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Abstract

:

The Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2) is equipped with the Advanced Topographic Laser Altimeter System (ATLAS), which can achieve high-precision ground detection. However, due to its low pulse energy and high sensitivity, it is also affected by noise when obtaining data. Therefore, data denoising is critical to the subsequent processing and application. In this study, a multilevel filtering algorithm is proposed to denoise the daytime photon cloud data with high background noise. Firstly, the Random Sample Consensus (RANSAC) algorithm is used to roughly denoise the daytime photon cloud data with high background noise, and a signal point cloud buffer is established to remove most of the noise points. Subsequently, the horizontal continuity parameter is calculated based on the photon cloud data following the rough denoising process. Based on this parameter, the shape and size of the search domain of the results of the subsequent fine denoising algorithm are adaptively improved. Finally, three filtering directions (a horizontal direction, an intra-group unified direction, and an adaptive direction for each photon) are proposed, and a hybrid algorithm combining the Ordering Points to Identify the Clustering Structure (OPTICS) density clustering algorithm and the Relative Neighboring Relationship K-nearest neighbors-based noise removal (RNR−KNNB) algorithm is employed to accurately denoise the photon cloud data in the three filtering directions. Furthermore, the RANSAC algorithm based on a sliding overlap window is used to remove outliers for the weak beam fine denoising photon cloud data. The results indicate that, for the strong beams, the denoising accuracy of the multilevel filtering algorithm in the three filtering directions is comparable (Rs ≥ 0.96, F ≥ 0.67), and they are all better than that of the ATL08 algorithm (Rs/Rn/p/F = 0.85/0.67/0.52/0.65). For weak beams, the denoising accuracy of the multilevel filtering algorithm in the horizontal direction and the intra-group unified direction is similar (Rs = 0.92, F = 0.69), and it is superior to the denoising results in the adaptive direction of each photon and the ATL08 algorithm (Rs/Rn/p/F = 0.94/0.84/0.51/0.65, 0.88/0.87/0.55/0.67, respectively). For strong and weak beams, the p-value and F-value of the denoising results of multilevel filtering algorithms in three different filtering directions increase with the increase of SNR value. It is demonstrated that SNR is an important factor affecting the denoising results of algorithms. The multilevel filtering algorithm proposed in the study can effectively achieve precise denoising of daytime photon cloud data with high background noise, and the three different filtering directions have different effects on the denoising results of strong and weak beam photon cloud data. This can provide technical and methodological guidance for subsequent photon cloud data filtering processing.
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1. Introduction


Light detection and ranging (LiDAR) is an active remote sensing detection technology that is capable of quickly and accurately obtaining three-dimensional surface data by calculating the round-trip time of laser pulses between the sensor and the target [1,2]. Based on different platforms, it can be divided into ground-based LiDAR, airborne LiDAR, and spaceborne LiDAR. Among them, spaceborne LiDAR has the advantages of a high orbit, a wide observation range, and free access, making it an ideal platform for obtaining large-area surface 3D data [3,4]. At present, the Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2), as the only photon-based laser altimeter satellite, is equipped with an Advanced Topographic Laser Altimeter System (ATLAS), which uses micro-pulse multibeam photon LiDAR to obtain photon point cloud data with smaller light spots and higher density [5]. The laser pulses emitted by ICESat-2 LiDAR are weak signals, which are relatively affected by noise. However, the system cannot distinguish them at the hardware level, so it can only generate point cloud data from the photon events recorded together with the noise signals, resulting in a large number of noise points included in the photon counting point cloud [6,7]. Therefore, how to effectively distinguish between noise and signals is the key to the subsequent application of photon LiDAR data.



At present, the research on the denoising of ICESat-2 photon data includes two main aspects: rough denoising and fine denoising. The methods employed for rough denoising mainly include auxiliary data method [8], extreme value method [9,10], grid method [11,12], etc. The majority of these methods rely on photon density and spatial distribution characteristics to find the approximate location of the signal points and to set a threshold for eliminating obvious noise points, thereby reducing the computational workload of the filtering process and improving processing efficiency [13]. While the fine denoising refers to the precise filtering of data, which mainly involves the following four types of methods: (1) utilizing point cloud rasterization and image processing algorithm for filtering; (2) utilizing density clustering algorithm for filtering; (3) utilizing local parameter statistical algorithm for filtering; and (4) using machine learning algorithms to directly classify signal photons and noise photons from photon cloud data. Among them, although the point cloud rasterization method can remove noise signals, the photon point cloud leads to signal loss during the rasterization process [14]. Using machine learning algorithms, such as neural networks, can effectively classify signal photons and noise photons, but such algorithms require a large number of input samples. For ICESat-2 data, there is currently no unified standard for determining photo samples, making it difficult to select a sample set with high accuracy and sufficient data. Therefore, the lack of high-precision input samples results in machine learning algorithms not being widely applied in the denoising research of ICESat-2 photon data. While the density clustering and local parameter statistical algorithms are based on the spatial distribution characteristics of signals and noise for denoising process. They not only retain the information of hungry signals well, but also achieve good denoising effects. Therefore, these algorithms have been widely applied in the research of photon cloud data denoising. For example, Zhang [15] used the wavelet clustering algorithm to denoise ICESat-2 photon data. The results showed that at a large regional scale, the correlation coefficients between the signal points extracted from high-density and low-density photon data and the digital elevation model were 0.90 and 0.95, respectively. Huang et al. [16] proposed a density clustering algorithm based on particle swarm optimization, which improves the self-adaptability and denoising accuracy of the Density-based Spatial Clustering of Applications with Noise (DBSCAN) algorithm by optimizing the input parameters. Li et al. [17] proposed the Relative Neighboring Relationship (RNR) to improve the local distance statistics algorithm. The K-nearest neighbors-based noise removal (KNNB) was weighted and calculated based on the RNR value, enhancing the identifying recognition of noise photons around signal photons and reducing the sensitivity of the algorithm to input parameters. The above research results indicate that although the single-level filtering algorithm can achieve noise removal, the denoising ability is still limited. Therefore, the multilevel filtering algorithms that combine multiple single-level filtering algorithms gradually developed, in order to integrate the advantages of each single-level filtering algorithm and achieve better denoising effects. For example, Popescu et al. [8] first used auxiliary elevation data and grid-based methods to filter out random noise from ICESat-2 data and reduce the possible areas of signal photons. Then, cluster analysis was used to delete noise data around ground points and canopy surfaces. Finally, a 95% confidence interval was used to remove most noise data that significantly affects the performance of classification algorithms. Zhu et al. [18] first denoised the photon cloud data by establishing an elevation frequency histogram, and then used an ellipse search domain to obtain the point cloud density in the adaptive direction for each photon points, thereby establishing a local photon density distribution histogram. By setting a photon density threshold for denoising, the algorithm achieved good denoising accuracy for day/night photon cloud data in mountainous areas. Huang et al. [19] combined the DBSACN clustering algorithm in the elliptical search domain with the local distance statistical algorithm to denoise the ICESat-2 daytime photon cloud data with high background noise. The results showed that the combination of multilevel filtering algorithms can effectively achieve daytime data denoising. Huang [20] proposed an adaptive filter based on spatial clustering and biomedical instruction, which can adapt to different signal-to-noise ratio scenarios. To sum up, the multilevel filtering algorithms can achieve accurate denoising of photon point cloud data. The principle and performance of the rough denoising algorithms used in this case are similar, as long as they can reduce noise while retaining useful signals. Therefore, the performance of the multilevel filtering algorithm is primarily reflected in the fine denoising. However, the majority of the multilevel filtering algorithms based on the combination of density clustering algorithm and local parameter statistics algorithm, and the results are mostly affected by the selection of parameters and the complexity of the environment in the study area. Therefore, the improvement of the algorithm is primarily focused on the following two aspects: (1) Reducing the sensitivity of the algorithm to input parameters to improve the applicability of the algorithm; (2) Improving the shape, size, and direction of the search domain to increase the accuracy of the algorithm in complex terrain areas. However, previously conducted studies have mostly focused on improving one aspect, and rarely considered both aspects for joint improvement. Meanwhile, due to the fact that ICESat-2 photon cloud data contains both strong and weak beam data, and the intensity of strong/weak beam lasers is different. For the strong beam data, due to its strong intensity, can still better depict surface information even under high background noise during the day. The distribution characteristics of signal and noise photons are significantly different, making it easier to remove noise based on photon distribution characteristics and can be used for precise inversion of various parameters, such as forest structure. However, weak beam data, due to their weak intensity, result in less significant differences in the distribution characteristics of signal and noise photons, making denoising more difficult. If high-precision denoising can be achieved for weak beam data, it can effectively fill the blank coverage area of strong beam data. By combining strong/weak beam data, the spatial continuity and inversion accuracy of forest parameter inversion can be improved. If the filtering algorithm cannot effectively detect signal photons in weak beam data, it will result in half of the ICESAT-2 data being wasted. Therefore, effective filtering for weak beam data is also particularly important. However, previous studies have mostly focused on the unified processing of strong and weak photon cloud data, without separately denoising the strong/weak photon cloud data, and without conducting separate statistics on the denoising results to verify the differences in the denoising results of the filtering algorithm for strong/weak photons. Therefore, the denoising algorithm should be improved based on the respective characteristics of strong/weak beam data to further improve the data denoising results. Due to the fact that nighttime data are relatively less susceptible to noise, it is usually possible to achieve higher noise removal accuracy by using a single-level filter in this case. On the contrary, the daytime data are more difficult to denoise due to the strong solar noise. Therefore, in this study, only the daytime strong and weak beam photon cloud data that are affected by noise are subjected to noise removal.



