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Abstract 

 

The Digital Terrain Model (DTM) is considered an essential component in various applications, including road design, urban planning, 

terrain analysis, and, environmental monitoring. LiDAR data is known to have very high accuracy therefore it is considered the most 

reliable source for DTM generation. However, accurately filtering the LiDAR data for the ground classification remains a challenge. 

This study explores the impact of class granularity on semantic segmentation and its effect on the accuracy of DTM generation sourced 

to LiDAR data. The RandLA-Net has been used for semantic segmentation, and for the training, the DALAS dataset which comprises 

various terrains and structures is used. The process is comprised of training the deep learning models on datasets that are classified into 

two schemes. The first scheme is a course with 2-classes (ground and non-ground) and the second scheme is a finer one with 8-classes 

(ground, vegetation, cars, trucks, powerlines, fences, poles, and buildings). The trained models are applied to three datasets to evaluate 

the result of the granularity on the accuracy of the DTM. The results show that the accuracy of the DTM based on the 2-class model 

outperforms the accuracy of the DTM obtained via the 8-classes model, as indicated by the used statistical measures such as RMSE, 

mean and standard deviation (STD). The semantic segmentation of the 8-classes model shows more misclassification, especially in 

complex urban areas, especially in distinguishing the ground points from non-ground objects. The study emphasizes the trade-off 

between class granularity and DTM accuracy, which shows that simpler classification schemes will lead to a better result of the DTM 

generation results. 

 

 

1. Introduction 

Digital Terrain Model (DTM) which provides an accurate 

representation of the bare ground surface is considered to be an 

essential component in different applications such as road design 

(AL-Areeq et al., 2023), forest monitoring (McCarley et al., 

2020), urban planning (Dimitrov and Petrova-Antonova, 2021; 

Olivatto et al., 2023), and environmental and terrain analysis 

(AL-Areeq et al., 2023; Conforti et al., 2020; Wu et al., 2023). 

Recently, the main source for the DTM generation is either from 

LiDAR (Light Detection and Ranging) or photogrammetry. 

Despite the high accuracy of the LiDAR data, the process of 

filtering the ground point is still considered an important 

challenge (Mesbah et al., 2023). As a result, the accuracy of 

creating the DTM models mainly depends on point cloud 

classification or semantic segmentation, where the points are 

classified into different classes such as ground, buildings, and 

vegetation. For DTM generation, the ground points are 

considered to be important. 

 

Traditional methods for the ground point filtering from LiDAR 

data have been very popular and widely used in the filtering 

ground point, such as Progressive TIN Densification (PTD) 

(Axelsson, 2000), Progressive Morphological Filter (PMF) 

(Zhang et al., 2003), Cloth Simulation Filtering (CSF) (Zhang et 

al., 2016), scale-irrelevant and terrain-adaptive approaches (Chen 

et al., 2021), and Bayesian approach (Sadeq, 2024), These 

algorithms are considered to be very successful in many cases, 

however, they struggle in complex terrain, slopped areas or 

regions with small objects near the ground, leading to inaccurate 

DTMs (Qin, Tan, Guan, et al., 2023). On the other hand, deep 

learning has become an active research area for point cloud 

filtering which aims to improve the results for point cloud 

classification, specifically in the challenging areas (Hu and Yuan, 

2016; Qin, Tan, Ma, et al., 2023). 

 

Various deep learning based semantic segmentations for the 

DTM generation have been developed. For instance, Rizaldy et 

al.(2018) applied a Fully Convolutional Network (FCN) on the 

converted point cloud into a single pixel thus can deal more 

robustly in the slopped terrain. Nurunnabi et al. (2021) developed 

a deep learning model based on the combination of local features 

instead of depending on the extracted features from raw data. 

Further to improve the accuracy, researchers have advanced in 

the field of deep learning.  Winiwarter et al. (2019) enhanced the 

deep learning algorithm PointNet++ (Qi et al., 2017), an end-to-

end algorithm which helps to infer from local neighbourhood 

features without the need for prior data. Jin et al., (2020)  

proposed an algorithm for filtering LiDAR point cloud which 

achieves better accuracy and performance compared to the well-

known deep learning algorithms. Despite all these advancements 

in deep learning for the point cloud filtering algorithms, still none 

of these algorithms able to filter the ground points robustly to 

achieve 100% accuracy. 

