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Abstract

:

Airborne laser technology produces point clouds that can be used to build 3D models of buildings. However, the work is a laborious process that could benefit from automation. Artificial intelligence (AI) has been widely used in automating building segmentation as one of the initial stages in the 3D modeling process. The algorithms with a high success rate using point clouds for automatic semantic segmentation are random forest (RF) and PointNet++, with each algorithm having its own advantages and disadvantages. However, the training and testing data to develop and test the model usually share similar characteristics. Moreover, producing a good automation model requires a lot of training data, which may become an issue for users with a small amount of training data (limited data). The aim of this research is to test the performance of the RF and PointNet++ models in different regions with limited training and testing data. We found that the RF model developed from a small amount data, in different regions between the training and testing data, performs well compared to PointNet++, yielding an OA score of 73.01% for the RF model. Furthermore, several scenarios have been used in this research to explore the capabilities of RF in several cases.
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1. Introduction


In recent years, the 3D city model has been widely used in many fields, especially the use of 3D building models for the purpose of 3D property valuation in fiscal cadastre [1,2], population estimation [3], city planning [4], cultural heritage [5,6], disasters [7], etc. The data sources required to build a 3D model vary from 2D polygons, orthophotos, and point clouds, which are closely related to its acquisition technology capabilities. Current technology is able to provide 3D data in the form of point clouds, which is capable of obtaining higher details of 3D digital models. Point clouds can be acquired using terrestrial laser scanning [8], airborne laser scanning [9], or with a combination of both [10]. Recently, airborne laser technology has become quite popular because it is inexpensive but capable of producing point clouds for the 3D modeling of buildings with a higher level of detail (LOD). However, building a 3D digital model at a high LOD using point clouds is a tedious process, for example, in establishing a 3D building model at LOD3 [4]. Therefore, an automation process is required.



The automation of modeling 3D buildings from point clouds has begun to be implemented by utilizing AI approaches in computer vision. A non-rule-based AI system is being developed, which is utilized in the automatic semantic segmentation process, for the early stages of a 3D modeling phase. The success of the initial stages in a 3D modeling process is important for the success of automation in subsequent stages, such as in the segmentation stage. The fully convolutional network (FCN), PointNet++, PointNet, and dynamic graph convolutional neural network (DGCNN) algorithms, as algorithms using the deep learning (DL) approach, already succeed in segmenting 3D data into building components [11,12,13,14]. Even though the DL approach is a further development of the ML approach in AI, its success depends on the quality and amount of available training data [15,16]. Meanwhile, machine learning (ML) has been proven to work effectively in a variety of scenarios [11], but it still produces some unavoidable noise. Therefore, the success of the utilization of the ML/DL approach in the segmentation phase depends on several parameters; one of them is the amount of available training data in the DL approach.



The number of available 3D data sources is a problem in several countries. Turkey has already used large-scale map-production regulations to develop a workflow for semi-automatic 3D city model generation [17], the Netherlands already has a 3D model of all 9.9 million buildings [3], and the Institut Cartogràfic i Geològic de Catalunya (ICGC), as the mapping agency in Catalonia, Spain, obtained 3D information by utilizing LiDAR (light detection and ranging) in urban areas [18]. Meanwhile, countries in Asia are still developing 3D city models on every available data source for various purposes. For example, Malaysia and Singapore integrated a 2D cadastral geographical dataset with 3D semantic information into a 3D model [19,20]. However, in Indonesia, the regulation of 3D model usability has only just begun, due to the limited number of 3D data sources, which leads to difficulty in using AI for 3D modeling.



Even though the number of data sources is limited, there are several open-source datasets that can be used to build an automatic semantic segmentation model, such as KITTI, ASL, iQumulus, Oxford Robotcar, NCLT, Semantic3D, DBNet [21], and DALES [22]. Furthermore, models retrieved from open-source datasets can be found in some sources. This could be a solution for countries with a limited amount of 3D data for training or an available model while using the DL approach to conduct semantic segmentation with the primary data of the country’s area. The physical city characteristics associated with a country’s incomes [23] cause the physical characteristics to be different. Therefore, the algorithms or model must be checked first.



If DL approaches are related to the amount of data training, then ML approaches are related to feature extraction, which is proven to work effectively in various scenarios. The selected algorithms used in this research are random forest (RF) in ML approaches, because it works effectively with small spatial area size of training data [24], and PointNet++ in DL approaches, because the performance is still within the top three for the LiDAR outdoor data case, with the available trained model. PointNet++ is a DL approach that requires a large amount of training data. However, in countries with limited training data, it is also possible to use a trained model that does not require additional training data. In this study, we assess the performance of PointNet++ in our study area since it already consists of a trained model and is in the top three algorithms for the LiDAR outdoor data case. The selected algorithms and the related literature are discussed further in Section 2. Therefore, the purpose of this research is to analyze the performance of the available trained model from the PointNet++ algorithm in different regions/countries, as well as to analyze the RF algorithm with a small amount of training data (limited data). This research is expected to address the problem of automating building segmentation as one of the initial stages in the 3D modeling process with a small amount of training data.




