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Abstract

:

Airborne LiDAR is a popular measurement technology in recent years. Its feature is that it can quickly acquire high precision and high density 3D point coordinates on the surface. The reflective waveform of the radar contains the geometric structure and roughness of the surface reflector. Combined with the information from aerial photographs, it can quickly help users to interpret various surface object types and serve as a basis for land cover classification. The experiment is divided into three phases. In the phase 1, LiDAR data and decision tree classification method (DT) were used to classify the land cover and customize the geometric parameter elevation. In the phase 2, we combined aerial photographs, LiDAR data and DT method to improve the accuracy of land cover classification. In the phase 3, the support vector machine classification method (SVM) was used to compare the classification accuracy of different classification methods. The results show that customizing the geometric parameter elevation can improve the overall classification accuracy. The results of the study showed that the DT method and the SVM method had better results for the grass, building and artificial ground, and the SVM method had better results for the planted shrub and bare ground.
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1. Introduction


By extracting the characteristic parameters implied by the reflection waveform of Light Detection and Ranging (LiDAR) point cloud data as the basis for land cover classification, the distribution and type of buildings and vegetation on the ground surface can be understood. It can be used for disaster prevention during normal times and can effectively and quickly detect changes in surface objects and assist in disaster rescue when disasters occur. With the continuous improvement of LiDAR technology, its point cloud data can be used to interpret and classify the results, which can be combined with engineering and production management. Engineering inspection and land dispute handling can improve the efficiency of personnel work and also reduce the occurrence of hazardous factors.



This study is mainly based on the analysis of LiDAR data and aerial photographs by extracting their spectral and geometric features as object-oriented classification parameters and classifying parameters based on feature combinations and self-defined elevations. The classification of land cover objects is completed with decision tree classification methods (DT) and support vector machine classification methods (SVM). The classification results of each feature combination are compared and validated. The research workflow is shown in Figure 1.



The purpose of this study is to perform land cover classification using airborne LiDAR data and aerial photographs. By extracting the geometric characteristic parameters of the airborne LiDAR data and the spectral characteristic parameters of the aerial photographs, object-oriented classification software is used to analyze and classify the land cover characteristics. The land cover in the study area is divided into six categories: artificial ground, buildings, bare ground, grassland, trees, and planted shrubs. The research is divided into three stages. The first stage is to use the height difference, dispersion, and wavelength extracted from the LiDAR data to classify land features and then to distinguish the parameters from the height difference to perform the DT classification and accuracy evaluation. In the second stage, in addition to using LiDAR data, aerial photographs are added to the DT classification and accuracy evaluation to improve the classification accuracy. In the third stage, the SVM classification method is used for classification to compare the classification results of different classification methods.



The related work is discussed below. The data collection and methods are explained in Section 2. Then, Section 3 demonstrates the experimental results and discussion. Finally, Section 4 presents the conclusions and suggestions of this paper.



The airborne LiDAR system has the advantages of high precision, high resolution, high automation, and high efficiency. It has become the mainstream trend of large-scale three-dimensional surface data surveying and mapping. Its multiple reflection echo characteristics can simultaneously obtain accurate three-dimensional coordinates of the ground and its covering (vegetation and buildings) [1,2]. The airborne LiDAR system mainly includes a Position and Orientation System (POS), laser scanner, and system controller. It can be applied to high-precision Digital Terrain Model (DTM) [3], Digital Surface Model (DSM) measurement [4], forest resource survey [5], power line detection [6], 3D city modeling [7], and other purposes.



Aerial photogrammetry technology has a fairly developed ability to detect land cover, and it is a remote sensing measurement method. The measurer does not need to touch the object to be measured in person and can measure or sense the object to be measured from the air only by using the detection tool (such as cameras and laser scanners), which breaks through the limitation of ground investigation and measurement by human power in the past. It can also obtain the shape, position, and characteristics of various objects in the three-dimensional space, which meets visual needs. The scope of application includes land cover classification [8], forest monitoring [9,10], plant growth analysis [11], and land disaster assessment [12].



Remote sensing is a technique for measuring and analyzing target acquisition data through indirect contact. It mainly detects and measures the properties of objects (such as state, area, and characteristics) through the conduction of electromagnetic waves. Through electromagnetic wave observation, different reflection characteristics of objects are used to identify and analyze the targets and phenomena on the surface. For the detection results of different wavelengths, soil, plants, and water have different reflection values. These characteristics can be used to carry out various scientific and land cover classification research [13].



Remote sensing images are mainly divided into panchromatic images, multispectral images, and hyperspectral images. In the remote sensing analysis process, spectral sensors play a key role in image understanding and feature visualization. The image obtained by the sensor can be used for artificial photointerpretation and computer quantitative analysis. The reason why human eyes can perceive the color changes around them is that after the sunlight irradiates objects, the light is reflected to the human eyes through the surface of the objects, so the eyes can perceive different colors. Sunlight is composed of different electromagnetic waves, and the wavelength of visible light that can be seen by the human eye is about 0.4–0.7 µm. In addition to visible light, there are still many electromagnetic waves of different wavelengths in sunlight, such as γ-rays, χ-rays, and ultraviolet rays with shorter wavelengths, infrared rays, thermal infrared rays, and radio waves with longer wavelengths. Therefore, various scientific research can be carried out by analyzing the electromagnetic spectrum reflected by surface objects.



The Normalized Difference Vegetation Index (NDVI) is the most commonly used index for green plant exploration [14]. As green plants grow more vigorously, chlorophyll absorbs more red light and reflects near-infrared light more strongly. Using the principle that the difference between the two is greater, it is composed of the ratio of the subtraction and addition of the two bands. NDVI is a ratio without units, and its value ranges from −1.0 to 1.0. The larger the value, the more lush the green vegetation growth. The expression formula is as follows:


  NDVI =   N I R − R e d   N I R + R e d    



(1)








2. Data Collection and Methods


2.1. Research Area


The research area of this paper is located in some mountainous areas of Taiping District, Taichung City, Taiwan. The size of the area is 400 × 400 m, and the average altitude of the study area is about 600 m. The types of land cover within the scope include houses, dormitories, various types of trees, roads, rivers, grasslands, bare land, and concrete open spaces. Among them, the height of the buildings is mostly less than two floors, and the trees can be mainly divided into large trees (banyan, longan, and litchi) and small shrubs (carambola).