 

The process of LiDAR semantic segmentation entails assigning 

a predefined class to each point, these include features such as 

ground, buildings, vegetation, and electrical poles. Previous 

studies have explored the impact of various data strategies on 

data preparation to obtain better semantic segmentation results 

(Zou et al., 2021). For example, Wang and Yao (2022) utilized 

entropy regularization, sparse annotation, ensemble prediction 

constraints, and online soft pseudo-labelling to improve the result 

of the semantic segmentation. However, To the best of our 

knowledge, no studies investigated the effect of the number of 

classes on the accuracy of the DTM. 

 

This study examines the impact of class granularity on the 

efficiency and accuracy of DTM generation by comparing deep 

learning models that are trained with different class schemes. 

Class granularity in the Semantic segmentation refers to less 

details of the classes in the scheme. The level of detail used in the 
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point cloud semantic segmentation can influence the precision of 

the DTM. The coarser granularity will probably lead to 

simplifying the segmentation process and leading to better 

accuracy. On the other hand, the finer segmentation probably 

improves feature detection, meanwhile, it also may lead to 

introducing misclassification errors. 

 

The structure of the study is as follows: the introduction and 

background studies are illustrated in this section, the used 

datasets are outlined in section 2, and the theoretical details of the 

deep learning and the used methodology are explained in section 

3. The evaluation of the obtained result is illustrated in section 4, 

and the result and discussion are given in section 5. Finally, the 

conclusion is shown in section 6. 

 

2. Datasets 

In this study, the training data used for training the deep learning 

model is sourced from the DALES dataset (Varney et al., 2020), 

as shown in Figure 1. The datasets was classified into eight 

classes as indicated in Figure 1(a). These eight classes include 

ground, vegetation, cars, trucks, powerlines, fences, poles, and 

buildings. 

 

To evaluate the effect of class granularity, the DALES dataset 

was modified into a 2-classes scheme, as shown in Figure 1(b). 

in the modified scheme, the two main classes are ground and non-

ground. The non-ground points are obtained by combining all the 

non-ground classes from the original DALES dataset except the 

ground class. 

 

  
(a) (b) 

Figure 1 The DALES LiDAR datasets in the training of the 

RandLA-Net. (a) A sample of the point cloud is classified into 

8-classes which include: ground, vegetation, cars, trucks, 

powerlines, fences, poles, and buildings. (b) A sample of the 

point cloud with two classes only, ground and non-ground. 

 

For deep learning, the dataset has been classified into training and 

validation. Initially, the density of the dataset was very large 

which led to an effect on the computation efficiency. Therefore, 

it has been reduced by 75%, retaining only 25% of the original 

dataset. Furthermore, for the training only four tiles were used, 

and for validation only one tile was used. The tile size was 

measured to be 500 m by 500 m each, meanwhile, for the DTM 

generation and testing of the trained deep learning models, three 

tiles have been used as explained in section 3.3. Since the study 

is primarily for comparing class granularity schemes, therefore it 

is assumed that the minimizing point could not have affected the 

result. 

 

3. Methodology  

3.1 Point Cloud Semantic Segmentation 

For assessing the impact of the granularity effect on the produced 

semantic segmentation, the RandLA-Net deep learning 

architectures have been selected. The RandLA-Net  deep learning 

approach is based on 3D deep neural networks (DNN) that are 

used for encoding the LiDAR point cloud for the purpose of 

semantic segmentation. RandLA-Net developed by Hu et al. 

(2020), which is specifically designed for classifying large-scale 

point clouds. The RandLA-Net architecture includes a model that 

maintains the geometric details during the point sampling, 

furthermore, the module is based on a neural architecture which 

is specified to be efficient and lightweight and thus can be used 

for semantic labelling of large-scale point clouds.  The main key 

advantage of the model is based on leveraging random sampling, 

which reduces memory consumption and computational cost, in 

contrast to the other segmentation frameworks in which their 

strategies are dependent on expensive sampling methods. 