2. Literature Review


The performance of DL approaches, including PointNet++, CNN, KPConv, and KENN, depends on the quality and the amount of available training data [11], as well as the structure of the program [25]. Regarding the spatial size of the available data, several studies have conducted experiments with the spatial data size ranging between 0.19 and 12.5 km2. The DL approach produces an overall accuracy (OA) between 73.26 and 96% (Table 1). The smallest spatial area size of data used for developing semantic segmentation in a DL approach model resulted in the lowest score of OA. Thus, a larger size of the spatial area for training and testing in the DL approach yields better segmentation quality. Meanwhile, for the RF algorithm, which is classified in ML approaches, gives satisfactory results even with a small spatial area size (Table 1). The segmentation quality of the ML approach does not always depend on the amount of data, but also the geometric features [26]. The majority of datasets used to test the algorithms in Table 1 are still within the same region, except for Hu et al. (2021), where they tested the algorithms in two scenarios, namely using training and testing data within the same and different regions [27]. The OA scores between training and testing results are similar for all algorithms. Even though the regions are different, they are still located in the same country, which may still have similar physical city characteristics. Therefore, the algorithm in DL approaches must be conducted with different training and testing data in different country, which is the objective of this research.



The data can be acquired through data acquisition (primary data) or from another source (secondary data), but the type of data must be similar [31]. The secondary data can be varied and found in many sources and must have the same type of data as the primary data. The sensors on UAV have the ability to efficiently provide 3D data with low cost and high resolution [32,33]. However, UAV LiDAR can collect more data and has better accuracy than UAV photogrammetry [34]. Thus, it is used as the main data source in this study.



Apart from that, the structure of a program also influences the success of automatic segmentation. The information related to papers, codes, datasets, methods and ML evaluation, contributed by various academics and industry, can be accessed at http://paperswithcode.com (accessed on 8 December 2023). The data type, algorithm rankings, and program codes used in this study were also retrieved from this source. The popular open-source data from UAV-LiDAR is the Dayton Annotated LiDAR Earth Scan (DALES) dataset, which were acquired by the University of Dayton [18]. The KPConv algorithm has the highest accuracy in the DALES dataset. Meanwhile, the Superpoint Transformer is in second place, and PointNet++ in third place. However, the algorithm with an available program and trained model by the DALES dataset is PointNet, which is adopted in Matlab R2023a. Even though the accuracy score of PointNet++ has been ranked third since 2017, it is able to produce a model with an OA score of 95.7% and mean intersect of union (MIOU) of 68.3% [14,22] with a smaller model size compared to the KPConv algorithm. Therefore, the PointNet++ algorithm was selected for this study.



PointNet++ is a development of the Pointnet algorithm, as the initiator of the semantic segmentation algorithm on a point-based point cloud. In the PointNet++ algorithm, its capabilities have been greatly improved, as it is able to learn local geometric features [13]. However, the type of geometric features in the PointNet++ algorithm and in some other DL algorithms cannot be determined by the developer. Therefore, geometric features must be built first using the ML approach according to the developer’s knowledge before conducting the training process [11,35]. The types of geometric features can be analyzed and modified in ML approaches.



Currently, the commonly used algorithms in ML are K-nearest neighbor (KNN), multiclass support vector machine (MSVM), decision trees (DTs), data assimilation (DA), naïve Bayes classifier (NB), RF, and ensemble trees (ETs). However, based on experiments conducted by Bulut (2022), applying the RF algorithm for simple surface semantic segmentation on a point cloud contributes to better accuracy, even though the computing period is longer compared to other algorithms [36]. For simple surfaces, this algorithm is suitable for use on segment point clouds for building classes, which is the main segmentation object of this research. Other advantages of using the RF algorithm include its ability to overcome overfitting problems and that it is less sensitive to outliers [37]. Based on this description, the RF algorithm in ML and PointNet++ in DL have their respective advantages and disadvantages, so they must be tested in different regions/countries, particularly in Indonesia.