2.2. Data Collection and Processing


2.2.1. Airborne LiDAR


It is stated in [15] that the traditional pulsed multiple-echo LiDAR and full-waveform LiDAR data are used to study the performance of classification results, and a considerable number of parameters extracted from waveforms are compared. Using full-waveform LiDAR data can help improve the accuracy of land cover classification compared to pulsed multiple-echo LiDAR.



In this study, the LiDAR data was scanned using the Riegl LMS-Q680i airborne LiDAR instrument to scan some mountainous areas in Taiping District, Taichung City, Taiwan, with an average flight altitude of 1200 m.



LMS-Q680i is a full-waveform airborne LiDAR system manufactured by Austrian manufacturer Riegl. It has the functions of Multiple-Time-Around (MTA) and digital full-waveform analysis. It has good linear scanning, scanning speed of 266,000 points/second in point arrangement mode, 10–200 scanning lines/second, full-waveform technology, and accuracy up to 20 mm. The system is mainly composed of three parts: positioning and orientation system, laser scanner, and controller. Among them, the orientation system obtains three-dimensional coordinates by direct geometric alignment technology and integrated satellite positioning system technology. Together with the three-axis deflection angle and acceleration information measured by the precision inertial attitude instrument, it directly provides the precise track positioning function during the flight.



Riegl uses the SDF format to store waveform information, which is not a public format. Riegl has also customized a binary file format for recording processed waveform information and parameters, and the file format records LiDAR information. These include time, range, angle, three-dimensional coordinates (X, Y, Z), amplitude, wave width, return number, total number of returns, and class. The three-dimensional coordinates, amplitude, and wave width values used in this study are LiDAR parameters converted by Riegl’s original program. The main converted formats are LAS1.2 format [16] and ASCII files.



The LiDAR parameters mainly used in this study include parameter values such as the wave width value. Matlab, C#, and other programming languages were used to extract point cloud coordinates (X, Y, Z), elevation difference, dispersion, and wave width from ASCII files, and the parameters were loaded into the classification software for operation.



	1.

	
Elevation Difference (dz)







Elevation difference is a parameter representing terrain roughness, and its difference is DSM minus DTM. If the topographic elevation fluctuation of the research area is not large, the influence of topography may not be considered. If the research area is located in a place with large terrain fluctuations, the vertical height difference to the terrain surface must be used.



	2.

	
Dispersion (sigma)







Dispersion is a parameter that can represent the discreteness of the terrain. It is set by the program to search for pixels that can be found within a certain spherical radius   V =  4 3  π  r 3   . The difference in three-dimensional coordinates between the pixels was calculated to obtain the value of the degree of dispersion.



	3.

	
Wave width (width)







Wave width mainly depends on which mathematical function or waveform detection method is used. Since the pulse signals emitted by most LiDAR instruments are close to Gaussian distribution, it is assumed that the echo waveform is also close to Gaussian distribution [17]. The Gaussian function is widely used as the waveform detection function in the waveform analysis research of full-waveform LiDAR [18,19]. The waveform width value can be obtained after Gaussian function fitting, and the Full Width Half Maximum (FWHM) of the waveform is the waveform width value. The wavelength value used in this study is the LiDAR parameter converted by Riegl RiAnalyze’s original program.



A C# program was written to extract the parameter values from the ASCII file of the LiDAR data, and then it was loaded into the image processing software for calculation. The research parameter LAS file can be obtained and loaded into the eCognition software for operation, and the image results of elevation difference, dispersion, and wave width can be obtained, respectively. As shown in Figure 2. The closer the parameter image is to the white block image, the higher the value, and vice versa; the closer to the black block image, the lower the value.



LiDAR data is point data in three-dimensional space. In order to understand the influence of elevation parameters on classification accuracy, this research will use the elevation difference of different objects according to the height characteristics of objects to be used as classification parameters. According to the actual observation of the objects in the study area, those with an elevation below 0.5 m are mainly artificial ground, bare land, and grassland, and those with an elevation above 0.5 m are mainly buildings, trees, and planted shrubs. In order to effectively separate the elevations of various types of objects to achieve the goal of the best classification, this research uses the above-mentioned observation data to customize the height value of the parameter. The self-defined elevation is divided into 3 parts, with 0.5 m as the boundary. The first part selects point cloud data of all elevations, as shown in Figure 3a. The second part selects the point cloud data whose elevation is between 0–0.5 m and takes the median as the parameter value, and the point cloud data exceeding 0.5 m will not be calculated, as shown in Figure 3b. In the third part, the point cloud data whose elevation is above 0.5 m is selected, and the median is taken as the parameter value, and the point cloud data below 0.5 m are not calculated, as shown in Figure 3c. The geometric parameters extracted from the LiDAR data are used as classification parameters to improve the results of land cover classification.




2.2.2. Aerial Photographs


The collected aerial survey data can be divided into two categories: visible light images and near-infrared light images. The camera used is Microsoft Vexcel UltraCam-XP, and aerial photography is carried out in some mountainous areas in Taiping District, Taichung City, with an average altitude of 1700 m.



The camera was developed by Vexcel, as shown in Figure 4, a subsidiary of Microsoft that specializes in spatial information. The system uses multi-lens in situ time-lapse exposure technology to achieve true central projection, which can solve the problem of image distortion of large format cameras. In terms of color capture capability, UltraCam-XP has the ability to receive R, G, B, and NIR four-band spectrum, and the color depth can reach 14 bits, which can present more saturated image details.



In this study, the NIR and Red bands in aerial photographs were used to calculate NDVI, Albedo, and SR values (collectively referred to as spectral parameters). The calculation equations are (1), (2), and (3), respectively. The principle is to use the characteristics that the more vigorous the growth of green plants, the more red light absorbed by chlorophyll, the stronger the reflection of infrared light, and the ratio of the two bands of near-infrared light and red light are combined into an indicator. The parameters selected in this study can effectively separate vegetation and non-vegetation features, and then the built-in feature definition function of eCognition software is used to calculate the value of feature parameters. Figure 5 are the images presented by NDVI, Albedo, and SR values, respectively. In the image, the closer to the white block image, the higher the value, and vice versa; the closer to the black block image, the lower the value.