RandLA-Net was selected for this study since is proven to be 

very efficient in point cloud semantic segmentation and 

compatible with ArcGIS-pro software. Moreover, it delivers a 

higher processing speed of processing compared to PointCNN 

which is shown to be slower and almost delivers the same result 

(Hu et al., 2020).  

 

3.2 Training Deep Learning Models 

The RandLA-Net model training process is applied in two stages. 

In the first stage, datasets consisting of 2-classes (ground and 

non-ground) result in a model known as  2-class model. In the 

second stage, the datasets that consist of 8-classes are used 

leading to obtaining an 8-class model. By applying the above two 

approaches in training the deep learning models, it is possible to 

conclude how the class granularity is affecting the accuracy of 

the generated DTM. 

 

For the training, the datasets were divided into blocks with a size 

of 20 m assuming they are covering the object geometry within 

the study area. Each model was trained individually up to 25 

epochs, and 100 % of iterations per epoch in order to ensure that 

all data is passed through the epoch. The learning rate was set to 

0.005, and the batch size was set to 10 which means 10 patches 

were simultaneously processed within the model.  

 

3.3 DTM generation 

The obtained trained models (2-class and 8-class) were applied 

to test datasets, which were not used for the training or validation. 

These datasets were derived from LiDAR data that belong to the 

DALES dataset (Varney et al., 2020). The datasets have different 

types of man-made structures such as buildings, fences, poles and 

powerlines, in addition to the vegetation. 

 

By applying the trained model, a semantic point cloud has been 

obtained for each study area as shown in Figure 2. The result of 

the 2-class models includes two classes, the first class includes 

bare ground. While the other class includes buildings, trees plants 

and other structures as shown in Figure 2 (a). In contrast, the 8-

class model assigned a separate class to each type of object. For 

instance, the ground class, while buildings and other structures 

are each given different classes, which are considered 7 classes, 

as shown in Figure 2 (c). 

 

To produce the DTM, only the ground class from each semantic 

segmentation was kept while other classes were eliminated. Later 

the remained point cloud will be interpolated for the DTM 

generation as shown in Figure 2 (b) and (d).  This same procedure 

was applied to all datasets.  
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(d
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 Study area-1 Study area-2 Study area-3 

Figure 2 Semantic segmentation of the point cloud and the corresponding DTM processed with each model. (a) Segmented point 

cloud using the 2-class model. (b) Produced DTM based on using the ground class obtained from a 2-class model. (c) Segmented 

point cloud produced from an 8-class model. (d) Produced DTM based on using the ground class obtained from an 8-class model. 

4. Evaluation 

Several indices are available for the evaluation of the GF 

algorithm, such as the intersection over union for non-ground 

class (IoU1), intersection over union for ground class (IoU2), 

overall accuracy, precision, recall, F1-Score, and, Root Mean 

Square Error (RMSE) (Qin, Tan, Guan, et al., 2023). In this 

study, to quantify the error and assess the accuracy of the 

produced DTM the indices RMSE, mean and STD are used. 

These indices are mainly utilized for comparison purposes in 

order to assess which of the algorithms produces better results. 

The DTMs generated by both models were compared with the 

true DTM, which was obtained by manually extracting the 

ground points. The true DTM was used as a reference and has 

been subtracted from the labelled DTM. For the subtraction 

process, the cloud compare software has been used  (EDF R&D, 

2011). 
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The difference or distance map, which is known as the C2M map, 

was obtained by subtracting the DTM generated from the 

semantic segmentation of the point cloud from the true DTM, as 

shown in Figure 3. The mean and STD were determined using 

the CloudCompare software, while the RMSE was calculated 

from the distance map (C2M map). For this purpose, the C2M 

map was exported to the txt file which includes vertical distance 

between the two DTMs. Later, by using these differences the 

RMSE is determined by developing a code with C++. 