3. Materials and Methods


The experiment of this research is divided into two phases. The first experiment was performed to analyze the algorithms’ capabilities using different regions for the training and testing data. The second experiment was conducted if the RF model produced better segmentation. However, if the PointNet++ produced better segmentation, then the analysis continued and the process was stopped. If in the first experiment, RF model I yielded better results, it continued to the second experiment to produce 3 (three) RF models. In the first phase, the first RF model was trained using secondary data with 8 geometric features and no RGB values. In the second phase, the other three RF models were trained using the primary data with different scenarios, namely:




	
RF model II: trained with 8 geometric features (no RGB values) and 5 object classes (object classes of trucks, powerlines, and poles are not provided in the primary data);



	
RF model III: trained with 11 geometric features (with RGB values) and 5 object classes (object classes of trucks, powerlines, and poles are not provided in the primary data);



	
RF model IV: trained with 11 geometric features (with RGB values) and 5 object classes (converted building walls (façades) and fences into new classes).








A flow diagram of the research methodology is illustrated in Figure 1, where RF models II–IV are produced in the second experiment. The following section provides a description of the data, the feature extraction process, which is required before RF model training, the RF and PointNet++ algorithms, and analysis.



3.1. Data


3.1.1. Primary Data


Primary data were acquired using the gAirHawk GS-100C LiDAR system, covering an area of 0.083 km2 in Cimahi City, Indonesia. The LiDAR system produces a triple echo with 240,000 points/sec, and has a position accuracy of <0.056 m and measuring range of 190 m@10% reflectivity [38]. The data were stored as ‘RAW’ point clouds, which were then processed to correct the point clouds using parameters from boresight and arm-level calibration. Subsequently, a strip adjustment procedure was conducted to minimize the gaps between overlapping areas in the point clouds [39]. Then, the resulting point clouds were georeferenced to the ground control point (GCP), which was measured using a global navigation satellite system (GNSS). Coordinate transformation was carried out to transform the point cloud to the projected coordinate system. If the color (RGB value) in the point cloud was not good enough, an adjustment process was carried out using an orthophoto map, which was processed separately. The final step was to perform noise filtering using the statistical outlier removal (SOR) technique, by assuming the distances between a particular point and its neighbors were normally distributed. The points outside the 95% confidence interval were considered to be outliers [40].



The point cloud in this research produced a precision quality of 0.025 m and a density of 742 ppm. This precision value was obtained from RMSE georeferencing using four GCPs. The geometric quality of the point cloud should be obtained using independent control point (ICP). However, due to the limitations of the acquisition process, ICP measurements could not be performed. Therefore, the geometric accuracy of the point cloud could only be determined from the RMSE of the georeferenced results.



The processed point cloud of primary data was labeled manually and divided into three areas: 70% training area, 15% testing area, and 15% validation area. In the first experiment, the testing data were only used to test the PointNet++ model and RF model I. If the result met the condition, then it proceeded to the next phase using all primary datasets: training data, testing data, and validation data.




3.1.2. Secondary Data


The secondary data consist of DALES datasets and the available PointNet++ model in Matlab R2023a. The DALES dataset covers an area of 10 km2, which is divided into 29 training data files and 11 testing data files, with 8 object class categories, namely (1) land, (2) vegetation, (3) cars, (4) trucks, (5) power lines, (6) fences, (7) poles, and (8) buildings [22]. Apart from that, this point cloud does not have RGB values. A total of 8.42% of the secondary data were used to train RF model I. This consideration of spatial area size is based on the research by Zeybek (2021), which only has a small discrepancy with the spatial size of the primary training data, referred to as limited data in this research. Also, in ML, the success of the training does not depend on a greater size, but also includes a limited proportion of noise [41], wheras the secondary data are free from noise [22]. The other secondary data were from the PointNet++ model, which was been acquired from Matlab software. The PointNet++ model itself adopts the algorithm from Qi et al. (2017) and open-source DALES data from Varney et al. (2020) [42]. The model used 29 training data files, representing an area of ±7.5 km2, with 8 object class categories, similar to the original DALES dataset. The testing result produced an OA score of 93.13%, with a 89.82% accuracy score in a buildings class object.





3.2. Data Pre-Processing: Geometric Features Extraction


The data pre-processing procedure (for primary and secondary data) was conducted before the RF models’ training. The difference between ML and DL is at the feature extraction phase. In ML, before developing the model, the features must be handcrafted, which is separate from the learning. Thus, the features of the RF models/algorithm must be engineered/extracted first. Meanwhile, in DL, feature learning and model development are performed simultaneously [26].