  Albedo =   N I R + R e d  2   



(2)






  SR =   N I R   R e d    



(3)








2.2.3. Image Classification Software


eCognition is an image classification software developed by German company Definiens Imaging, which can provide image users with automatic or semi-automatic image information extraction. It has been widely used in natural resources, environmental surveys, agriculture, forestry, and natural disaster monitoring. The advantage of its software is that, unlike traditional pixel-based classification methods, only image spectral values are used for image segmentation. Instead, the concept of object orientation is used, and the spectral characteristics and spatial characteristics of each pixel are referred to for image classification in the process of segmenting the original image into image objects. Adjacent pixels are merged into image objects one by one according to their homogeneity, the salt-and-pepper effect produced by traditional pixel-based classification methods is reduced, and the classification results are made more accurate.



In this study, the software will be used to classify the land cover of the study area, and the parameters obtained from airborne LiDAR and aerial photographs extraction will be imported into the software. In the selection process of the algorithm, factors such as the use of supervised classification methods in the literature on land cover classification using aerial telemetry images and the completion of the collection of land cover types to be classified in the study area were considered. Therefore, the DT classification method and the SVM classification method in its built-in supervised classification method are used as the classifiers of this study, and the classification results are compared with the ground truth data to verify their accuracy.





2.3. Land Cover Category


When applying remote sensing technology to land classification, the items of land categories are often defined according to the types of land cover or land use. According to different application purposes of users, the required land classification items are adopted. The classification systems that are often used to define the target categories of land feature classification include the United States Geological Survey (USGS) land cover classification system [20], the European Union’s CORINE land cover classification system [21], and the land resource utilization classification table in Taiwan. Items defined in each classification are not necessarily included in each region.



Therefore, this study refers to the above classification table and assigns appropriate classification categories to the land cover within the study area. Additionally, the existing parameters in the study area do not easily distinguish all types of trees. This study only classifies the starfruit trees, which are concentratedly planted by farmers in the study area, as shrubs, and other tree species as trees, and defines six land cover categories, including artificial surfaces, buildings, bare land, grassland, trees, and shrubs, based on the definition principles of the classification table, as shown in Table 1. For example, artificial ground is defined as roads and concrete voids. Figure 6 the area marked by the red range. Considering that the vacant land, industrial roads, and rural roads within the research scope have similar characteristics, they are all classified into one category.




2.4. Selection of Training Area and Ground Truth Data


In this study, the multi-scale segmentation method built into the eCognition software was used for image segmentation processing. The heterogeneity index of each object in the image is calculated according to the image characteristics, and the threshold value of the heterogeneity index of the object is given to complete the goal of image segmentation. The concept of software operation is to first treat each pixel as a block on the basis of pixels, and then block merging is performed. Small blocks are aggregated into large blocks, and each time a small block is added, the heterogeneity index of the entire large block is calculated. If it is less than the threshold of heterogeneity, it is regarded as the same block, and if it exceeds the threshold of heterogeneity, it is regarded as a different block, which can effectively reduce the salt and pepper effect caused by the traditional pixel classification method. The image of the research area segmented in this study is shown in Figure 7.



Six types of ground features, including artificial ground, buildings, bare land, grassland, arbor trees, and planted shrubs, were selected for sampling in the training area. Yellow stands for artificial ground, blue stands for buildings, orange stands for bare land, green stands for grassland, pink stands for arbor trees, and brown stands for planted shrubs. The training samples are shown in Figure 8. Parameter values, such as the properties of different objects in each training area, can be observed through the built-in functions of the software, which can be divided into spectral images and geometric data, as shown in Table 2 and Table 3.



Ground truth data is the result of manual actual exploration and comparison of aerial photographs and LiDAR point cloud data. The land cover area in the study area is divided into six categories: artificial ground, buildings, bare land, grassland, arbor trees, and planted shrubs. Input the classified image as the true value and compile the true value attribute according to the built-in program setting of the image classification software. The image is shown in Figure 9, and the statistics of the number of pixels are shown in Table 4. In this study, due to the inconsistency between the LiDAR scanning data and the aerial photographs, the current conditions of some buildings and vegetation have dropped due to the time difference. In addition, because some private land surveys are not easy and there are scaffoldings on the grass that affect the point cloud elevation and image spectral values, there are still errors in the true value data, which affects the accuracy of the verification results.




2.5. Classification Methods


The image classification logic carried out by the object-oriented classification method is mainly to simulate and reconstruct the analysis and interpretation ability of the human eye. First, the image is segmented into reasonable blocks with different characteristics, and then the image objects are classified according to different index features, such as size, shape, organization, adjacency, and position. Compared with the traditional pixel-based classification method, the object-oriented classification method pays more attention to the topological relationship of space. The results are more accurate and representative when used in land cover classification.



The advantage of using the object-oriented classification method is that the spectral characteristics and spatial characteristics of each pixel are referred to in the process of segmenting the original image into image objects. Adjacent pixels are merged into image objects one by one according to their degree of homogeneity, and the image object is the result of quantizing the spatial characteristics into a homogeneous area, which can represent that the area has the same spatial characteristics. In image classification, in addition to spectral features, the homogeneity index in texture features is added to classify image objects, which can make the classification results more accurate.



Multiresolution Segmentation is an image segmentation method using Bottom-up Segmentation. The principle is to divide and process in the way of block growth, which is to merge smaller image objects, such as pixel data, to generate larger image objects. Alternatively, starting from the seed object, nearby candidate objects that meet the set threshold criteria are selected and combined into the same object target. Unlike traditional segmentation methods, shape factors can be added to help image segmentation, and different segmentation mechanisms can be set according to different image characteristics. In addition, by calculating the heterogeneity index of each object in the image and the threshold value of the heterogeneity index of a given object, the goal of image segmentation is achieved. The initial level is based on pixels, and each pixel is regarded as a block, and then the action of block merging is performed. Small blocks are aggregated into large blocks, and each time a small block is added, the heterogeneity index of the entire large block is calculated. If it is less than the threshold of heterogeneity, it will be regarded as the same block, and if it exceeds the threshold of heterogeneity, it will be regarded as different blocks. The operation process is shown in Figure 10. When the threshold value is the same, images with relatively uniform land cover responses will generate larger blocks after image segmentation, which can effectively reduce the salt and pepper effect problems caused by traditional pixel-based classification methods [22].



In [23], IKONOS satellite image data was used to make a large-scale plant community classification map of the metropolitan area with the help of object-oriented classification method. Their results show that an object-oriented taxonomy can be applied to assess the biodiversity of vegetation in cities.



Two classification methods were used in this study: Decision Tree (DT) and Support Vector Machine (SVM), both of which are supervised classification methods. It does this by taking the training data (consisting of labeled samples of known classes) from a classification model and classifying it against the test data of unknown classes [13].