Accordingly, this study proposed a multilevel filtering algorithm to denoise the daytime high background noise photon cloud data. First, the RANSAC algorithm was employed as a means to denoise the daytime photon cloud data. Subsequently, the horizontal continuity parameter was calculated based on the rough denoised photon cloud data, and the shape and size parameters of the search domain of the subsequent fine denoising algorithm were adaptively improved based on the horizontal continuity parameters, enabling the algorithm to exhibit high adaptability when dealing with different point cloud feature data. Finally, the multilevel filtering algorithm combining the OPTICS density clustering and the RNR−KNNB algorithms was employed in the three filtering directions in order to fine denoise the photon cloud data. And the RANSAC algorithm based on the sliding overlap window was used in order to remove the outliers for the weak beam fine denoising photon cloud data. We expect to improve the denoising accuracy of the daytime strong and weak beam cloud data, as well as provide technical and methodological guidance for subsequent photon cloud data filtering, processing, and application.




2. Materials and Methods


2.1. Study Area


In this study, two study areas are selected, and the specific locations are shown in Figure 1. Among them, study area 1 is located in the southwest of Washington State and it is characterized by a subtropical humid climate. The average annual precipitation in study area 1 is 2450 mm, the average annual temperature is 10 °C, and the altitude range is between 365–708 m. There are three main vegetation cover types in the area: evergreen forests, grassland, and shrubs, with an average canopy height of 34 m. Study area 2 is located in the southwest of Georgia, with a subtropical humid climate. The precipitation is evenly distributed throughout the year, with an average annual precipitation of 1308 mm, an average annual temperature of 19.2 °C, and an altitude range of 47–55 m. The main vegetation cover types are cultivated crops, deciduous forests, evergreen forests, and mixed forests, with an average canopy height of 27 m.




2.2. Data


2.2.1. ICESat-2/ATLAS Data


The emission frequency of an ICESat-2/ATLAS laser pulse is 10 kHz, and a single laser beam can be subdivided into three groups of six-beam laser beams through diffractive optical elements. The inter-track spacing between each group and the inter-track spacing of the group are approximately 3.3 km and 90 m, respectively. Each group of laser beams contains strong and weak beams. The energy ratio of a strong beam to a weak beam is 4:1. It is capable of obtaining the overlapping light spots with an orbital spacing of approximately 0.7 m and a diameter of approximately 17 m, and the plane positioning accuracy is greater than 6.5 m [21,22]. The global geo-located photon data (ATL03) and the land vegetation elevation data (ATL08) of the two study areas were obtained for the purpose of this study and downloaded from the Earth Science Data Systems (ESDS) Program website (https://search.earthdata.nasa.gov/, accessed on 1 May 2022). Among them, ATL03 data provide information on the time, longitude, latitude, and elevation of each photon. ATL08 data are based on ATL03 data and utilize the difference, regression, and Gaussian adaptive nearest neighbor algorithms in order to denoise the photons. It then uses the official NASA classification algorithm to classify the denoised photons, which are divided into noise photons, ground photons, canopy photons, and canopy top photons [23]. The detailed information for ICESat-2/ATLAS data is shown in Table 1.




2.2.2. Airborne LiDAR Data


As a means to evaluate the accuracy of the denoising results of the ICESat-2/ATLAS data, airborne LiDAR data were employed in order to derive Digital Terrain Model (DTM) and Digital Surface Model (DSM) products (with a spatial resolution of 1 m) in the study, and they were downloaded from the NEON website (https://data.neonscience.org/data-products/explore, accessed on 1 May 2022). These data are collected by an ALTM Gemini LiDAR sensor with a wavelength of 1064 nm and a pulse frequency of 100 kHz. The horizontal and vertical positioning accuracy are greater than 0.4 m and 0.36 m, respectively [24]. The detailed information for airborne LiDAR data is shown in Table 2.