RGB values and intensity features are the original features that can be directly obtained from the resulting point cloud. Other geometric features that are commonly used to study features in point cloud data are linearity, changes in curvature, planarity, anisotropy, and omnivariance [43] However, the omnivariance feature was excluded in this research due to its small value. These geometric features can be obtained through eigenvalues using the Gaussian elimination process to derive the eigenvector. The eigenvalues are directly proportional to the variance along the eigenvector of the covariance matrix (principal component) [44]. Therefore, these eigenvalues and eigenvectors can further explain how much the variable influences the data. This information cannot be obtained from the covariance matrix. The covariance matrix is only able to explain positive and negative relationships between variables. The order of the eigenvalue (λ1 > λ2 > λn) can be used to obtain eigenvectors as geometric features with the equations described by Blomley et al. (2014) [43].



Additionally, Zeybek (2021) added a geometric feature of height to the above ground level (AGL) [24] so that the segmentation results reach a satisfactory score of 96% OA. This height feature of AGL is widely applied as a building component segmentation parameter in point cloud data in semi-automatic techniques [45,46]. Therefore, it is sufficiently significant to be considered as a geometric feature. This research performed height feature extraction to AGL by calculating the closest distance of each point in point clouds to the digital terrain model (DTM). The DTM was obtained from a ground class that was classified using the cloth simulation filter (CSF) algorithm. The CSF algorithm is appropriate for classification on flat surfaces [47]. The CSF processing on point clouds used CloudCompare v2.12 beta [64-bit]. The AGL height was calculated using the point2trimesh() function developed by Daniel Frisch (2023) in Matlab R2023a [48] (Supplementary Materials).




3.3. Algorithms


The main algorithms used in this research were PointNet++ and random forest (RF). The operating procedures of these algorithms are as follows:



3.3.1. Random Forest (RF) Algorithm


This algorithm is a development of the ensemble tree (ET) algorithm, which uses the concept of resembling a decision tree obtained from the ensemble method, where the RF algorithm will produce many decision trees [49]. The RF algorithm uses a bagging method, which is also known as bootstrap aggregating [50]. The bagging method is an aggregation of several versions of the predicted model. Each model is trained individually and then combined using an aggregation process (averaging the results of each decision tree or taking majority voting). The main focus of bagging is to achieve less variance. In the bagging method, sample data are searched randomly from the original data for each decision tree, which is called a bootstrap sample. In each bootstrap sample dataset, there are repeated data obtained from the sampling technique with replacement. This technique helps to reduce the variance value in a set of bootstrap sample data. Each of these bootstrap samples are used for training in one decision tree. In this research, the selected parameter of the RF algorithm was performed using hyperparameter techniques to address the overfitting problem [41,51]. The parameter of the RF algorithm was the number of trees in the forest and the type of splitting data function. The numbers of trees that could be selected were 100, 200, and 300. Also, the selected splitting data function was ‘Gini’ or ‘Entropy’. The rest were default. RF processing was conducted using Python with scikit-learn as adding tools [52].




3.3.2. PointNet++ Algorithm


In general, the PointNet++ algorithm is used on point clouds by partitioning a set of points into overlapping local regions with a radius in a space-like metric [13]. Similar to the convolution neural network (CNN) algorithm, local sets of point clouds can have their local features extracted to capture geometric structures based on the local environment, which are then grouped into larger units and processed to obtain features at a higher level. This process is repeated until the features of the entire point set are obtained. The PointNet++ algorithm must be able to complete two main tasks: (1) generating partitions from a collection of point clouds and (2) abstracting the collection of points or learning local features. These two procedures are correlated because partitioning a common set of points must produce a common structure across all partitions so that they become participants in convolution, such as convolution in the CNN algorithm.





3.4. Analysis


In this step, the accuracy scores of the segmented point cloud were measured. Segmentation of point cloud was performed manually, represented as a reference point cloud. The segmented point cloud retrieved from the trained model was compared to the reference point cloud. The comparison was conducted using a confusion matrix that was built to obtain OA, recall, precision, and F1 scores as a basis for analyzing the success of each model [53]. To be able to calculate OA, recall, precision, and F1 values, a confusion matrix was required to obtain true positive (TP), true negative (TN), false positive (FP), and false negative (FN) values between the segmented point cloud and the reference point cloud. The OA value signifies the number of correct predictions out of all types of predictions composed by the model. The recall value indicates the proportion of data in the actual class (in the reference) that were correctly predicted by the model. The precision value illustrates the number of predictions that were correctly predicted in a particular class (in the reference). And the F1 score indicates the balance between precision and recall, where higher F1 scores result in more balanced recall and precision values.





4. Result


The results are divided into two sections.