For example, in [24], using multiple echoes, full-waveform LiDAR, and multispectral image parameter data, the random forests classification method (RF) is used to classify urban objects.



DT is one of the commonly used classification functions in data mining processing technology. It can effectively handle classification prediction problems of categorical or continuous variables and produce clear multi-level classification decisions. The knowledge structure of this model is easy for users to understand, and the prediction accuracy is not worse than other methods [25]. There are several advantages in the field of data mining that make it widely used:




	
The DT model can be represented by graphics or rules, and the intuitive representation makes the result rules of the classification model very efficient and easy to explain, understand, and use. Building a DT does not require the analyst to input any parameters;



	
When the training data set is sufficient, the correctness of the DT is not worse than other classification modes, and it is fast. When dealing with variables, it can also show the relative importance of model variables;



	
The algorithm of the DT is scalable. It can build a DT from a huge training database, and it can handle a large amount of data very well. When the amount of data is large, and many variables are input, the DT can still be constructed.








When building a DT, after a piece of data enters from the root node, the training test is used to select the appropriate node to enter the next layer. Although there are different algorithms for the selection of tests, the purpose is the same regardless of the algorithm. The testing process is repeated until the data reaches the leaf nodes. The construction process of DT usually includes the following three steps: select the DT algorithm, construct a DT from the training data set, and prune DT [25].



SVM classification method originated from the machine learning system constructed using the theory of statistical learning [26]. The main principle is to seek the hyperplane with the largest boundary in the feature space to distinguish different binary categories. SVM can be divided into linear and nonlinear. If the distribution of training samples in the space is nonlinear, nonlinear SVM is adopted; otherwise, linear SVM is adopted. Linear SVM can be further classified as linearly separable or linearly inseparable.



SVM realizes the consistency of the learning process and the principle of structural risk minimization. By comprehensively considering the empirical risk and the credible interval and taking a compromise according to the principle of structural risk minimization, the decision function with the smallest risk is obtained. Its core idea is to map the samples of the input space to the high-dimensional kernel space with nonlinear changes and obtain the optimal linear decision surface with low complexity in the high-dimensional kernel space. The main purpose of classification is to find a hyperplane for a group of data in the feature space and divide this group of data into two groups (Group A and Group B) via the hyperplane. The data belonging to Group A are located on the same side of the hyperplane, while the data of Group B are located on the other side of the hyper-plane. In order to clearly distinguish Groups A and B, the larger the margin between the two groups, the better the separation. Generally, the functions that can be divided linearly have formulas such as (4). When dealing with non-linear data, the linear function cannot be separated, and the attribute transposition must be carried out to transfer the data to a higher-dimensional space or feature space in order to distinguish them. The formulas are as follows (5). Usually, the conversion function is a complex function that is not easy to obtain, so the inner product of the conversion function is used to obtain a simpler function, which is called a kernel function [27,28].



Linear segmentation:


   min =     ‖ w ‖  2   2      y i     w   ∗     x i  + b   ≥ 1 ,    i  = 1 , 2 , ⋯ , N   



(4)







Nonlinear attribute transformation   ∅    x i     :


   min =     ‖ w ‖  2   2      y i     w   ∗    ∅ (  x i  ) + b   ≥ 1 ,    i  = 1 , 2 , ⋯ , N   



(5)







The basic classification principle of SVM is based on binary categories. Therefore, the multi-category classification method can expand from two to multiple categories through one-against-all or one-against-one method. In this study, one-against-all method is used, assuming that there are N categories of samples, and N classifiers will be generated by one-to-many classification; that is, a classifier will be generated between each category and the remaining categories. Finally, the SVM with the largest classification function is used as the category of the sample to be classified. This classification method is also often used in the full-waveform LiDAR land cover classification [29].




2.6. Accuracy Evaluation


In this study, the error matrix is used to evaluate the accuracy of the classification results [30]. Through the matrix, the corresponding relationship between the classification results and the inspection data can be displayed. This study first uses the error matrix to display the results of land cover classification and compares and verifies the results of land cover classification with the manually drawn ground truth data to evaluate the accuracy of the classification results.



Using the error matrix method and ground truth data to verify the quality of the classified data, the User’s Accuracy (UA) of the ground truth data, the object-oriented DT classification method, and the Producer’s Accuracy (PA) generated by the object-oriented SVM classification method are, respectively, used; and Overall Accuracy (OA) is used to further verify the research results.





3. Results and Discussion


3.1. Phase 1 Experiment: Classification with LiDAR Data and DT


Phase 1 experiment: We mainly used the elevation difference, dispersion, and wave width extracted from LiDAR data as characteristic parameters and divided the parameter-defined elevation into three categories. The first type of parameter is to select the entire point cloud range as the feature basis. The second type of parameter is to select the point cloud range below 0.5 m as the feature basis. The third type of parameter is to select the point cloud range above 0.5 m as the feature basis. According to the combination of different characteristics, it is divided into five groups, as shown in Table 5.



3.1.1. Phase 1 Classification Results


Group 1: The parameters of elevation difference, dispersion, and wave width extracted from the airborne LiDAR data were input into the eCognition image classification software, and the DT method was used to classify the land cover. The classification results are shown in Figure 11a. The OA is 59%, and the Kappa value is 38%. Comparing the accuracy of each land cover category, the PA is the highest at 89% for the arbor category and the lowest for the bare land category at 22%; the UA is the highest at 96% for the building category and the lowest at 40% for the bare land category.



Group 2: The parameters of elevation difference, dispersion, and wave width were extracted from the airborne LiDAR data, and the parameter elevation was customized with 0.5 m as the dividing line. The eCognition image classification software was input, respectively, and the DT method was used to classify the land cover. The classification results are shown in Figure 11b. The OA is 59%, and the Kappa value is 32%. Comparing the accuracy of each land cover category, the PA is the highest at 83% for planting shrubs and the lowest at 21% for grasslands. The UA is highest at 82% for buildings and the lowest at 31% for grasslands.



Group 3: The parameters of elevation difference, dispersion, and wave width were extracted from the airborne LiDAR data, the parameters were customized with the elevation of 2.5 m as the dividing line, they were input into the eCognition image classification software, and the DT method was used to classify land cover. The classification results are shown in Figure 11c. The OA is 65%, and the Kappa value is 45%. Comparing the accuracy of each land cover category, the PA is the highest at 92% for the arbor type and the lowest for the grassland type at 33%; the UA is the highest for the planted shrub type at 81% and the lowest for the bare land type at 30%.



