classification, (2) optimize the training data size for LiDAR point cloud classification 

based on a ML algorithm, and (3) evaluate different scenarios for ML inputs based on the 

contribution of LiDAR-derived features of the classification process.  
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2. Materials and Methods 

2.1. Methodology 

The LiDAR points’ classification method presented in this research is divided into 

two main phases, data pre-processing and data processing, as shown in Figure 2. Data 

pre-processing phase starts with noise points’ removal from each scan. Then, multiple 

scan registration is carried out using bundle adjustment. It uses as many iterative closest 

points as possible to connect each scan with all its neighbors to globally register the whole 

dataset [38]. Data downsampling is an essential step in LiDAR data processing either for 

indoor or outdoor applications. Ground-based laser scanning systems acquire huge 

amount of data. Thus, a reliable downsampling method is required in order to reduce the 

processing time. In this research, the space method is used for downsampling the data. It 

considers a minimum point spacing to preserve the geometry of the building [15,39].  

 

Figure 2. LiDAR point cloud classification workflow. The workflow input (3D point cloud) and 

output (classified point cloud) are in gray color, the data pre-processing stage is in blue color and 

the data processing stage is in magenta color. 

The data processing phase starts with the cylindrical neighborhood selection method, 

with a predefined radius r. The main challenge here is to find a sufficient number of neigh-

borhood points N for each LiDAR point P, and hence assign each LiDAR point P to its 

correct class. Previous studies have investigated three common neighborhood methods, 

namely, K-nearest neighbor (KNN), spherical and cylindrical methods [40–43]. The KNN 

neighborhood selection method assigns a predefined number of k nearest points to a 

query point P of the LiDAR data using the Euclidean distance. Spherical and cylindrical 

neighborhood methods use a predefined radius r to search neighbor points of a query 

point P within a sphere or in 2D projection, respectively.  

The selection of neighborhood method relies mainly on the point density of the da-

taset. Searching of neighbors within a fixed radius is usually suitable in a dataset with 

uniform point density (i.e., our case). Although the cylindrical method gathers the largest 

number of neighbor points among the three methods its superiority has been proven, es-

pecially with using RF classifier [44]. Therefore, neighborhood points are selected based 

on the cylindrical method in this research, especially with the high capabilities of work-

stations that are currently available and their ability to process a massive amount of data, 

and thanks to the downsampling step that decreases the number of points. After that, a 

total of sixteen LiDAR point features are extracted based on the data geometry (i.e., coor-

dinates). These features are divided into three categories: eight covariance features [40] 

and verticality (Vert) [45], four moment features [21], and two height features [46], in ad-

dition to normalized height feature (NH), as listed in Table 1. 
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Table 1. Covariance, moment, height, and verticality LiDAR point features. 

Covariance Features 

𝐿𝜆 =
𝑒1 −  𝑒2

𝑒1

 

𝑃𝜆 =
𝑒2 −  𝑒3

𝑒1

 

𝑆𝜆 =
𝑒3

𝑒1

 

𝑂𝜆 = √𝑒1𝑒2𝑒3
3  

𝐴𝜆 =
𝑒1 −  𝑒3

𝑒1

 

𝐸𝜆 = − ∑ 𝑒𝑖𝑙𝑛 (𝑒𝑖)

3

𝑖=1

 

𝐶𝜆 = 𝑒3 
𝑆𝑢𝑚 = 𝜆1 + 𝜆2 + 𝜆3 

𝑉𝑒𝑟𝑡 = 1 − ⟨(0,0,1), 𝑣3⟩ 

Moment Features 

𝑀11 = ∑⟨(𝑝𝑖 − 𝑝), 𝑣1⟩

𝑁

𝑖=1

 

𝑀12 = ∑⟨(𝑝𝑖 − 𝑝), 𝑣2⟩

𝑁

𝑖=1

 

𝑀21 = ∑⟨(𝑝𝑖 − 𝑝), 𝑣1⟩2

𝑁

𝑖=1

 