4.1. First Experiment


The available PointNet++ model was used to segment the primary testing data. The visualization of the segmentation results by the PointNet++ model is shown in Figure 2. Figure 2a depicts the manually labeled primary data, whereas Figure 2b shows the segmentation results using the PointNet++ model on primary data. The visualization of the segmentation results by the RF model is shown in Figure 3. Figure 3a depicts the manually labeled primary data, whereas Figure 3b shows the segmentation results using the RF model on primary data. The point cloud, which should be segmented into building classes, produced vegetation classes instead. The OA value, precision, recall, and F1 scores of segmented point cloud were 15.7%, 5.6%, 17.3%, and 8.12%, respectively. In contrast, semantic segmentation on primary data using RF model I, which was trained with secondary data, was able to produce OA value, precision, recall, and F1 scores of segmented point clouds of 73.01%, 23.89%, 23.66%, and 23.09%, respectively (Table 2). The building class itself produced precision, recall, and F1 scores of 86.28%, 73.93%, and 79.63% (Table 2), respectively. The results of the first experiment meet the passing conditions, and so the experiment continued to the next phase. The optimal parameter of RF algorithm was 300 trees, with ‘Entropy’ as the splitting data function.



Figure 4 shows the significance of geometric features on the construction of RF model I, namely the height to AGL (delta_z), normal vector to the X (normal_x), Y (normal_y), and Z (normal_z) axes, anisotropy (anisotropy), linearity (linearity), planarity (planarity), and change in curvature (c_curvature). The significant influence of geometric feature in RF model I was geometric height features on AGL (deltaz). Geometric features of RGB values are not used here because the secondary data do not have RGB values.




4.2. Second Experiment


The purpose of the second experiment was to analyze the performance of the RF algorithms. RF model II was trained with primary training data using the same geometric feature extraction as the previous experiment. The best-selected parameter number of trees was 100 and the splitting data function was ‘Gini’. Segmentation of the testing data and validation data yielded OA < 86%, precision < 48%, recall < 48%, and F1 score < 48%. The precision, recall, and F1 scores are smaller than the OA value because there are imbalance classes where car object classes are not segmented into car classes, but instead into building classes. Apart from that, the fence object class is present in the training data, but not in the testing and validation data. The segmentation results for the building class show relatively high precision, recall, and F1 scores of <90%. Appropriately, this accuracy value was increased compared to RF model I, trained by secondary data. Table 2 shows the OA, precision, recall, and F1 score values. A visualization of the semantic segmentation results of the RF 2 model is depicted in Figure 5.



The RGB values are present in the primary data, but not in the secondary data. The next experiment involved the RGB values as the features in training RF model III. The results are tabulated in Table 3, and a visualization of the segmentation results of RF model III is depicted in Figure 6.



Table 3 indicates that there is a significant increase in the OA, precision, recall, and F1 scores compared to RF model II. Geometric features in the form of RGB values improve the performance of the RF model. Even though the OA value is <94%, which is 2% lower than the previous research conducted by Zeybek (2021), the segmentation accuracy in the building class exceeds the previous RF model. The effect of decreasing OA is due to the addition of object class in the form of cars, where the geometric features are similar to the building class. Apart from that, the significance of geometric features in the form of RGB values also has a significant influence in the construction of the RF model, where the ‘Blue’ value provides greater significance than the ‘Red’ and ‘Green’ values. The influence diagram of geometric features is shown in Figure 7.



Another experiment was conducted by modifying the object into classes. Hypothetically, in the building class, the exterior wall of the building has different features compared to the roof, but the exterior wall has similar features to fences. Therefore, the object classes of ‘fences’ and ‘exterior wall’ became one class, as ‘exterior wall’. The next experiment was producing RF model IV with modified object classes. The accuracy values are shown in Table 4, and a visualization of the segmentation results of RF model IV is shown in Figure 8.



In Table 5, the OA value of RF model IV decreases by 1% when compared to RF model III, but the precision and recall values increase significantly. The geometric feature of a vector normal to the Z axis increases compared to RF model III. Furthermore, the ‘Blue’ geometric feature is not as large as in RF model III. A diagrammatic visualization of the significance of geometric features on RF model IV is shown in Figure 9.





5. Discussion


In the first experiment, RF model I performed better than PointNet++ (Figure 2 and Figure 3), as the spatial size of the training was similar for both models. In the second experiment (RF model II), the spatial size used for the training in the RF model was smaller than in the previous experiment (RF model I). The OA score improved by ±13% as the training spatial size was reduced significantly. When compared to the other experiment, the spatial size of the training area was the smallest, but the OA score was not ranked the lowest (Figure 10). Even though RF model II was greatly improved, the OA score was not as satisfying as in Zeybek (2021). This shows that the RF algorithm is not substantially affected by the spatial area size of the training data.