2.3. Methods


In order to precisely denoise the daytime cloud data of strong and weak beam photons, a multilevel filtering algorithm is proposed. Firstly, the signal photon distribution trend is fitted with the RANSAC algorithm in order to eliminate a major portion of the noise signals. Subsequently, the horizontal continuity parameter is calculated based on the rough denoised photon cloud data, and the shape and size parameters of the search domain of the subsequent fine denoising algorithm are adaptively improved based on the horizontal continuity parameter. Finally, the multilevel filtering algorithm combining the OPTICS density clustering and RNR−KNNB algorithms is used in the three filtering directions to fine denoise the photon cloud data. In addition, the RANSAC algorithm is also utilized in order to remove the outliers after obtaining the weak beam fine denoised point cloud data. The algorithm flowchart is shown in Figure 2.



2.3.1. Rough Denoising


In this study, the RANSAC algorithm is utilized as a means to rough denoise the data by fitting the distribution trend of signal photons. It is based on the principle of iteratively estimating the parameters of the mathematical model from a group of observed data containing outliers. Assuming that the data contain correct data (signal photons) and abnormal data (noise photons), the correct data are recorded as the inner point, and the abnormal data are recorded as the outer point. Regarding the daytime photon cloud data with high background noise, the algorithm is capable of accurately fitting the signal photon distribution trend and removing most noise interference. The following is an overview of the algorithm’s operation:




	(1)

	
The data are divided into windows using the method of equal along-track distance. The photon cloud data are converted into the form of “along-track distance—elevation” and are divided according to the orbital distance interval of 100 m.




	(2)

	
The initialization model is determined, which in this study is a three-parameter curve fitting model, whose equation is shown in Formula (1). Then, three non-repeating points are randomly selected from each window as a subset, and the subsets are used to fit the model in order to obtain the required parameters of the model.











  y = A ×  e  B x   + C  



(1)




where x and y represent the along-track distance and elevation values of a photon point and A, B, and C are model fitting parameters.



	(3)

	
The inner point and outer point are divided. The obtained model is then employed in order to check all points. The checking method involves calculating the distance between all points and the vertical direction of the model. When the distance is less than the set threshold, it is marked as an inner point and its number is recorded; otherwise, it is marked as an outer point.




	(4)

	
Updates are made to the optimal model parameters and the corresponding number of the interior points.




	(5)

	
The optimal model is determined. Steps (1) to (4) are then repeated until the maximum number of iterations has been reached. The number of interior points obtained by each model is counted, and the model with the largest number of interior points is recorded as the optimal model and output.








2.3.2. Fine Denoising


After rough denoising, only the range of signal photons is determined, and the noise surrounding the signal cannot be eliminated. In order to obtain high-precision surface structure parameters, further denoising must be applied to the photon data. In this study, the OPTICS density clustering algorithm, the RNR−KNNB algorithm, and the RANSAC algorithm are employed for multilevel processing of rough denoised data. The specific steps are as follows:



(1) Data segmentation. This follows the window division process of the data in the rough denoising step; however, in the fine denoising process, the density clustering and the local distance statistics are adopted for denoising. Considering the influence of the boundary effect, each group of data processed through fine denoising adds 50 m of data on the left and right sides as buffer data, thus obtaining a group of 0–200 m range photon cloud data, but only the processed 50–150 m range data are retained in the end.



(2) Horizontal continuity parameter calculation. Due to the unique data acquisition mode of photon counting LiDAR, the point cloud generally presents stronger continuity in the horizontal direction. However, due to the influence of factors such as diurnal change, vegetation type, and seasonal change, the horizontal continuity of point cloud data also exhibit different characteristics. Accordingly, the horizontal continuity parameter is incorporated in order to evaluate these characteristics [25]. The initial definition of horizontal continuity is to find the three nearest neighbor points to the target point, which are considered to be the most relevant to the target point. The continuity in the horizontal direction was determined by the angle between the line connecting the three nearest neighbor points and the target point and the horizontal direction, as shown in Figure 3a. However, in cases where the direction of the closest points is the same as that of the target point, the difference between the three directional angles calculated from the target point and the nearest neighbor point will be small, making it difficult to evaluate its horizontal continuity, as shown in Figure 3b. Therefore, in this study, we have improved the definition of horizontal continuity. Specifically, taking the target point as the coordinate origin, with the horizontal axis of the target point as the X axis and the vertical axis as the Y axis, the data are divided into four quadrants, and the nearest neighbor points to the target point are found within each quadrant. The continuity in the horizontal direction was determined by the angle between the line connecting the four nearest neighbor points and the target point and the horizontal direction, as shown in Figure 3c. In Figure 3, the red point is the target point, and the blue points are the nearest points to the target point. The direction angle between the nearest point and the target point can be calculated, as shown in Formula (2).


  θ = arctan    y x     



(2)




where θ is the direction angle between the target point and the adjacent point and x and y are the horizontal and vertical coordinates of the nearest point, respectively.



The four directions of each target point are then summarized and calculated. The direction angle of 0 or 180 degrees indicates the same elevation as the target point, and the direction angle of 90 degrees indicates the same orbital distance as the target point. The photon-counting radar detector has the characteristic of receiving large echo energies when detecting targets with high reflectivity, resulting in multiple photon attributes being recorded for the same target. As a result, it will appear that the statistical direction angle is always 90 degrees, which accounts for the largest proportion. Accordingly, it is necessary to remove the vertical direction. After removing and normalizing the vertical direction, the direction parameter is defined as the result of a direction angle that is greater than 45 degrees and its weight, minus the result of the direction angle that is less than 45 degrees and its weight, as shown in Formula (3):


  t =     ∑  θ = 0   45        90 − θ   90     r  θ      +     ∑  θ = 135   180        θ − 90   90     r  θ      −     ∑  θ = 45   90       θ  90     r  θ      −     ∑  θ = 90   135        180 − θ   90     r  θ       



(3)




where t is the direction parameter, θ is the direction angle, and r(θ) represents the proportion of the continuous direction angle θ.



The search domain parameters of the algorithm are determined. This study aims to improve the search domain of the ellipse algorithm, and its search domain parameters include the long axis, the short axis, and the rotation angle of the search domain. The shape parameters of the search field are optimized according to the direction parameters obtained from each window. The larger the t value, the stronger the horizontal continuity of the data, and the weaker the data are. Therefore, it is necessary to set the shape parameters of the search field according to the different beam data and the direction parameters of different windows, as shown in Formula (4):


        a = int   10 ×   1 − t           b = int   2 × t          



(4)




where t is the direction parameter and a and b are divided into long and short axes of the ellipse search domain (the long axis of the weak beam is set to 2a, b ≥ 1).