Group 4: The original values of the parameter’s elevation difference, dispersion, and wave width were extracted from the airborne LiDAR data, and the parameters of the self-defined elevation with 0.5 m were customized as the dividing line. The eCognition image classification software was input, respectively, and the DT method was used for land cover classification. The classification results are shown in Figure 11d. The OA is 63%, and the Kappa value is 43%. Comparing the accuracy of each land cover category, the PA was the highest at 92% for planting shrubs and the lowest at 26% for grassland. The UA is the highest at 97% for planted shrubs and the lowest at 38% for bare land.



Group 5: The original values of the parameter’s elevation difference, dispersion, and wave width were extracted from the airborne LiDAR data, and the parameters of the self-defined elevation with 2.5 m were customized as the dividing line. The eCognition image classification software was input, respectively, and the DT method was used for land cover classification. The classification results are shown in Figure 11e. The OA is 82%, and the Kappa value is 67%. Comparing the accuracy of each land cover category, the PA was the highest at 92% for planted shrubs and the lowest for bare land at 31%. The UA is highest at 92% for trees and 37% for bare land.




3.1.2. Phase 1 Discussion


The group parameter results of Phase 1 experiment are shown in Table 6. The classification results of Groups 1 to 3 are compared. The parameters of Group 1 using LiDAR data (all point cloud range) and Group 2 using LiDAR data (point cloud range below 0.5 m) have an OA of 59%, with no significant difference. However, the third group uses the parameters of LiDAR data (point cloud range above 0.5 m), and its OA increased to 65%. Among them, the accuracy of trees and grasslands is more obvious, and the other categories are less obvious. In summary, using the parameters of LiDAR data (point cloud range above 0.5 m) can effectively improve the accuracy of classification results.



Comparing the classification results of Groups 4 and 5, Group 4 also uses the parameters of LiDAR data (the entire point cloud range and the point cloud range below 0.5 m), and the OA is 63%. However, the fifth group used the parameters of LiDAR data (all point cloud range and point cloud range above 0.5 m), and its OA increased to 82%. It can be seen that using the entire point cloud range and the LiDAR data parameters of the point cloud range above 0.5 m can effectively improve the performance of the OA.



The classification results of Groups 1 to 5 are compared. The PA and UA of the 3 types of trees, buildings, and planted shrubs are in the range of 43% to 97%. The PA and UA of artificial ground, grassland, and bare ground are in the range of 20% to 72%. It is judged that the reason is that the characteristics of the three types of trees, such as trees, are quite different in terms of spectrum, elevation difference, dispersion, and wave width. Compared with the artificial ground and the other three types, the difference in characteristics is less obvious, so it is easy to misjudge the classification, resulting in poor classification results.





3.2. Phase 2 Experiment: Classification with LiDAR Data, Aerial Photographs, and DT


Phase 2 Experiment: Spectral parameters extracted from aerial photographs, such as NDVI, Albedo, SR, and geometric parameters with better classification results of LiDAR data in the first stage experiment are mainly used, and they are imported into image classification software for land cover classification research. The land cover is divided into six categories: artificial ground, buildings, bare land, grassland, trees, and shrubs. According to different characteristics, they are combined and divided into five groups, as shown in Table 7.



3.2.1. Phase 2 Classification Results


Group 6: The parameters of NDVI, Albedo, and SR are extracted from the aerial photographs data and input into the eCognition image classification software, and the DT method is used to classify the land cover. The classification results are shown in Figure 12a. The OA is 47%, and the Kappa value is 28%. Comparing the accuracy of each land cover category, the PA is the highest at 98% for the building category and 25% for the grassland category. The UA is the highest at 76% for artificial ground and 38% for trees.



Group 7: The parameters of NDVI, Albedo, and SR and the elevation difference parameters of Group 1 are extracted from the aerial photographs data and input into the eCognition image classification software, respectively, and the DT method is used for land cover classification. The classification results are shown in Figure 12b. The OA is 78%, and the Kappa value is 63%. Comparing the precision of each land cover category, the producer precision was the highest at 92% for the arbor category and the lowest for the grassland category at 49%. The UA is highest at 87% for buildings and 37% for bare land.



Group 8: The parameters of NDVI, Albedo, and SR, as well as the parameters of elevation difference, dispersion, and wave width of Group 1, are extracted from the aerial photographs data and were, respectively, input into the eCognition image classification software, and the DT method is used for land cover classification. The classification results are shown in Figure 12c. The OA is 79%, and the Kappa value is 65%. Comparing the precision of each land cover category, the producer precision is the highest at 91% for the arbor category and the lowest at 50% for the grassland category. The UA is highest at 96% for buildings and 43% for bare land.



Group 9: The parameters of NDVI, Albedo, and SR, and the elevation difference, dispersion, and wave width of Group 4 are extracted from the aerial photographs data and input into the eCognition image classification software, and the DT method is used for land cover classification. The classification results are shown in Figure 12d. The OA is 83%, and the Kappa value is 70%. Comparing the accuracy of each land cover category, the PA is the highest at 91% for trees and 47% for planted shrubs. The UA is highest at 97% for buildings and 42% for bare land.



Group 10: The parameters of NDVI, Albedo, and SR, as well as the elevation difference, dispersion, and wave width of Group 5, are extracted from the aerial photographs data and input into the eCognition image classification software, and the DT method is used for land cover classification. The classification results are shown in Figure 12e. The OA is 84%, and the Kappa value is 72%. Comparing the accuracy of each land cover category, the PA is the highest at 93% for trees and 44% for planted shrubs. The UA is highest at 96% for buildings and 45% for bare land.




3.2.2. Phase 2 Discussion


The group parameter results of Phase 2 experiment are shown in Table 8. The classification results of Groups 6 and 7 are compared. Group 6 used spectral parameters from aerial photographs, and its OA was 47%. Group 7 used aerial photographs and added the elevation difference parameters of LiDAR data, and its OA increased to 78%. The classification results of each category have improved, among which the accuracy of trees and planted shrubs have been improved more significantly, and the other categories are less obvious. In summary, using the elevation difference parameters of LiDAR data can effectively improve the accuracy of classification results, especially in improving the classification results of trees and planted shrubs.