 

The results were calculated for the three study areas as shown in 

Table 1, including RMSE, mean and STD values that belonged 

to the DTM produced from the 2-classes model. The C2M 

approach is based on finding the changes between the point cloud 

and a true 3D mesh, this approach is considered to give a good 

result in the case of a flat surface such as comparing two DTMs 

as the case in this study (Lague et al., 2013). 

 

In addition to the quantitative analysis, the qualitative analysis 

was also applied, by comparing and identifying the errors in the 

difference map. It is clear that some extra errors are clearly 

identified in the difference map that is obtained by the 8-class 

model, which has been identified by the red dashed circle in 

Figure 3. Further illustrations are given in Figure 4. 

Misclassification in the building was detected, which caused to 

deterioration of the accuracy of the produced DTMs.  

(a
) 

   

(b
) 

   

 Study area-1 Study area-2 Study area-3 

Figure 3 Difference map between the True DTM and the generated DTM. (a) The difference map was obtained by subtracting the 

True-DTM from 2-classes model DTM. (b) The difference map was obtained by subtracting the True-DTM from 8-classes model 

DTM. The red dashed circle identifies the locations of errors.  

5. Result and Discussion 

The main aim of this study is to examine the impact of class 

granularity on the accuracy of the DTM generated using a deep 

learning algorithm. Mainly, to investigate how changes in the 

level of the classes in semantic segmentation will affect the 

precision of ground point filtering from LiDAR data on the DTM 

generation.  In particular, the performance of two deep learning 

models on DTM generation, that trained on datasets with two 

different class schemes is compared. 

 

The finding indicates that the DTM obtained from ground 

filtering with 2-class model outperforms the DTM obtained from 

filtering the ground points using 8-class model. This is supported 

by the statistical analysis using the RMSE, mean and STD, as 

shown in Table 1, where is shown that the 2-class model gives 

the best result. Furthermore, it can be noticed that the number of 

points in the 2-class model is less than 8-class model which 

proves that some points have been misclassified and classified 

wrongly as a ground class. Furthermore, from the table, it can be 

noticed that the best accuracy is from the second study area which 

is shown to be 0.041760 m, compared to RMSE values of 

0.081832 m, and 0.137628 in the first and third study areas, 

respectively. This discrepancy is because these study areas 

include large buildings which made the segmentation fail, mainly 

because the selected block size of 20 m during the model training 

was smaller than the actual size of the buildings. 

 

The analysis shows that a simpler classification scheme (e.g. 2-

class model) helps to reduce misclassification and streamline the 

segmentation process, particularly in problematic areas such as 

complex terrain or surface discontinuity areas. Reducing the level 

of detail (i.e. simplifying the categories), improves the model's 

ability to focus on the interest class which is the ground points, 

thus leading to more accurate DTM. 

 

Conversely, the semantic segmentation with the model of 8-

classes, which leads to classifying the point cloud into separate 

classes (e.g. ground, vegetation, cars, trucks, powerlines, fences, 

poles, and buildings) will lead to misclassification by hampering 

the model’s ability to classify the point cloud correctly. This finer 

granularity is problematic, especially in complex terrains or 

urban environments. The errors introduced by 8-class model are 

clearly shown in Figure 3 indicated by red dashed circles. 

 

Based on the hypothesis in this paper, the study shows a trade-

off between the level of class detail in semantic segmentation and 

misclassification. Although finer classification, such as 8-class 

model, theoretically gives better distinction of the features, it 
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might lead to more errors in ground point classification which is 

considered to be critical in DTM generation. Misclassification of 

non-ground points as ground points or in reverse will lead to 

degradation of the DTM quality and reduce the accuracy. The 2-

class model, by simplifying the segmentation into two classes 

only, ignores finer non-ground classes but performs better for 

identifying ground points. 
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Table 1. Statistical analyses for the generated DTMs, for three 

study areas, using different deep learning models based on 

RANDLA-Net. The bold fonts refer to the best values. 