Three different methods are proposed for determining the filtering direction of the photon points and applied to the daytime strong and weak data denoising results, respectively. (1) The first method only involves the filtering of the data in the horizontal direction. (2) The second method involves filtering the data in adaptive directions for each photon, establishing a search domain based on the target point, traversing 0–180 degrees by an interval of 10 degrees, calculating the photon point cloud density in each direction within the search domain, and finally taking the maximum photon density direction as the filtering direction of the target point, as shown in Formula (5). (3) The third method involves the filtering of the data in the intra-group unified direction. This method relies on the second kind of adaptive direction filtering for each photon in order to carry out statistical analysis. In cases where there is a single peak and the peak direction is within the range of 0–40 and 140–180, the peak direction is employed for processing the data within the group. In cases where there is a double peak or the peak direction is within the range of 40–140, it indicates that there may be a large difference in the direction within the group or the characteristics of the horizontal direction of the data in the group are considered unclear, and thus, the horizontal direction is employed for filtering.


       x q ′  =    x q  −  x p    cos α +    y q  −  y p    sin α      y q ′  =    y q  −  y p    cos α −    x q  −  x p    sin α      d p q  =          x q ′   a     2  +        y q ′   b     2         



(5)




where α is the filtering direction, x is the distance along the rail, y is the elevation, (xq′, yq′) represents the new coordinates of point q relative to point p under the new coordinate system,   d q p   is the distance between the two points in the new coordinate system, and in cases where the square of   d q p   is less than 1, it indicates that the point q is within the search domain of point p.



(3) In this step, the OPTICS density clustering and the RNR−KNNB algorithms are employed. The three filtering directions are processed through the density clustering and the local distance statistical algorithms, respectively. The OPTICS density clustering algorithm includes two parameters, namely the domain radius (ε) and domain minimum points (Minpts). The core distance and reachable distance of each photon point are calculated by setting parameter values; see Formulas (6) and (7) for details. Since there may be multiple reachable distances for photon points, the minimum reachable distance of each point is set as the optimal reachable distance for that point. In previous studies, Wang [25] conducted a sensitivity analysis of the parameter changes in the improved OPTICS-based denoising algorithm. The results have shown that for the OPTICS algorithm, setting different initial parameter values may affect the optimal reachable distance of each photon points, but it does not change the ranking of the optimal reachable distance of all photon points. Therefore, adjusting the initial parameters will not have any impact on the final clustering results. The results indicate that the OPTICS algorithm is insensitive to the setting of initial parameter values. In this study, based on the range of parameter values given in the former similar studies, the ε is set to its maximum value, and the MinPts is set to 10.


  C D  q  =       U N D E F I N E D , i f   N  q    < M i n p t s        d p  q *   , i f   N  q    ≥ M i n p t s        



(6)






  R D  q  =       U N D E F I N E D , i f   N  q    < M i n p t s       max { C D  q  ,  d p q  } , i f   N  q    ≥ M i n p t s        



(7)




where q* represents the outermost point in the case where the minimum number of points in the domain is reached and N(q) represents the number of photons of the target point q in the point p search domain.



The RNR−KNNB algorithm incorporates the relative neighboring relationship, calculates the relative domain relationship of each photon point and the distance between each photon point and its neighboring points according to the new coordinate system in the filtering direction, and finally obtains the local weighted mean distance of the target point through the local distance weighting calculation method, as shown in Formulas (8)–(10):


   γ p q  =  N q p  − q , q ∈ K  



(8)






   η q  =       1 ,  γ p q  < = 0          d p q     d p q       q      ,  γ p q  > 0        



(9)






   S p  =  1 K    ∑  q = 1  K    η q     d p q   



(10)




where   γ p q   is the RNR value between point p and its qth neighbor, K is the number of photon neighboring points counted by local distance,   d p q  q is the distance between point p (i.e., the qth nearest neighbor of point p) and its pth neighboring point, and ηq is the weight of the distance between the photon point p and its qth neighboring point q. In cases where   γ p q   is less than or equal to 0, it is taken as 1, and when it is greater than 0, it is taken as the ratio of   d p q   to   d p q  q; Sp is the mean value of the local distance-weighted statistical value of point p.



Finally, according to the frequency distribution histogram developed based on the ranking results of the reachable distance obtained by the OPTICS density clustering algorithm and the statistical mean of the local distance of each photon obtained through the RNR−KNNB algorithm, the maximum inter-class variance method is utilized for threshold segmentation. In cases where the reachable distance and local statistical mean are less than the threshold, they are taken as signal photons, and in cases where they are greater than the threshold, they are taken as noise photons.



(4) Abnormal data removal. Since the data have been processed through multistage filtering, the noise impact is small and the signal is more obvious. In order to retain the signal to a large extent and remove the abnormal data, it is necessary to reduce the window size and use the sliding overlapping window in order to process the data (the size was 50 m along the track and advanced forward at a distance of 40 m). By taking the maximum tree height as a reference, the algorithm threshold is reduced (set to 25 m, i.e., in order to retain the data with a width of 50 m) in order to complete the removal of abnormal data.





2.4. Accuracy Evaluation


In this study, a qualitative method and a quantitative evaluation method are employed in order to evaluate the denoising results at all the levels of the multilevel filtering algorithm. The purpose of the qualitative evaluation method is to evaluate the overall quality of the denoising algorithm results through visual judgment. The purpose of the quantitative evaluation method is to employ the DTM and DSM results of airborne LiDAR data as the evaluation criteria for the noise removal accuracy of the photon cloud. The “DTM − 0.5 m” and “DSM + 0.5 m” are employed as the ground boundary and the top boundary of the canopy, respectively. The points within the boundary of both sides are signal photons, and the points outside the boundary are noise photons [26]. The evaluation indicators used in this study primarily include recall (R), precision (P), and comprehensive evaluation index value (F). Furthermore, the recall rate is divided into a signal photon recall rate (Rs) and a noise photon recall rate (Rn). The specific calculation formulas are shown in Formulas (11)–(14):


    R   s   =   T P   T P + F N    



(11)






    R   n   =   T N   T N + F P    



(12)






  P =   T P   T P + F P    



(13)






  F =   2   R   S   P     R   S   + P    



(14)




where TP represents the number of signal photons correctly identified, TN represents the number of noise photons that were correctly identified, FP represents the number of photons divided into signal photons, and FN represents the number of photons that were mistakenly divided into noise photons.





3. Results


3.1. Rough Denoising Results of the Daytime Strong and Weak Beam Photon Cloud Data


In order to select a reasonable number of iterations, the results of the RANSAC algorithm under different iterations were shown in Figure 4.



According to the results shown Figure 4, it can be seen that for strong and weak beams, the denoising results of the RANSAC algorithm tend to be stable when the number of iterations is greater than 20, that is, the Rs and Rn values of the denoising results no longer changed or changed slightly.



The rough denoising results of strong and weak beam photon cloud data under daytime conditions based on the optimal iteration number of the RANSAC algorithm are shown in Figure 5.



According to the results shown in Figure 5, it is evident that the RANSAC algorithm is capable of effectively removing the majority of the obvious noise points; however, there are still many noise points that need to be further fine denoised. Since rough denoising only establishes a buffer for signal photons and obtains a rough signal photon range, only Rs and Rn are utilized in the quantitative evaluation. The results are shown in Table 3.