Compare the classification results of Groups 6 and 8. Group 6 used spectral parameters from aerial photographs, and its OA was 47%. In the eighth group, the elevation difference, dispersion, and wave width parameters of the LiDAR data are added, and the OA is increased to 79%. The classification results of each category have improved, and the same as the results of the seventh group, the accuracy of the improvement of trees and shrubs is more obvious. To sum up, it can be seen that using aerial photographs and LiDAR data as classification parameters can effectively improve OA.



The classification results by Groups 9 and 10 are compared. Group 9 used the parameters of aerial photographs and LiDAR data (all point cloud ranges and point cloud ranges below 0.5 m), and its OA was 83%. Group 10 used the parameters of aerial photographs and LiDAR data (all point cloud ranges and point cloud ranges above 0.5 m), and its OA was 84%. It can be seen from this that when the classification accuracy reaches a certain level, the effect of using self-defined elevation parameters to improve the classification accuracy is also limited.



The classification results of Groups 6 to 10 are compared. The PA and UA of trees, buildings, and planted shrubs are in the range of 44–93%. The PA and UA of artificial ground, grassland, and bare ground are in the range of 37–81%. The results are the same as those of the first stage experiment. It can be seen that the aerial photographs and LiDAR data used in this study have higher classification results for trees, buildings, and planted shrubs than artificial ground, grassland, and bare land.





3.3. Phase 3 Experiment: Classification with LiDAR Data, Aerial Photographs, and SVM


Phase 3 Experiment: The parameters of the better group of classification results in the first and second stage experiments were mainly extracted and divided into three groups according to different feature combinations, as shown in Table 9. The parameters were reclassified with the SVM method to verify the land cover of the study area. If the algorithm is changed from the DT method to the SVM method, will the accuracy of the classification results be improved.



3.3.1. Phase 3 Classification Results


Group 11: The elevation difference, dispersion, wave width, and other self-defined parameters of Group 5 were extracted from the airborne LiDAR data and input into the eCognition image classification software, respectively, and the SVM method was used to classify the land cover. The classification results are shown in Figure 13a. The OA is 79%, and the Kappa value is 64%. Comparing the precision of each land cover category, the producer precision is the highest at 94% for the arbor category and 26% for the bare land category. The UA is highest at 96% for buildings and 51% for grasslands.



Group 12: From aerial Photographs and airborne LiDAR data, self-defined elevation parameters such as elevation difference, dispersion, and wave width in Group 1 and NDVI, Albedo, and SR parameters in Group 6 are extracted. The eCognition image classification software was input, respectively, and the SVM method was used to classify the land cover. The classification results are shown in Figure 13b. The OA is 79%, and the Kappa value is 64%. Comparing the precision of each land cover category, the producer precision is the highest at 92% for the arbor category and 57% for the bare land category. The UA is highest at 94% for buildings and 54% for bare land.



Group 13: From aerial photographs and airborne LiDAR data, self-defined elevation parameters such as elevation difference, dispersion, and wave width in Group 5 and NDVI, Albedo, and SR parameters in Group 6 are extracted. The eCognition image classification software are input, respectively, and the SVM method are used to classify the land cover. The classification results are shown in Figure 13c. The OA is 80%, and the Kappa value is 65%. Comparing the accuracy of each land cover category, the PA is the highest at 92% for the arbor category and the lowest for the grassland category at 35%. The UA is highest at 89% for buildings and 54% for bare land.




3.3.2. Phase 3 Discussion


The group parameter results of Phase 3 experiment are shown in Table 10. Group 11 used LiDAR data and the SVM method, and its OA was 78%. Compared with the accuracy of the DT method under the same parameters in the first group of experiments was 82%, the OA is about 4% lower.



The results of Groups 5 and 11 are compared. Group 11 used aerial photographs, LiDAR data and SVM method, and its OA was 78%, compared with the 82% accuracy of the DT method in Group 5 under the same parameters. In the comparison of the classification results of various types of land cover, the classification results of Group 5 in trees and grasslands are better. Group 11 has better classification results in planted shrubs, bare ground, and artificial ground. The accuracy of the two results is similar for the building-in-progress category.



The results of Groups 8 and 12 are compared. Group 12 used aerial photographs, LiDAR data, and the SVM method, and its OA was 84%, compared with the 79% accuracy of the DT method in Group 8 under the same parameters. In the comparison of the classification results of various types of land cover, the classification results of Group 8 under construction, planted shrubs, and artificial ground are better. Group 12 has better classification results in trees, grasslands, and bare lands.



The results of Groups 10 and 13 are compared. Group 13 uses aerial photographs, LiDAR data, SVM method, and its OA is 80%, compared with the 84% accuracy of the DT method in Group 10 under the same parameters. In terms of the classification results of various types of land cover, Group 10 has better results in the classification of grassland, buildings, bare land, and artificial ground. Group 13 achieved better results in the classification of planted shrubs. In the arbor category, the accuracy of both results is similar.



Based on the above accuracy, both the DT method and the SVM method have advantages and disadvantages in land cover classification results, and it is impossible to prove which algorithm has obvious advantages. In the follow-up, other parameters should be added, or the user should consider which land cover classification results (such as trees and grassland) are the priority objects to be judged and then select the required algorithm.






4. Conclusions


Based on this research, the following conclusions can be summarized.



(1) In this study, customized elevations extracted from LiDAR data were used as classification parameters. When selecting point cloud ranges below 0.5 m as classification parameters, the classification results were consistent with using the entire point cloud range, with an overall accuracy of 59%. However, when selecting point cloud ranges above 0.5 m, classification parameters resulted in an overall accuracy of 65%, which is a 6% improvement. This indicates that setting appropriate elevation parameters for LiDAR data can improve overall accuracy in land classification.



(2) When only using NDVI, Albedo, and SR from aerial images as classification parameters, the overall accuracy was 47%. However, if the elevation difference parameter from LiDAR data was added, the overall accuracy could be improved to 78%. This demonstrates that using elevation difference as a classification parameter plays an important role in assisting with land interpretation and can effectively improve overall accuracy.



(3) In this study, aerial images and LiDAR data were used, and DT and SVM algorithms were employed for land classification. The highest overall accuracy achieved was 84%. This indicates that the relevant parameters and classification methods selected in this study have achieved good classification results and can be effectively applied to land recognition tasks.



(4) This study found that image classification software is prone to segmentation deviations when dealing with objects of similar colors but different types, leading to errors in land segmentation. This is particularly true when dealing with objects that are connected and have similar elevation values, which can lead to a decrease in accuracy in subsequent land classification and verification operations. Therefore, when conducting land segmentation and verification operations, consideration should be given to whether similar objects should be used as training area samples and included in ground truth data comparisons to avoid affecting classification accuracy.