𝑀22 = ∑⟨(𝑝𝑖 − 𝑝), 𝑣2⟩2

𝑁

𝑖=1

 

Height Features 

𝑑𝑍 = 𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛  

𝑆𝑡𝑑𝑍 = √∑ (𝑍𝑖 − 𝑍𝜇)𝑁
𝑖=1

2

𝑁
 

𝑁𝐻 = 𝑍 −  𝑍𝑔𝑟𝑜𝑢𝑛𝑑 

From each point’s neighborhood, a covariance matrix (Cov) is derived as defined in 

Equation 1 [47]. The eigenvalues (λ1, λ2, λ3) and eigenvectors (ν1, ν2, ν3) are then calculated. 

The eight covariance features are linearity (Lλ), planarity (Pλ), scattering (Sλ), omnivari-

ance (Oλ), anisotropy (Aλ), eigen entropy (Eλ), change of curvature (Cλ), and sum of eigen-

values (Sum). The first seven covariance features are derived using the normalized eigen-

values, Equation (2), while the sum feature is calculated from the raw eigenvalues [22,39]. 

The moment features are 1st order moment around 1st axis (M11), 1st order moment 

around 2nd axis (M12), 2nd order moment around 1st axis (M21), and 2nd order moment 

around first axis (M22). The moment features measure the distribution of the cylinder’s 

points relative to an axis, namely the first and second order moments of the point’s neigh-

borhood around the Eigenvectors ν1 and ν2. They help in identifying crease edges and 

occlusion boundaries [21]. The height features, which include maximum elevation differ-

ence (dZ) and standard deviation of elevations (StdZ), are derived from the Z-coordinates 

within the neighborhood. In addition, the NH feature is defined in this research, which is 

the height of each point above ground. The Zground in this research is defined as the mini-

mum Z-coordinate within the neighborhood of each point. Those sixteen LiDAR-derived 

features are then used as input for the RF classifier. 

Cov =
1

𝑁
∑(𝑝𝑖 − �̅�)

𝑁

𝑖=1

(𝑝𝑖 − �̅�)𝑇 (1) 

𝑒j =
𝜆j

∑ 𝜆j
3
𝑗=1

 (2) 
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where:  

N = number of points within the neighborhood 

pi = coordinates array of point i  

�̅� = mean coordinates array 

λj = eigenvalue  

ej = normalized eigenvalue  

The RF algorithm was first proposed by [48]. The RF classifier depends on multiple 

decision trees in which each decision tree provides a vote to assign each class to an input 

vector [49]. This type of classification is implemented in two steps, the first is to create 

learners and then combine the outputs to achieve a good learning algorithm [49]. RF al-

gorithm has proven its capability for point cloud classification and provides acceptable 

and successful results [43,44]. Therefore, it is applied in this research to separate the build-

ing’s points into four classes: ground, facades, trees, and others. A certain percentage of 

randomly stratified training samples are used to train the model, while the testing step is 

conducted on the whole dataset to estimate the classification accuracy. This is because we 

need to label each single point in the dataset to be ready for different applications. In ad-

dition, stratified samples are used to ensure the balance in the classes rather than using a 

fixed number of points for each class (i.e., 1000) that was utilized in previous studies, re-

gardless of the size of each class with respect to the whole dataset [20,21,42]. Finally, the 

results are evaluated using accuracy metrics, including overall accuracy, precision, recall, 

and F1-score. For simplicity, the following equations are based on binary classification, 

which can be extended to the four classes considered in this research. 

OA =  
TP + TN

TP + FP + FN + TN
 (3) 

Precesion =  
TP

TP + FP
 (4) 

Recall =  
TP

TP + FN
 (5) 

F1 − score =
2(Precision ∗ Recall)

(Precision + Recall)
 (6) 

where true positive (TP), false positive (FP), true negative (TN), and false negative (FN) 

represents the number of correctly identified class, number of incorrectly identified class, 

number of correctly rejected class, and number of incorrectly rejected class, respectively. 