According to Table 3, it is evident that the Rs of both strong and weak beam data are 1, and the Rn are greater than 0.29, indicating that the RANSAC algorithm is capable of accurately fitting the signal distribution trend without causing signal photon loss, and can also remove most of the noise. By comparing the Rs and Rn (0.61/0.70 and 0.29/0.52, respectively) of the strong and weak beam in study area 1 and study area 2, it can be seen that the Rn of the weak beam is greater than that of the strong beam, mainly because the energy of the strong beam is higher, and thus, the impact of the noise is greater. Accordingly, in cases where the RANSAC algorithm is employed for rough denoising in order to preserve the equidistant signal range, the noise density of the strong beam is higher, making its noise recall lower than that of the weak beam.




3.2. Fine Denoising Results of the Daytime Strong and Weak Beam Photon Cloud Data


3.2.1. Fine Denoising Results of Strong Beam Photon Cloud Data


Based on the above analysis, it is evident that most of the obvious noises have been filtered out through rough denoising. However, the results still need to be further processed in order to complete the fine denoising of the data. In the case of fine denoising of the strong beam data, a multilevel filtering algorithm combining the OPTICS density clustering and the RNR−KNNB algorithms in the three filtering directions is employed. The results of signal photon extraction based on DTM and DSM data of airborne LiDAR for strong beam data in study area 1 and study area 2, as well as the denoising results of strong beam data obtained using the ATL08 algorithm and the fine denoising results of strong beam data in three different directions using multilevel filtering algorithm, are shown in Figure 6.



According to the results shown in Figure 6, it is evident that most of the noise photons in the strong beam data can be removed after being processed by the OPTICS density clustering algorithm in three search domain directions. The denoising results in the horizontal direction and the uniform direction in the group are similar, and the filtered signal photon band width is smaller than the result of the case with adaptive directions for each photon. However, there are still outlier photon clusters, and the residual noise of the adaptive direction of each photon is mostly distributed around the signal. Additionally, compared to the other two directions, there are more scattered points in the denoised results of the adaptive direction for each photon. After the RNR−KNNB algorithm denoising process, the denoising results obtained in the horizontal direction and the uniform direction within the group are capable of removing the residual outlier noise photon clusters of the upper filter and the noise photons around the signal photon, and the adaptive direction filtering of each photon can also remove the noise signal around the signal photon. According to the results shown in Figure 6a,b, it is evident that in the area with complex terrain and steep slopes, the ATL08 denoising algorithm is not capable of accurately identifying the signal photons, resulting in a large number of signal losses. On the contrary, the multilevel filtering algorithm proposed in this study is capable of effectively identifying the signal photons regardless of the filtering direction.



In this study, the denoising results of the strong beam obtained through the multilevel filtering algorithm and the ATL08 denoising algorithm in two study areas are compared in order to quantitatively analyze the denoising accuracy of the filtering results at all levels of the multilevel filtering algorithm, as shown in Figure 7.



According to the results shown in Figure 7, it can be concluded that after implementing the single-level OPTICS algorithm in horizontal direction, intra-group unified direction, and adaptive directions for each photon, the denoising accuracy in study area 1 exhibits higher Rs and F-values compared to the ATL08 algorithm. In study area 2, the denoising accuracy also demonstrates higher Rs values compared to the ATL08 algorithm. The results indicate that, in comparison to the ATL08 algorithm, the single-level OPTICS density clustering algorithm is capable of retaining signal photons to a greater extent and can achieve a higher denoising accuracy. As compared to the accuracy evaluation index of the OPTICS filtering results, the RNR−KNNB filtering algorithm in all directions is capable of obtaining higher Rn, p-, and F-values on the basis of the previous filtering algorithm, whereas Rs exhibits a small decline and is still higher than the ATL08 denoising algorithm. The results indicate that after implementing the two-level RNR−KNNB filtering, the signal photons can be retained to a large extent, the recognition of noise signals can be strengthened, and a greater degree of denoising accuracy can be achieved.



The average denoising accuracy of the strong beam obtained through the multilevel filtering algorithm at all levels and the ATL08 algorithm in the two study areas is shown in Table 4.



According to Table 4, it is evident that the denoising accuracy (Rs/Rn/p/F) of the single-level filtering process with the OPTICS density clustering algorithm in the horizontal direction, intra-group unified direction, and adaptive directions for each photon are 0.99/0.60/0.51/0.67, 0.99/0.61/0.51/0.67, and 0.99/0.60/0.50/0.65, respectively, and the denoising accuracy of the RNR−KNNB algorithm is 0.97/0.65/0.54/0.69, 0.96/0.65/0.54/0.68, and 0.98/0.63/0.52/0.67, respectively. Among them, the denoising accuracy of each level in the multilevel filtering using the horizontal direction and the intra-group unified direction is similar. Moreover, the Rs of the RNR−KNNB filtering results are slightly lower than those of the former OPTICS filtering results, although the Rn, p-, and F-values are improved. As compared to the former OPTICS filtering results, the RNR−KNNB filtering results in adaptive directions for each photon also produced similar Rn, p-, and F-values, while the Rs remained unchanged. Accordingly, it is evident that the RNR−KNNB algorithm in adaptive directions for each photon is capable of retaining the signal photon to a greater extent and can accurately identify noise signals in the case where the daytime strong beam data were processed. As compared to the denoising accuracy of the ATL08 algorithm, it can be concluded that the Rs and F-values of the OPTICS density clustering algorithm in the three directions obtained after implementing single-level filtering are more accurate than the results of the ATL08 algorithm. Furthermore, the Rs, p-, and F-values obtained through the RNR−KNNB algorithm are also higher than those of the ATL08 algorithm.




3.2.2. Fine Denoising Results of Weak Beam Photon Cloud Data


An additional single-level outlier detection algorithm was added to the weak beam photon cloud data filtered through the OPTICS algorithm and the RNR−KNNB algorithm in the three filtering directions, which is different from the fine denoising of the strong beam photon cloud data, i.e., the RANSAC algorithm is implemented in order to detect the outliers of the fine denoised data. The results of signal photon extraction based on DTM and DSM data of airborne LiDAR for weak beam data in study area 1 and study area 2, as well as the denoising results of weak beam obtained using the ATL08 algorithm and the fine denoising results of weak beam in three different directions using the multilevel filtering algorithm, are shown in Figure 8.