However, the optimization parameter for RF model I and RF model II is different. In the first experiment (RF model I), the number of trees was 300, while for RF model II, it was 100. According to Zeybek (2021), the optimum number of trees for a small dataset is 50, and for larger datasets, it is >500 [24]. Different splitting data functions were used: RF model I used ‘Entropy’, and RF models II, III, and IV used ‘Gini’, based on the result of hyperparameter analysis. The differences were probably caused by different numbers of datasets.



Moreover, there is a massive discrepancy between the OA score that resulted from PointNet++ model from the first experiment and the OA score obtained by Kada and Kuramin (2021), even though the regions in the training and testing area are similar [28]. The differences in characteristic features between training data (secondary data) and testing data (primary data) were probably due the implementations in different regions. The standard deviation of the features from datasets implies variance. The highest variance of all the feature in the primary and secondary datasets was height from AGL. RF model I was most significantly influenced by height from AGL (Figure 4). The variation of features can be seen in variance values (Figure 11). Even though the variance of height from AGL in the secondary data was higher than in the primary dataset, RF model I, trained on the secondary dataset, had a higher performance than the PoinNet++ model. This indicates that the PointNet++ algorithm failed to capture the height from AGL feature, even though height is the most significant feature in the RF model. PointNet++ aggregates local features to the largest activation, hindering regional information from being fully utilized [54]. Also, the height from AGL is difficult to identify in the PointNet++ model because the height system refers to the geoid.



However, with delicate observation of the feature of the building object class (Figure 12), the variance of the features seems different (except for the feature of height from AGL). The variance of change of curvature in the primary dataset was higher than in the secondary dataset. Also, the variance of the vector normal z in the primary dataset was slightly higher than that in the secondary dataset, showing that the roof slope in primary dataset has more variety. Furthermore, the variance of change of curvature in the secondary dataset was significantly higher than the secondary dataset, showing that the roof curvature had more variety. These results indicate that the roof characteristics in the primary dataset were different from those of the secondary dataset. This is consistent with the possibility that different physical characteristics are associated with national income [23]. The different region related to the different characteristics between training data and testing data in PointNet++ model in the first experiment resulted in a huge gap with the OA score in the experiment by Kada and Kuramin (2021) [28]. Based on the explanation, the RF algorithm has higher performance than PointNet++ associated with the different characteristics of training and testing data.



Furthermore, the OA score in RF model III improved significantly where the RGB values were used as features in the training process. These features are similar to the experiment conducted by Zeybek (2021), which produced a similar OA score (testing and validation) in RF model III. These experiments are in tune with the statement that RGB values can significantly improve the accuracy of semantic segmentation in urban-scale scenarios [27]. Furthermore, the type of the data is different, where the primary data were from UAV LiDAR, and Zeybek (2021) used UAV images; the OA scores were not different. This indicates that the RF algorithm is also flexible to different types of data and is significantly influenced by features.



The last experiment indicated that modifying the object classes has a substantial impact on the semantic segmentation purpose. Even though the OA score in RF model IV decreased by ±2%, the accuracies (OA, precision, and F1 scores) of the roof object class (part of the building) remained the same at a ±96% OA score. The advantage is that the segmentation result can facilitate the construction of building models with LOD3, where the exterior wall object can be identified. Also, the accuracy of the exterior wall object class is around 90% (Table 4). Moreover, the significance feature in RF model IV changed from RF model III, where the vector normal z was ranked second. In the previous RF model, the significance feature of vector normal z was placed third after the ‘Blue’ value feature. This can be an advantage when RGB values are not provided in the data.



Even though this research provides a new insight into RF algorithms’ performance in semantic segmentation with small training datasets, especially in building-class objects, it also has many shortcomings. The segmented result from RF still consists of scattered noise in a class (Figure 3, Figure 5, Figure 6 and Figure 8), resulting from algorithm weakness [16], unlike the PointNet++ algorithm, which uses an autoencoder (AE) solution in DL [55]. The components of AE are encoder, decoder, and bottleneck. The adopted AE in PointNet++ consists of 3D convolutional layers, which influence the segmentation success in order to code 3D blocks. However, this is beyond the scope of this research. The convolutional 3D blocks in this research only use the default, which is 50 × 50 m in horizontal size and maximum vertical size inside the horizontal size. In PointNet++, the 3D convolutional layers are called abstraction techniques so that the structural transformation can be studied locally and globally [16,21]. Since the development of convolutional layers in the abstraction techniques in PointNet++ was not studied and developed in this research, the learning process of the PointNet++ algorithm was optimal for learning important features. Consequently, it was not optimally applied to training data and test data with different characteristics. Also, this research does not use the number of trees recommended by Zeybek (2021) related to the amount of dataset in developing the RF model. Furthermore, there are still a lot of DL algorithms that can be used and explored other than PointNet++.