2.2. Study Area and Dataset 

The study area is the Monetary Times (MON) building, located at 43°39′35″N 

79°22′41″W in Toronto, Canada. The MON building was built by the Municipal Printing 

Company of Canada in 1931. This building was renovated in the 1980s and became the 

home school of the Department of Civil Engineering at Toronto Metropolitan University. 

It is a mid-rise educational building with dimensions of about 33 m by 17 m, which con-

sists of four levels, including offices, classrooms, and laboratories.  

We followed the recommendations related to data acquisition mentioned by [50,51]. 

The scan stations’ positions were chosen to acquire the whole environment without caus-

ing redundant data and ensure sufficient overlapping areas between point cloud [50]. We 

also performed a loop to improve the quality of point cloud registration [51]. A total of 

ten scans for the building’s outdoor environment were acquired by the Polaris TLS sys-

tem, manufactured by Teledyne Optech. The specifications of the Polaris system are illus-

trated in Table 2. The scanner’s locations were distributed around the building with at 

least 50% overlap between scans to ensure accurate scans registration, Figure 3. The con-

figurations of the scanning environment were set as follows: horizontal and vertical field 

of view was 360° and 120°, respectively; range mode was up to 750 m, and the pulse rep-

etition frequency was 200 kHz with scan frequency of 14.3 Hz. This resulted in each scan 
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lasting for about 6 min and 40 s. Figure 4 shows the data acquired for the MON building, 

with more than 52 million points.  

Table 2. Polaris system specifications. 

Parameter  Specification 

Range measurement principle  Pulsed 

Wavelength  1550 nm (invisible) 

Sample collection rate  Up to 2 MHz 

Intensity recording  12 bits 

Minimum range  1.5 m 

Number of returns recorded  Up to 4  

Angular resolution  up to 12 μrad 

Max. sample density [point to point spacing]  2 mm @ 100 m 

Range accuracy (1 sigma)  5 mm @ 100 m 

Range resolution  2 mm * 

Precision, single shot (1 sigma)  4 mm @ 100 m 

Angular accuracy  80 μrad 

Max. field of view (vertical)  120° (−45 to +70°) 

Max. field of view (hz)  360° 

Internal camera resolution  80-Mpix panoramic image 

* Min distance that the Polaris is able to separate two range measurements on objects in a similar 

bearing. 

 

 

Figure 3. Scans’ locations (from 1 to 10) around the MON building (left) and the Polaris system 

scanning the building from Station #2 (right). 
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Figure 4. MON building 3D model. 

3. Results and Discussion 

LiDAR point cloud pre-processing was employed using ATLAScan software pack-

age, developed by Teledyne Optech for processing Polaris system’s data. First, noise 

points were removed from each scan. Second, point cloud preregistration step was con-

ducted. The preregistration procedures started by finding three couples of corresponding 

points among the scans. Then, a rough alignment between the imported scans was em-

ployed. Further, a bundle adjustment was carried out to improve the registration accu-

racy. The average registration error of corresponding points was 0.008 m. Finally, the 3D 

model for the MON building was created, and the LiDAR data in the format of XYZ were 

exported with more than 52 million points as shown in Figure 4. It should be noted that 

the intensity as well as RGB values for each point have not been utilized in this research.  

After that, the data were downsampled using the space method function embedded 

in the CloudCompare software with a point spacing of 2.5 cm to preserve the geometry of 

the building. Thus, the number of points was decreased by about 95% (about 2.6 million 

points). Several tests were conducted in order to conclude the suitable point spacing 

which achieved the desired results without losing the 3D geometry of the data. Point spac-

ing of 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, and 3.5 cm were tested. It was found that the 2.5 cm reduced 

the number of points and kept the geometry of the building. This was a necessary step in 

LiDAR point cloud processing to reduce the execution time of either features extraction 

or points classification. Before proceeding with the data processing phase, the LiDAR 

points were manually labeled into four classes, namely ground, facades, trees, and others, 

as shown in Figure 5, to be used in the training/testing process. Table 3 provides the num-

ber of points for each class. 
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Figure 5. Different views of the labeled LiDAR point cloud of the building. 

Table 3. Total number of points for each class. 