(5) Comparing the classification results of various experimental groups, the producer and user accuracies for tree, building, and shrub categories ranged from 43% to 97%, while the producer and user accuracies for artificial ground, grass, and bare soil categories ranged from 20% to 72%. It was judged that this is because the differences in spectral, elevation difference, dispersion, and bandwidth characteristics of tree, building, and shrub categories are relatively large, while the differences in characteristics for artificial ground, grass, and bare soil categories are less obvious, making it easier to misclassify these objects and resulting in poor classification results.



Based on this research, we suggest the following.



(1) This study only extracted six different parameter values from aerial imagery and airborne LiDAR data as the basis for land cover classification. It is recommended to add relevant parameter categories such as hyperspectral bands and amplitude in the future to effectively differentiate between various land cover categories, improve classification accuracy, and increase the number of classifiable land cover categories.



(2) Using object-oriented classification software as a tool for land cover classification can indeed provide good classification results. It is recommended to use its built-in classification algorithms (such as DT, SVM, and RF) to compare land cover classifications in different areas (such as urban, coastal, or mountainous areas) in order to find the correlation between applicable classification algorithms and areas.



(3) This study utilized eCognition object-oriented classification software, which not only allowed the incorporation of parameters for land cover classification but also enabled adjustments to the color and shape of objects within the study area that could be merged based on homogeneity indices and other features. It is recommended that future studies further explore the built-in features of software, such as homogeneity indices, to identify suitable indicator values for differentiating various ground objects, thus improving the accuracy of land cover classification.



(4) This study did not verify and compare the results with other study areas. It is recommended to use aerial imagery and airborne LiDAR data from different time periods and flying heights to conduct land cover classification research, compare parameter differences between different flight strips, and analyze and identify universally applicable classification parameter data to improve the practicality of relevant parameters.
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Figure 1. Research workflow. 
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Figure 2. (a) Elevation difference image; (b) Dispersion image; (c) Wave width image. 
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Figure 3. (a) Part 1 LiDAR data (geometric parameters) distinguishes elevation; (b) Part 2 selects the point cloud below 0.5 m as the parameter value; (c) Part 3 selects the point cloud above 0.5 m as the parameter value. 
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Figure 4. UltraCam-XP. 
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Figure 5. (a) NDVI image; (b) Albedo image; (c) SR image. 
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Figure 6. Schematic diagram of artificial ground definition. (a) Visible light image; (b) Point cloud image. 
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Figure 7. Image segmentation of the study area. 
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Figure 8. Classification training area selection in the research area. 
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Figure 9. True value of the land cover classification in the study area. 
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Figure 10. Flow chart of image segmentation heterogeneity index calculation. 
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Figure 11. Map of Phase 1 Experiments. (a) Group 1; (b) Group 2; (c) Group 3; (d) Group 4; (e) Group 5. 
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Figure 12. Map of Phase 2 Experiments. (a) Group 6; (b) Group 7; (c) Group 8; (d) Group 9; (e) Group 10. 
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Figure 13. Map of Phase 3 Experiments. (a) Group 11; (b) Group 12; (c) Group 13. 
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Table 1. Definition table of land cover classification in the study area.
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	Land Cover Category
	Definition
	Example





	1
	Artificial ground
	Roads and concrete vacant lots.
	Township roads, industrial roads, and concrete vacant land.



	2
	Building
	Structures or miscellaneous works with roofs, beams, or walls above and below the land.
	Residential houses, carports, and farm work dormitories.



	3
	Bare land
	Lack of vegetation or idle soil, agricultural land, and gravel riverbeds around rivers.
	Soil land, idle farmland, and gravel riverbed.



	4
	Grassland
	Herbaceous plant growth area, and the vegetation coverage rate reaches 90%.
	Weedy fields, vegetable gardens, and turf.



	5
	Arbor trees
	The growth area of arbor plants and bamboo forests.
	Banyan tree, litchi tree, and betel nut tree.



	6
	Planted shrubs
	There are two concentrated carambola trees planted in the study area.
	Carambola tree.
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Table 2. Aerial photographs parameter values for each type of training area.
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	NDVI Range
	NDVI Standard Deviation
	SR Range
	SR Standard Deviation
	Albedo Range
	Albedo Standard Deviation





	Artificial ground
	−0.51 to −0.07
	0.13
	0.33 to 0.87
	0.15
	62.65 to 120.40
	12.51



	Building
	−0.36 to 0.03
	0.09
	0.47 to 1.06
	0.14
	62.66 to 229.66
	45.059



	Bare land
	−0.25 to −0.027
	0.05
	0.6 to 0.95
	0.08
	74.36 to 100.11
	6.85



	Grassland
	0.13 to 0.44
	0.09
	0.94 to 2.52
	0.42
	49.39 to 126.65
	16.91



	Arbor trees
	0.05 to 0.44
	0.08
	0.67 to 2.55
	0.54
	43.15 to 101.67
	16.78



	Planted shrubs
	0.29 to 0.48
	0.07
	1.82 to 2.82
	0.34
	86.85 to 97.77
	3.85
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Table 3. LiDAR data parameter values for each type of training area.






Table 3. LiDAR data parameter values for each type of training area.














	
	Sigma Range
	Sigma Standard Deviation
	Dz Range
	Dz Standard Deviation
	Width Range
	Width Standard Deviation





	Artificial ground
	0.09 to 1.44
	0.30
	0 to 0.39
	0.07
	42.92 to 46.08
	0.85



	Building
	0.16 to 3.04
	0.75
	0.10 to 9.61
	2.37
	42.92 to 46.08
	0.71



	Bare land
	0.41 to 1.60
	0.31
	0 to 0.59
	0.12
	45.94 to 53.08
	1.77



	Grassland
	0.50 to 2.54
	0.56
	0 to 6.37
	1.37
	44.98 to 64.06
	5.32



	Arbor trees
	0.94 to 3.70
	0.64
	0.20
	2.41
	45.94 to 69.00
	4.31



	Planted shrubs
	0.60 to 1.60
	0.30
	0.59 to 2.26
	0.53
	45.94 to 52.12
	1.87
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Table 4. Statistical table of ground truth data of each land cover category in the study area.
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	Category
	Arbor Trees
	Grassland
	Building
	Planted Shrubs
	Bare Land
	Artificial Ground
	Total