6. Conclusions


The purpose of this research is to address the limited data in developing countries to accelerate the 3D modeling process using the automation technique. The main focus of this research is to analyze the possible algorithms of the opensource 3D data as training data or by using the small amount of training data to develop the automatic model. The main algorithms used in this research were PointNet++ (DL approach) and RF (ML approach).



Previous results show that the RF model outperforms the PointNet++ model in semantic segmentation where the training and testing locations are in different regions. It turns out that the features between primary (testing data) and secondary (training data) data have different building object features in height from AGL, change in curvature, and vector of normal z. Meanwhile, the size of convolutional 3D blocks in abstraction techniques uses the default, which has not been changed in this research. The convolutional 3D blocks are important in studying the local and global features in DL even though local feature learning by PointNet++ still aggregates local features simply to the largest activation.



Furthermore, the RF model is unaffected by the amount of training data but significantly related to the features. Semantic segmentation on primary testing data using an RF model trained with secondary data resulted in an OA of 73.01%, whereas the features between primary and secondary data were different. However, when the training data was replaced with similar features of the testing data, even though the amount of training data was limited, the RF algorithm still performed well in producing semantic segmentation.



Also, the performance of the RF algorithm can be increased significantly when object class categorization considers the similarity of geometric features. For example, in this research, the exterior wall and fences were categorized into one class. This can assist in developing more detailed 3D building models. However, the segmented point cloud by RF model still contained scattering noise in object class. Therefore, for further research, it is suggested to include the automation filtering of the segmented point cloud from the RF algorithm. Additionally, further research should discuss more about the size of convolutional 3D blocks in PointNet++.








Supplementary Materials


The following supporting information: (1) point2trimesh() function by Daniel Frisch (2023) can be downloaded at: https://www.mathworks.com/matlabcentral/fileexchange/52882-point2trimesh-distance-between-point-and-triangulated-surface (accessed on 20 November 2023); (2) Extension tools of random forest algorithms by scikit-learn can be downloaded at: https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html (accessed on 20 November 2023); (3) PointNet++ documentation can be downloaded at: Aerial Lidar Semantic Segmentation Using PointNet++ Deep Learning—MATLAB & Simulink (https://www.mathworks.com/help/lidar/ug/aerial-lidar-segmentation-using-pointnet-network.html (accessed on 20 November 2023)).
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Figure 1. Flow diagram of research methodology. 
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Figure 2. Primary testing data (Cimahi City, Indonesia): (a) manual labeling; (b) semantic segmentation results of the PointNet++ model. 
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Figure 3. Primary testing data (Cimahi City, Indonesia): (a) manual labeling; (b) semantic segmentation of RF model retrieved from trained secondary data. 
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Figure 4. Significance of geometric features in RF model I. 
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Figure 5. Segmentation results of RF model II: (a) primary testing data; (b) primary validation data. 
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Figure 6. Segmentation results of RF model III: (a) primary testing data; (b) primary validation data. 
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Figure 7. Significance of geometric features of RF model III. 
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Figure 8. Segmentation results of RF model IV: (a) primary testing data; (b) primary validation data. 
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Figure 9. Significance of geometric features of RF model IV. 
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Figure 10. Spatial size of training area (km2) and OA score of experiments [24,28]. 
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Figure 11. Standard deviation of features of all dataset. 
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Figure 12. Standard deviation of features on building class object. 
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Table 1. Information of dataset type, spatial area size, and segmentation quality based on several literatures.
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	Authors (Year)
	Dataset
	Dataset Source
	Algorithms
	Spatial Area Size (km2)
	Same Region
	Segmentation Quality





	Zeybek (2021) [24]
	Artvin Coruh University Seyitler Campus
	Aerial Images
	RF
	0.873
	YES
	OA = 96%



	Kada and Kuramin (2021) [28]
	inner-city area of Leipzig, Germany
	LiDAR
	PointNet++
	10
	YES
	OA = 93%



	Pan et al. (2020) [29]
	Whitchurch-Stouffville, Ontario, Canada
	LiDAR
	Convolutional Neural Network (CNN)
	12.5
	YES
	OA = 94.9%



	Hu et al. (2021) [27]
	Birmingham
	Aerial Images
	KPConv
	1.2
	YES *
	OA = 91.44%



	Grilli et al. (2023) [30]
	Hessigheim 3D dataset
	LiDAR
	KENN (Knowledge Enhanced Neural Networks)
	0.19
	YES
	OA = 73.26%







* The experiments were conducted in two cases: same region and different region.