Class Number of Points 

Ground 1,330,952 

Facades 818,922 

Trees 384,469 

Others 70,843 

The data processing phase started with a neighborhood selection method. The cylin-

drical neighborhood was used with a radius of 0.1 m. This value was a trade-off to ensure 

a sufficient number of points in the neighborhood and reduce the execution time. Then, 

the aforementioned sixteen LiDAR geometrical features were extracted to feed the RF clas-

sifier. For each point, a 3 × 3 covariance matrix from its neighborhood was derived as 

shown in Equation (1). Eigenvalues and Eigenvectors were then calculated from the co-

variance matrix. The eight covariance features, four moment features as well as the Vert 

feature were extracted. Likewise, the height features were extracted based on the Z-coor-

dinate. The RF classifier was then applied with Gini as the splitting function and hyper-

parameters of number of trees equals to 50 and tree depth equals to 50. The training data 

were selected as randomly stratified to guarantee all classes were presented proportion-

ally to their size in the training data, while the testing step was conducted on the whole 

dataset. A 10-fold cross-validation was then applied on the training data to evaluate the 

RF model and resulted in a mean score of 99.18%, with a standard deviation of ±0.02%.  

The testing data was evaluated to address the three objectives of this research. First, 

the sixteen features were considered in the classification process to demonstrate the con-

tribution of each feature. Second, the training data was reduced and the classification ac-

curacy was recorded in order to track the minimal training data used without significant 

decrease in the accuracy. Third, the impact of using most contributing features to the clas-

sification process was studied. The accuracy metrics were finally calculated for the afore-

mentioned cases. The data processing stage was implemented in the Python programing 

language and run on a Dell machine with Intel® Xeon® processor E5-2667 v4, 3.20 GHz 

and 128 GB RAM. 

3.1. Relevance of LiDAR-Derived Features to 3D Point Classification 

The sixteen LiDAR-derived features were used to classify the dataset. In this case, the 

training data were used as 50% to demonstrate the capability of each feature. Figure 6 

shows the classified point cloud, and Table 4 shows the confusion matrix and accuracy 

metrics of the classification. The results revealed an overall classification accuracy of 

99.49%. The accuracy metrics showed high scores for the individual classes. 
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Figure 6. Classified point cloud using sixteen features with classification errors in black bounds. 

Table 4. Confusion matrix and accuracy metrics of classification results. 

Reference 
Classification   

Recall (%) 
F1-Score 

(%) Ground Façade  Trees Others  Sum  

Ground 1,312,979 524 440 301 1,314,244 99.90 99.89 

Façade  715 810,590 1017 6483 818,805 99.00 99.41 

Trees 685 298 382,598 828 384,409 99.53 99.44 

Others 232 614 1011 68,910 70,767 97.38 93.57 

Sum 1,314,611 812,026 385,066 76,522 2,588,225    

Precision (%) 99.88 99.82 99.36 90.05     

With the focus on the individual classes, ground, facades, and trees demonstrated 

more than 99% in all accuracy metrics. On the other hand, the others class demonstrated 

lower values in accuracy metrics of 90.05%, 97.38% and 93.5% in precision, recall, and F1-

score, respectively. This was mainly because this class included many objects, such as 

streetlights, power lines, road signs, pedestrians, and a small steel structure. This could 

be because road signs are a planar surface similar to facades and very close to them as 

shown in Figure 6 (black bounds). About 8.47% of façades points were wrongly classified 

as others, decreasing the precision of the class. Also, about 1.43% of the others class points 

were wrongly classified as trees due to the similarity of scatter behavior between and 

sparse point of power lines. 

The contribution of LiDAR-derived features to the classification process was then 

studied. The features importance was calculated as shown in Figure 7. The NH feature 

was the most contributing feature with 33.55%, while the dZ feature occupied the second 

order with 31.29%. They were followed by Pλ feature (17.96%), then M22, M21, Vert, and M12 

features, with more than 2% each, while the rest demonstrated less than a 2% contribution. 