	Number of pixels
	1,525,302
	375,989
	96,465
	134,171
	86,792
	135,231
	2,353,950
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Table 5. Group parameter combinations for Phase 1 experiments.
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Group

	
Get Source

	
Classification

	
Feature Type






	
1

	
LiDAR data

	
DT

	
Elevation difference + dispersion + wave width (full point cloud range)




	
2

	
Elevation difference + dispersion + wave width (point cloud range below 0.5 m)




	
3

	
Elevation difference + dispersion + wave width (point cloud range above 0.5 m)




	
4

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range below 0.5 m)




	
5

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range above 0.5 m)
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Table 6. Group parameter results of Phase 1 experiment.
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Group

	
Arbor Trees

	
Grassland

	
Building

	
Planted Shrubs

	
Bare Land

	
Artificial Ground

	
OA

	
Kappa






	
1

	
Elevation difference + dispersion + wave width (full point cloud range)

	
PA

	
89%

	
20%

	
72%

	
78%

	
22%

	
56%

	
59%

	
38%




	
UA

	
58%

	
42%

	
96%

	
94%

	
40%

	
60%




	
2

	
Elevation difference + dispersion + wave width (point cloud range below 0.5 m)

	
PA

	
81%

	
21%

	
52%

	
83%

	
28%

	
37%

	
59%

	
32%




	
UA

	
67%

	
31%

	
82%

	
43%

	
38%

	
58%




	
3

	
Elevation difference + dispersion + wave width (point cloud range above 0.5 m)

	
PA

	
92%

	
33%

	
58%

	
75%

	
34%

	
57%

	
65%

	
45%




	
UA

	
63%

	
72%

	
74%

	
81%

	
30%

	
58%




	
4

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range below 0.5 m)

	
PA

	
89%

	
26%

	
73%

	
92%

	
43%

	
64%

	
63%

	
43%




	
UA

	
61%

	
57%

	
85%

	
97%

	
38%

	
71%




	
5

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range above 0.5 m)

	
PA

	
92%

	
68%

	
89%

	
62%

	
31%

	
59%

	
82%

	
67%




	
UA

	
92%

	
56%

	
85%

	
72%

	
37%

	
66%
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Table 7. Group parameter combinations for Phase 2 experiments.






Table 7. Group parameter combinations for Phase 2 experiments.





	
Group

	
Get Source

	
Classification

	
Feature Type






	
6

	
Aerial photographs

	
SVM

	
NDVI, Albedo, SR




	
7

	
Aerial photographs + LiDAR data

	
NDVI, Albedo, SR + Elevation difference (full point cloud range)




	
8

	
NDVI, Albedo, SR + Elevation difference, dispersion, wave width (full point cloud range)




	
9

	
Elevation difference, dispersion, wave width (all point cloud range) (point cloud range below 0.5 m)




	
10

	
Elevation difference, dispersion, wave width (all point cloud range) (point cloud range above 0.5 m)
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Table 8. Group parameter results of Phase 2 experiment.






Table 8. Group parameter results of Phase 2 experiment.





	
Group

	
Arbor Trees

	
Grassland

	
Building

	
Planted Shrubs

	
Bare Land

	
Artificial Ground

	
OA

	
Kappa






	
6

	
NDVI, Albedo, SR

	
PA

	
91%

	
25%

	
98%

	
28%

	
26%

	
56%

	
47%

	
28%




	
UA

	
38%

	
71%

	
55%

	
57%

	
41%

	
76%




	
7

	
NDVI, Albedo, SR + Elevation difference (all point cloud range)

	
PA

	
92%

	
49%

	
83%

	
75%

	
53%

	
74%

	
78%

	
63%




	
UA

	
80%

	
76%

	
87%

	
83%

	
37%

	
74%




	
8

	
NDVI, Albedo, SR + Elevation difference, dispersion, wave width (all point cloud range)

	
PA

	
91%

	
50%

	
85%

	
83%

	
57%

	
82%

	
79%

	
65%




	
UA

	
81%

	
76%

	
96%

	
78%

	
43%

	
80%




	
9

	
NDVI, Albedo, SR+ Elevation difference, dispersion, wave width (all point cloud range) (point cloud range below 0.5 m)

	
PA

	
91%

	
78%

	
89%

	
47%

	
57%

	
80%

	
83%

	
70%




	
UA

	
88%

	
69%

	
97%

	
87%

	
42%

	
79%




	
10

	
NDVI, Albedo, SR + Elevation difference, dispersion, wave width (all point cloud range) (point cloud range above 0.5 m)

	
PA

	
93%

	
78%

	
89%

	
44%

	
62%

	
81%

	
84%

	
72%




	
UA

	
91%

	
60%

	
96%

	
90%

	
45%

	
81%
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Table 9. Group parameter combinations for Phase 3 experiments.






Table 9. Group parameter combinations for Phase 3 experiments.





	
Group

	
Get Source

	
Classification

	
Feature Type






	
11

	
LiDAR data

	
SVM

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range above 0.5 m)




	
12

	
Aerial photographs + LiDAR data

	
NDVI, Albedo, SR + Elevation difference, dispersion, wave width (all point cloud range)




	
13

	
NDVI, Albedo, SR + Elevation difference, dispersion, wave width (all point cloud range) (point cloud range above 0.5 m)
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Table 10. Group parameter results of Phase 3 experiment.






Table 10. Group parameter results of Phase 3 experiment.





	
Group

	
Arbor Trees

	
Grassland

	
Building

	
Planted Shrubs

	
Bare Land

	
Artificial Ground

	
OA

	
Kappa






	
11

	
Elevation difference + dispersion + wave width (all point cloud range) (point cloud range above 0.5 m)

	
PA

	
86%

	
51%

	
96%

	
90%

	
53%

	
75%

	
78%

	
62%




	
UA

	
94%

	
57%

	
80%

	
76%

	
26%

	
59%




	
12

	
NDVI, Albedo, SR + elevation difference, dispersion, wave width (all point cloud range)

	
PA

	
92%

	
63%

	
94%

	
77%

	
54%

	
81%

	
84%

	
72%




	
UA

	
92%

	
74%

	
79%

	
75%

	
57%

	
64%




	
13

	
NDVI, Albedo, SR+ elevation difference, dispersion, wave width (all point cloud range) (point cloud range above 0.5 m)

	
PA

	
85%

	
57%

	
89%

	
81%

	
54%

	
78%

	
82%

	
65%




	
UA

	
92%

	
57%

	
82%

	
79%

	
35%

	
52%
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