The results shown in Figure 8 demonstrate that it is possible to remove the majority of the noise through the OPTICS density clustering algorithm in the horizontal direction and the intra-group unified direction. However, in the case of adaptive directions for each photon, there are still many noise signals that cannot be removed. The residual noise surrounding the signal photons and outlier noise can be removed to a certain extent by employing the RNR−KNNB algorithm in horizontal and intra-group unified directions, but some obvious outlier noise photons still remain in the results. In the case of the RNR−KNNB algorithm with adaptive directions for each photon, numerous noise photons are retained in the final results. The results indicate that the filtering results of the three directions still require further denoising. Therefore, the RANSAC algorithm is employed as a means to remove abnormal data from the filtering results in three directions. Based on Figure 8, it is evident that the RANSAC algorithm exhibits an efficient removal effect on outlier abnormal data. As shown in Figure 8a,b, the ATL08 denoising algorithm is not capable of effectively identifying signal photons, resulting in signal loss, which is consistent with the situation in the same range along the track of the previous strong beam. In addition, the ATL08 denoising algorithm is also unable to correctly identify signal photons in complex terrain areas, regardless of whether it is a strong beam or a weak beam. On the other hand, the algorithm proposed in this study is fully capable of effectively preserving the signal photons in this process.



The denoising results of the weak beam data with the multilevel filtering algorithm and the ATL08 denoising algorithm in the two study areas are compared and shown in Figure 9.



According to the results shown in Figure 9, it can be concluded that after implementing the single-level OPTICS density clustering algorithm in the horizontal direction, intra-group unified direction, and adaptive directions for each photon, the denoising accuracy in the two study areas exhibit a higher Rs than that of the ATL08 denoising results, even though the other accuracy indicators are lower than that of the ATL08 denoising results. The results demonstrate that although it is possible to retain more signal photons after filtering them through the single-level OPTICS clustering algorithm, the recognition accuracy of the noise photons is low, and the overall denoising accuracy is weaker than that of the ATL08 denoising algorithm. In study area 1, as compared to the denoising results of the ATL08 algorithm, the denoising results of the RNR−KNNB algorithm in the horizontal direction and the intra-group unified direction produce higher Rs and F-values and similar Rn and p-values, while the denoising results of the RNR−KNNB algorithm in adaptive directions for each photon produce higher Rs, but the other indicators are lower than the ATL08 algorithm. In study area 2, the denoising results of the RNR−KNNB algorithm in the horizontal direction and the intra-group unified direction are similar to those of the ATL08 algorithm, while the denoising results of the RNR−KNNB algorithm in the adaptive directions for each photon are lower than those of the ATL08 algorithm. In comparison to the results of the superior filtering algorithm, there is a slight decrease in the Rs of the RNR−KNNB algorithm in the horizontal direction and the intra-group unified direction. However, the other indicators were improved, and compared to the ATL08 algorithm, it is capable of achieving similar or even a higher degree of denoising accuracy. The denoising accuracy of the RNR−KNNB algorithm in the adaptive directions for each photon exhibits a certain degree of improvement as compared to the previous filtering algorithm, but it is still weaker than that of the ATL08 algorithm. In study area 1, as compared to the denoising results of the superior filtering algorithm, the RANSAC algorithm was utilized in order to remove abnormal data, and thus, the results were significantly improved, except that the Rs remained unchanged. Compared with the results of the ATL08 algorithm, the denoising accuracy of the horizontal direction and the intra-group unified direction is higher, while the denoising accuracy of the adaptive directions for each photon produce higher Rs and similar F-values, and the other indicators are lower than that of the ATL08 algorithm. In study area 2, the denoising accuracy of the horizontal direction and the intra-group unified direction is similar to that of the ATL08 algorithm, while the accuracy evaluation indexes of the adaptive directions for each photon are lower than that of the ATL08 algorithm. The results demonstrate that the RANSAC algorithm is capable of effectively retaining the signal photons as well as eliminating the abnormal noise data retained by the RNR−KNNB algorithm.



The average denoising accuracy of the weak beam with the multilevel filtering algorithm at all levels and that of the ATL08 algorithm in the two study areas are shown in Table 5.



According to Table 5, it is evident that the denoising accuracy (Rs/Rn/p/F) of the single-level filtering process with the OPTICS density clustering algorithm in the horizontal direction, intra-group unified direction, and adaptive directions for each photon are 0.97/0.80/0.47/0.63, 0.97/0.79/0.46/0.62, and 0.95/0.75/0.41/0.55, respectively, and the denoising accuracy of the RNR−KNNB algorithm is 0.92/0.87/0.55/0.68, 0.92/0.87/0.55/0.68, and 0.94/0.80/0.45/0.59, respectively. The accuracy after removing the abnormal data through the RANSAC algorithm is 0.92/0.88/0.57/0.69, 0.92/0.87/0.56/0.69, and 0.94/0.84/0.51/0.65, respectively. As compared to the denoising accuracy of the ATL08 algorithm, it can be concluded that only the Rs value of the OPTICS density clustering algorithm in the three directions after performing the single-level filtering is superior to the results of the ATL08 algorithm. Higher Rn, p-, and F-values were obtained through the RNR−KNNB algorithm, among which the denoising results in the horizontal direction and the intra-group unified direction are more accurate than those of the AT08 algorithm, and only the Rs value in the denoising results of the adaptive directions for each photon is higher than those of the above two filtering directions. The Rn, p-, and F-values in the filtering results of the RNR−KNNB algorithm are lower than those of the ATL08 algorithm, indicating an inferior degree of denoising accuracy. After implementing the RANSAC algorithm as a means to eliminate abnormal data, the filtering results of the horizontal direction and the intra-group unified direction are superior to the denoising results of the ATL08 algorithm, while the denoising results of the adaptive direction for each photon are improved, except that the Rs value remains unchanged, but it is still lower than the denoising results of the ATL08 algorithm. Based on the qualitative analysis, it can be concluded that the denoising results of the RNR−KNNB algorithm in the adaptive directions for each photon still exhibit a large number of noise photons that have not been removed. Therefore, after the removal of abnormal data through the RANSAC algorithm, as compared to the horizontal direction and the intra-group unified direction, the denoising results obtained through the adaptive directions for each photon exhibit more residual noise signals around the signal photons, and thus, they show a worse denoising result.





3.3. Denoising Results of Strong and Weak Beam Photon Cloud Data in Different Directions and SNRs


To verify the denoising results of strong and weak beam photon cloud data in different directions and SNRs, the ICESat-2 strong and weak beam photon cloud data were divided into segments every 100 m along the orbit. In total, 100 data segments were selected and the SNR of each segment in different filtering directions was calculated. The calculation formula is shown in Equation (15) [27], and the SNR is ranked in ascending order to establish the correlation between SNR and denoising accuracy. The results are shown in Figure 10.


  S N R = 20 × lg   N photon   N noise    



(15)




where Nphoton is the number of signal photons and Nnoise is the number of noise photons.