The first three features (i.e., NH, dZ, and Pλ, respectively) were the more significant fea-

tures in the classification due to the vertically organized LiDAR point cloud of facades 

and tree trunks as well as facades and ground exhibited planar surfaces. 
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Figure 7. Features importance for of the sixteen features. 

3.2. Minimal Training Data Determination 

In this section, we evaluated the classification accuracy vs. different training data 

sizes. The purpose of that was to minimize the training data as possible, which in turn 

reduced the processing time, while maintaining the accuracies at a certain level. Thus, 

training data of 70%, 50%, 30%, 10%, and 5% were considered with testing the whole da-

taset. The results of the aforementioned cases are listed in Table 5. 

Table 5. Comparison of different sizes of training dataset. Bold values are close to 99% overall 

accuracy. 

Training Time (s) OA % Avg. Prec. % Avg. Rec. % Avg. F1-Score % 

70% 372 99.58 97.37 99.30 98.28 

50% 259 99.49 97.28 98.95 98.08 

30% 150 99.35 97.12 98.42 97.74 

10% 45 99.03 96.72 97.03 96.88 

5% 21 98.79 96.46 95.91 96.17 

The results demonstrated that we can reduce the taring data along with preserving 

the accuracy level. Considering the overall accuracy, we can see a slight decrease from 

using 70% to 50% training by only 0.09% as well as from using 50% to 30% training by 

0.14%, while a significant drop appeared moving to 10% and 5% training by 0.32% and 

0.24%, respectively. Thus, 99% overall accuracy could be achieved with using 10% training 

data, with reduction of processing time reaching about 88% (70% training data) and 83% 

(50% training data). It should be noted that the presented time in Table 4 is only for train-

ing and testing process. The features extraction time was about 90 min for the sixteen fea-

tures. In addition, the low time (i.e., in seconds) of training and testing process was due 

to the high capability of the workstation used. Figure 8 shows the individual classes’ ac-

curacy measures of 10% and 50% training data. Ground, facades, and trees classes have 

close accuracy metrics for both training cases, while the others class from 10% training 

data has lower accuracy metrics than those from 50% training data. However, this is ac-

ceptable as the main classes have achieved high accuracy metrics. 
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Figure 8. Precession, Recall, and F1-score from for 10% and 50% training. 

3.3. The Impact of Features Reduction 

Section 3.1. demonstrated the order of features that contributed to the classification 

process. In this section, the six most relevant features (i.e., NH, dZ, Pλ, M22, M21, and Vert) 

as well as three features (i.e., NH, dZ, and Pλ) were studied in terms of accuracy metrics 

and processing time. The features extraction time for the six and three features were about 

66 min and 47 min, respectively, with a decrease of extraction time by 27% and 48% com-

pared to sixteen features extraction. Tables 6 and 7 provide the accuracy metrics and pro-

cessing time against different sizes of training data for testing six and three features, re-

spectively.  

Table 6. Comparison of different sizes of training dataset using six features (NH, dZ, Pλ, M22, M21, 

Vert). Bold values are close to 99% overall accuracy. 

Training Time (s) OA % Avg. Prec. % Avg. Rec. % Avg. F1-Score % 

70% 108 99.57 97.40 99.22 98.27 

50% 73 99.46 97.28 98.81 98.02 

30% 38 99.30 97.09 98.13 97.59 

10% 10 98.92 96.65 96.58 96.61 

5% 5 98.60 96.07 95.43 95.74 

Table 7. Comparison of different sizes of training dataset using three features (NH, dZ, Pλ). Bold 

values are close to 99% overall accuracy. 

Training Time (s) OA % Avg. Prec. % Avg. Rec. % Avg. F1-Score % 

70% 47 99.42 97.37 98.44 97.89 

50% 31 99.14 96.61 97.67 97.12 

30% 16 98.85 96.24 96.43 96.33 

10% 5 98.19 95.05 94.43 94.73 

5% 3 97.83 94.50 93.24 93.84 

Considering the most important six features, the training and classification time re-

duced from 45 s to 10 s, by about 78%. The use of 10% training data achieved the overall 

accuracy level at 99%. To preserve 99% overall accuracy using the three features with the 

highest importance, a 50% training set should be considered. The training and classifica-

tion time were decreased by about 31% in this case.  