 

By further analysis of the errors and their locations, it can be 

noticed that the misclassification of the buildings with ground 

points is clearly shown in Figure 4(b). It can be noticed that the 

2-class model Figure 4 (a and c) clearly labelled the ground 

points as ground and the non-ground points, such as buildings 

and trees, without misclassifying them. However, in the 8-class 

models (Figure 4(b) and the zoomed-in portion(d)), buildings are 

misclassified as ground points which leads to introduced errors 

in the produced DTM. Further examination reveals that the 

buildings are also misclassified as trees, but since all the non-

ground classes are eliminated, this misclassification will not 

affect the produced DTM.  

 

  

(a) (b) 

  

(c) (d) 

Figure 4 Comparison of semantic segmentation from 2-class 

and 8-class models. (a) Semantic segmentation with 2-class 

model, where non-ground buildings are correctly classified. (b) 

Semantic segmentation using 8-calss model, where buildings 

are misclassified as ground points, as marked with yellow 

circles. (c) and (d) illustrated a zoomed-in part of the 

highlighted area. 

 

In the context of model selection, the RandLA-Net architecture 

has been demonstrated in order to efficiently process the 

semantic segmentation of the point cloud. It has been proven its 

efficiency in processing large-scale LiDAR point cloud 

segmentation. The selected lightweight deep learning 

architecture, which depends on random sampling, helps to reduce 

memory and computation costs. This technique proved to be 

performed accurately for the purpose of semantic segmentation. 

Moreover, its compatibility with the ArcGIS Pro makes it 

suitable for easy access by the user even those without high 

expertise in the programming language.  

 

The implementation of the deep learning approach, as an 

alternative to the traditional filtering method is considered to be 

a remarkable advancement. Traditional methods such as CSF and 

PTD often fail in complex areas or with the object of small 

objects near the ground. However, deep learning models are more 

robust in such areas and deliver superior performance, offering 

more accurate ground filtering and generating precise DTM. 

 

Although the study provided a remarkable insight into the impact 

of class granularity on the DTM generation, it has some 

limitations. For instance, only one dataset (e.g. DALES) was 

used, which might not represent all types of topography. 

Therefore, it is necessary to test different datasets representing 

different topography in another region or use more datasets in 

training the models. 

 

When comparing the obtained result with the other studies, it is 

evident that the accuracy obtained by RandLA-Net using 2-class 

model outperforms the traditional algorithm. In terms of the 

accuracy of the DTM, various studies have assessed LiDAR point 

cloud segmentation algorithms. For example, Song and Jung, 

(2023) evaluated various lidar filtering algorithms for DTM 

generation, comprising LAStools, CSF, and PMF. The best DTM 

belonged to the LAStools, with an RMSE of 0.3 m, based on 

using Purdue University dataset, while Salleh et al. (2015), 

reported an accuracy of 0.379 m for the DTM low slopes terrain. 

Thus, it can be concluded that the obtained result in this study 

shows higher accuracy than the aforementioned studies. 

 

6. Conclusion  

This paper evaluates the impact of the class granularity in 

semantic segmentation on the accuracy of the obtained DTM. 

The study compares deep learning models based on the RandLA-

Net architecture, which are trained using different class schemes. 

It has been found that, in terms of accuracy, the models generated 

via a scheme that consisted of 2-classes (e.g. ground and non-

ground) provide better results than 8-classes scheme (e.g. ground, 

vegetation, cars, trucks, powerlines, fences, poles, and 

buildings). The accuracy has been measured by the RMSE, mean 

and STD values, all of which show that the model of 2-class 

scheme outperforms the model of 8-class scheme. 

 

The analysis reveals that using the coarser class scheme will lead 

to improved results and higher DTM accuracy than the finer 

scheme, such as the 8-class approach. It was found that a 2-class 

scheme streamlines the segmentation process, by focusing only 

on the specific point cloud, thereby the misclassification is 

reduced, which is typically obtained from finer segmentation. 

 

The findings highlighted a relationship between the segmentation 

details and the accuracy of the DTM. More detailed features lead 

to increased misclassification, thus reducing the accuracy, 

particularly in complex terrain. Moreover, the RandLA-Net 

architecture has proven its applicability for processing large 
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LiDAR point cloud datasets, making it a promising option for 

DTM generation in large-scale areas. This suggests a strong 

candidate for the point cloud semantic segmentation task. 
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