According to the results shown in Figure 10, the SNR of strong beams is greater than that of weak beams, indicating that strong beam data have higher quality. As the SNR increases, the p- and F-values of the denoising results also increase. The multilevel filtering algorithm proposed in the study can obtain high and stable Rs and Rn values, while the Rs obtained with the ATL08 algorithm changes significant. For example, for weak beams, analyzing the denoising results in the horizontal direction and the intra-group unified direction shows that as the SNR increases, the p- and F-values of the multilevel filtering algorithm gradually increase, and both are higher than the p- and F-values of the ATL08 algorithm. Under different SNRs, the Rs and Rn values of the multilevel filtering algorithm tend to stabilize, and both are better than the results of the ATL08 algorithm. The results show that the multilevel filtering algorithm can retain more signal photons while possessing stronger noise recognition ability. However, by analyzing the results in the adaptive direction for each photon, the Rs and Rn of the multilevel filtering algorithm still maintain a high and stable state with the increase of SNR, but they are lower than the Rn value of the ATL08 algorithm, and the Rs of the ATL08 algorithm show a relatively low and unstable state. The p- and F-values of the two algorithms also increase with the increase of SNR, but the p- and F-values of the multilevel filtering algorithm are lower than those of the ATL08 algorithm. For strong beams, analyzing the denoising results in the horizontal and the intra-group unified direction shows that the Rs value of the multilevel filtering algorithm is significantly better than that of the ATL08 algorithm, and increases with the increase of SNR. However, the Rn value is lower than that of the ATL08 algorithm, but the difference in results is not significant. The results indicate that for strong beams, the multilevel filtering algorithm can retain signal photons to a greater extent and has noise recognition ability similar to the ATL08 algorithm. Moreover, the p- and F-values of the two algorithms gradually increase with the increase of SNR, and the p- and F-values of the multilevel filtering algorithm are higher than those of the ATL08 algorithm. By analyzing the results in the adaptive direction for each photon, the Rs of the multilevel filtering algorithm is higher than that of the ATL08 algorithm, but the Rn is lower than that of the ATL08 algorithm. This is mainly because using adaptive directions for each photon to denoise photon data will enable all photons to obtain their maximum density direction. Although it will improve the ability to retain signal photons, it will also reduce the recognition ability of noise. By analyzing the p- and F-values, it can be seen that the p- and F-values of both algorithms increase with the increase of SNR. Among them, the p-value of the multilevel filtering algorithm is similar to that of the ATL08 algorithm, but the F-value is better than that of the ATL08 algorithm. Especially when the SNR is greater than 17, the F-value of the ATL08 algorithm shows a trend of no increase but rather a decrease, while the F-value of the multilevel filtering algorithm maintains a stable upward trend.



Consequently, the SNR is an important factor affecting the denoising results of algorithms. Specifically, the higher the SNR, the better the data quality, and denoising algorithms can also achieve better denoising results. For weak beams, regardless of the SNR, the denoising accuracy of the multilevel filtering algorithm is better than that of the ATL08 algorithm when using the horizontal direction and the intra-group unified direction. Although more signal photons can be retained when using adaptive directions for each photon, the denoising accuracy of the multilevel filtering algorithm is lower than that of the ATL08 algorithm under different SNR. For strong beams, under different SNRs, multilevel filtering algorithms can achieve higher Rs and similar or even higher F-values than the ATL08 algorithm in all three filtering directions.





4. Discussion


4.1. Analysis of Denoising Results in Different Beam Intensities


Due to the differences between strong and weak beams, the distribution and characteristics of photon counts are not identical. However, previous studies on photon cloud denoising have mostly focused on unified denoising of strong/weak photon clouds, without distinguishing them. For example, Wang et al. [28] used the denoising method based on statistical characteristics to remove noise photons caused by specular reflection from the photon cloud data. The results show that this method can effectively remove the noise photons caused by specular reflection echo from the photon cloud data. Popescu et al. [8] used a multilevel noise filtering algorithm to denoise photon cloud data and utilized an overlapping moving window and cubic spline interpolation method to classify photon cloud data. The results show that the multilevel filtering algorithm can effectively identify background noise photons and preserve signal photons. Qin et al. [29] proposed an improved denoising algorithm, which first analyzes the internal characteristics of photon clouds and adaptively selects the optimal parameters for coarse denoising, and then performs two fine denoising operations. The algorithm successfully removed noise photons from the photon cloud data, and the denoising accuracy is effectively improved with the number of denoising times. The denoising results retain the maximum number of recognizable signal photons. Lao et al. [30] proposed an adaptive method for extracting signal photons. Firstly, based on KNN search and covariance matrix, the first denoising is completed through photon curvature features. Then, the first denoising result is processed using RANSAC and an elevation frequency histogram to obtain the local photon filtering direction and threshold to eliminate locally dense noise photons that cannot be recognized for the first time. The results indicate that the newly proposed algorithm can accurately identify signal photons of different surface types and morphologies, and has good adaptability and robustness. Li et al. [31] proposed a photon denoising method that considers the influence of the density difference between canopy photons and ground photons. The results showed that the average overall accuracy and standard deviation were 0.99 and 0.01, respectively, which is superior to existing filtering algorithms. Moreover, this method can almost completely eliminate the influence of the density difference between canopy photons and ground photons on the filtering results of photon data. Although different algorithms have been employed for denoising photon cloud data and have achieved good results, the aforementioned studies have not conducted differential processing on strong/weak photon cloud data, nor have they studied the impact of differences in intensity of strong/weak photon cloud data on denoising results. On the basis of previous research, this study utilizes a multilevel filtering algorithm to separately denoise photon cloud data of strong and weak beams, in order to study the differences in denoising results between strong and weak photon cloud data. The results demonstrate that the multilevel filtering algorithm can effectively remove noise photons under both strong and weak beam data. However, due to the more distinct photon density characteristics of strong beam data, the algorithm exhibits higher denoising accuracy, while the denoising accuracy of a weak light beam is slightly lower. Additionally, by analyzing the p-value and F-value of the denoising results, it was found that for strong beam photon cloud data, the p-value and F-value are relatively large, indicating that strong beams provide a higher signal-to-noise ratio, making the denoising algorithm easier to distinguish between signals and noise, and achieving higher accuracy and recall. On the contrary, for weak beam photon cloud data, the p-value and F-value are relatively small, indicating that the difference between signal and noise is not significant under weak beams, resulting in relatively low accuracy and recall rates. The results indicate that denoising results for strong beam photon cloud data are more precise than those for weak beam photon cloud data under daytime conditions. It was found that for strong beam data, the density characteristics of signal photons are more prominent, which enables denoising algorithms to better identify and retain signal photons, while reducing false detections and improving the accuracy of denoising. For weak beam data, the characteristics of signal and noise photons are not obvious, the beam intensity is insufficient to effectively distinguish between signal photons and noise photons, or the distribution of noise photons is more random and complex, making it more challenging to distinguish them from signal photons. Therefore, future research should focus on enhancing denoising algorithms for weak beam photon cloud data to further improve denoising results of strong/weak beam photon cloud data, providing high-precision basic data for subsequent photon cloud data classification studies.