3.4. Comparison with Previous Studies 

The literature is lacking studies concerned about the minimization of training data of 

point cloud classification. On the other hand, many studies considered LiDAR data clas-

sification using different LiDAR-derived features, different neighborhood selection, and 
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different classification methods [19–21,40,42,46]. Those studies demonstrated classifica-

tion accuracies between 85.70% and 97.55%, while our method achieved a higher score of 

99% average overall accuracy. It should be noted that we only considered four classes 

(ground, facades, trees, and others). 

For a quantitative comparison, we applied the proposed LiDAR-derived features in 

previous studies on our dataset. For instance, Weinmann et al. [20] tested twelve 3D fea-

tures, including the eight covariance features, verticality, the two height features, and 

point density. They also tested 2D features, but we focused here on the features extracted 

from 3D points directly. Among different features sets, Weinmann et al. [40] evaluated the 

eight covariance features only as eigenvalue-based features. Hackel et al. [21] added four 

moment features and two height features defined as height below and height above the 

tested points, but excluded the height standard deviation (dZ). As a result, they tested 

sixteen LiDAR-derived features. Table 8 provides F1-score and overall accuracy of the 

aforementioned studies compared to our case. It is shown that we have achieved high 

scores of F1-score for all individual classes and overall accuracy. Thus, the achieved clas-

sification results have proven the usefulness of incorporating the NH feature. 

Table 8. F1-score (%) and OA (%) comparison with previous studies. Highest values are bolded. 

Class 3D Features [20] 
Eigenvalue-Based 

Features [40] 

Hackel Features 

[21] 
Ours 

Ground 98.70 86.87 98.76 99.89 

Façade  95.41 72.70 95.36 99.41 

Trees 93.24 85.45 93.00 99.44 

Others 81.42 50.00 81.69 93.57 

Average F1-

score 
92.19 73.75 92.20 98.08 

OA 96.41 81.12 96.40 99.49 

4. Conclusions 

In this paper, we have classified the 3D point cloud of a campus building using Li-

DAR geometrical features and an RF classifier. The NH, a LiDAR-derived feature had the 

highest contribution percentage (more than 30%) to the classification process. The overall 

classification accuracy was improved by about 4.16% when the NH feature was incorpo-

rated. In addition, precision, recall and F1-score have been improved for all classes.  

Supervised ML classifiers, such as the RF classifier, in most cases, achieve good re-

sults. However, they require a massive amount of annotated dataset to be used as training 

samples. Therefore, in this research, we tested different training data sizes against the 

overall accuracy and execution time. Using 10% of the whole dataset as training samples 

has demonstrated about 99% overall accuracy with 82% reduction of training and classi-

fication time compared to using 50% training samples. 

Since the execution time is crucial in the classification process, we have tested a re-

duced number of features for the classification. The six and three most relevant features 

to the classification process were evaluated. A significant drop of features extraction time 

was achieved by about 27% and 48% compared to sixteen features extraction time. Also, 

the training and classification time was decreased by about 78% and 40%, respectively, to 

preserve the overall classification accuracy at 99%. Overall, this paper gives a variety of 

options for using training data to achieve certain accuracies with acceptable processing 

time.  

Improvement of point cloud classification is the first step toward digital model crea-

tion that is expected to help in making informed decisions about existing buildings, such 

as designing of a reconstruction or extension, improvement of the building’s energy effi-

ciency, and implementation of a smart campus or city. It also opens doors for BIM-related 
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applications, such as the operation and maintenance, heritage documentation, and struc-

tural health monitoring. Future work will focus on incorporating the intensity and RGB 

values collected with the data and test their ability in improving the results of 3D point 

cloud classification. In addition, high-detailed building elements and building indoor en-

vironment, as well as infrastructure-related applications such as road/railways mainte-

nance, and bridges inspection will be considered.  
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