 





Table 2. OA, precision, recall, and F1 score of PointNet++ and RF models trained by secondary data.
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	Information
	PointNet++ Model
	RF Model





	OA accuracy
	15.7%
	73.01%



	precision
	5.6%
	23.89%



	recall
	17.3%
	23.66%



	F1
	8.12%
	23.09%










 





Table 3. OA, precision, recall, and F1 score of RF model II.
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Information

	
General Model/Class

	
(1)

Ground

	
(2)

Vegetation

	
(3)

Cars

	
(4)

Fences

	
(5)

Building






	
Training Data




	
time (s)

	
1902.91897

	
-

	
-

	
-

	
-

	
-




	
training accuracy

	
99.99%

	
-

	
-

	
-

	
-

	
-




	
Testing Data




	
testing accuracy

	
87.70%

	
-

	
-

	
-

	
-

	
-




	
precision

	
62.49%

	
89.54%

	
69.17%

	
0.00%

	
0.00%

	
91.27%




	
recall

	
62.20%

	
94.98%

	
61.60%

	
0.00%

	
0.00%

	
92.23%




	
F1

	
62.27%

	
92.18%

	
65.17%

	
0.00%

	
0.00%

	
91.75%




	
Validating Data




	
validation accuracy

	
86.70%

	
-

	
-

	
-

	
-

	
-




	
precision

	
48.75%

	
89.60%

	
62.88%

	
0.00%

	
0.00%

	
91.25%




	
recall

	
48.89%

	
93.45%

	
60.15%

	
0.00%

	
0.00%

	
90.87%




	
F1

	
48.81%

	
91.49%

	
61.48%

	
0.00%

	
0.00%

	
91.06%











 





Table 4. OA, precision, recall, and F1 score of RF model III.






Table 4. OA, precision, recall, and F1 score of RF model III.





	
Information

	
General Model/Class

	
(1)

Ground

	
(2)

Vegetation

	
(3)

Cars

	
(4)

Fences

	
(5)

Building






	
Training Data




	
time (s)

	
2129.04761

	
-

	
-

	
-

	
-

	
-




	
training accuracy

	
99.99%

	
-

	
-

	
-

	
-

	
-




	
Testing Data




	
testing accuracy

	
95.29%

	
-

	
-

	
-

	
-

	
-




	
precision

	
69.92%

	
90.61%

	
91.24%

	
0.00%

	
0.00%

	
97.83%




	
recall

	
70.14%

	
95.61%

	
87.70%

	
0.00%

	
0.00%

	
97.27%




	
F1

	
70.01%

	
93.04%

	
89.43%

	
0.00%

	
0.00%

	
97.55%




	
Validating Data




	
validation accuracy

	
94.21%

	
-

	
-

	
-

	
-

	
-




	
precision

	
55.49%

	
90.56%

	
86.52%

	
2.83%

	
0.00%

	
97.52%




	
recall

	
55.30%

	
93.83%

	
84.49%

	
1.31%

	
0.00%

	
96.84%




	
F1

	
55.33%

	
92.17%

	
85.50%

	
1.79%

	
0.00%

	
97.17%











 





Table 5. OA, precision, recall, and F1 score of RF model IV.
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Information

	
General Model/Class

	
(1)

Ground

	
(2)

Vegetation

	
(3)

Cars

	
(4)

Buildings

	
(5)

Exterior Wall






	
Training Data




	
time (s)

	
2870.27848

	
-

	
-

	
-

	
-

	
-




	
training accuracy

	
99.99%

	
-

	
-

	
-

	
-

	
-




	
Testing Data




	
testing accuracy

	
94.85%

	
-

	
-

	
-

	
-

	
-




	
precision

	
74.34%

	
90.35%

	
90.74%

	
0.00%

	
97.62%

	
93.01%




	
recall

	
94.85%

	
95.70%

	
87.44%

	
0.00%

	
96.99%

	
90.74%




	
F1

	
94.85%

	
92.95%

	
89.06%

	
0.00%

	
97.30%

	
91.86%




	
Validating Data




	
validation accuracy

	
93.73%

	
-

	
-

	
-

	
-

	
-




	
precision

	
73.53%

	
90.18%

	
86.12%

	
2.05%

	
97.12%

	
92.15%




	
recall

	
72.74%

	
94.01%

	
84.36%

	
0.88%

	
96.41%

	
88.05%




	
F1

	
73.07%

	
92.06%

	
85.23%

	
1.23%

	
96.76%

	
90.05%
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