To achieve better denoising of strong and weak photon cloud data under daytime conditions, this study proposes a multilevel filtering algorithm. Firstly, the RANSAC algorithm is applied to roughly denoise the daytime photon cloud data with high background noise, and the signal point cloud buffer is established to remove the majority of noise points. Subsequently, the horizontal continuity parameter is calculated according to the photon cloud data following the rough denoising process. Based on this parameter, the shape and size of the search domain of the results of the subsequent fine denoising algorithm are adaptively improved. Finally, a hybrid algorithm combining OPTICS density clustering algorithm and RNR−KNNB algorithm is employed as a means to accurately denoise the photon cloud data in the three filtering directions. Furthermore, the RANSAC algorithm based on a sliding overlap window is utilized in order to remove outliers from the weak beam photon cloud data after the fine denoising process. The results demonstrate that the proposed multilevel filtering algorithm can effectively achieve precise denoising of high-background noise photon cloud data during the daytime, and the results are superior to previous similar photon cloud denoising research results. For example, Zhang et al. [32] proposed a density clustering method based on horizontal ellipse searching, which exhibits good filtering effects in flat areas but struggles to adapt to areas with complex terrains, and the filtering results heavily depend on input parameters. S.C. Popescu et al. [8] proposed an adaptive clustering algorithm that can remove noise photons in most environments, but it faces difficulties in eliminating noise photons near signal photons, exhibits significant dependence on terrain, and has lower filtering efficiency. However, the multilevel filtering algorithm used in this study can adapt to the changes of slope and perform well in areas with complex terrains. Additionally, the separate denoising of weak beam photon cloud data using the RANSAC algorithm based on sliding overlapping windows allows for effective outlier removal, resulting in satisfactory denoising performance under weak beams. Although the proposed multilevel filtering algorithm achieves accurate denoising of daytime high-background-noise photon cloud data, there are still some limitations in denoising weak beam data. Compared to denoising algorithms based on the difference in photon distribution characteristics between signal photon and noise photons, machine learning algorithms have strong learning ability. By training and learning the input point data, they can effectively solve the problems of point cloud data disorder, permutation invariance, and rotation invariance, achieving accurate classification of point cloud data. For example, Meng et al. [33] proposed a back propagation neural network denoising algorithm suitable for ICESat-2 photon data of shallow island and reef areas, and the results showed that the denoising algorithm has good denoising results in shallow island and reef areas. Li et al. [34] used the support vector machine algorithm to classify signal photons and noise photons based on extracting elliptical distance parameters from ICESat-2 photon data in forest areas. The results showed that this method can effectively remove noise photons without relying on any statistical assumptions or thresholds, and the accuracy is higher than 0.98, which is superior to existing algorithms. The above research results indicate that machine learning algorithms can achieve precise classification of signal photon and noise photons by learning the features of each photon point, which is expected to make up for the shortcomings of weak beam photon denoising results. Therefore, in the future, machine learning algorithms can be used for weak beam signal/noise photon classification to improve the denoising results of photon cloud data.




4.2. Analysis of Denoising Results in Different Filtering Directions


In addition to the filtering algorithm and the differences between strong and weak photon cloud data, the filtering direction is also a key factor influencing the denoising results of photon cloud data. For instance, Wang et al. [10] performed directionally adaptive density clustering for fine denoising of point clouds after rough denoising. The results showed that in areas with high slope, when denoising algorithm with a fixed filtering direction was used, some signal points would be lost at the edges. Zhu et al. [18] used ellipse searching to calculate photon density to generate ellipses relative to surface slope, achieving better density statistics and reducing the influence of photon directionality, thereby effectively removing noise photons while preserving signal photons. Although the filtering direction can affect the denoising results of photon cloud data, most previous studies only considered a single filtering direction without considering the impact of different filtering directions on denoising results of photon cloud data. Based on previous research, this study proposed three filtering directions, namely horizontal direction, intra-group unified direction, and adaptive direction for individual photons. For strong beams under daytime conditions, the denoising accuracy of the multilevel filtering algorithm with three directions proposed in this study is superior to that of the ATL08 algorithm in the case where the daytime strong beam was processed. Based on the qualitative and quantitative analyses, it can be concluded that the denoising results of the multilevel filtering algorithm with the horizontal direction and the intra-group unified direction are similar, and the multilevel filtering algorithm with adaptive directions for each photon is capable of retaining more noise around the signal photon; however, there is no obvious outlier noise. There is a possibility that this is due to the stronger ability of the strong beam to describe the surface. Employing the horizontal direction and the intra-group unified direction for filtering may lead to a small amount of noise to produce the filtering direction with the largest photon density. However, the filtering direction of the signal photon is not the best direction, primarily because it reduces the statistical difference between signal and noise photons, thus leading to the existence of a small part of outlier noise. We adopted a method similar to that described in the literature [35], i.e., utilizing adaptive directions for each photon in order to seek out the maximum density direction for filtering. Consequently, both signal and noise photons can obtain their best filtering direction (i.e., the maximum density direction). However, in the case of the photon cloud data in the forest area, the signal points near the canopy top also exhibit a certain degree of continuity in the elevation direction, and utilizing adaptive directions for each photon may lead to incorrectly classifying the noise near the canopy as a signal [10]. After being processed by the secondary filter of the RNR−KNNB algorithm in the fine denoising process, it is possible to effectively remove the outlier noise as well as the noise around the signal photon, regardless of the filtering direction. This is because the RNR definition is introduced in order to describe the relative domain relationship between photons. When calculating the local distance, the distance between two photons is weighted according to the RNR value, which expands the statistical difference between signal photons and noise photons. As a result, noise and signal photons can be effectively distinguished.



For weak beams, both the horizontal direction and the intra-group unified direction produce denoising results that are similar and superior to those of the ATL08 algorithm. However, there are still numerous noise signals that remain after performing the former two levels of the denoising when the adaptive directions for each photon were used. The quantitative analysis demonstrates that only the Rs value in the final denoising results of the adaptive directions for each photon is higher than that of the ATL08 algorithm, and the other accuracy evaluation indicators exhibit values that are lower than those of the ATL08 algorithm and the filtering algorithms in the horizontal direction and intra-group unified direction. The above results are explained by the relatively low laser intensity of the weak beam in comparison to the strong beam, and by the fact that the density difference between the signal photon and the noise photon is not noticeable during the daytime during periods of high background noise. Accordingly, in cases where the daytime weak beam data are processed using the filtering algorithms in the adaptive directions for each photon, the noise around the signal photon may not only lead to misjudgment [10], but may also increase the probability of misjudging the noise photon cloud data in the entire range. In addition, the noise photons of the sunlight in the daytime become distributed over the whole study area and under the ground. The density of photon cloud data in the orbital direction is very different from that in the vertical direction [36]. On the whole, photon cloud data exhibit a higher density and greater continuity of point cloud in the orbital direction. Consequently, the filtering algorithms in the horizontal direction and the intra-group unified direction are capable of achieving superior results, while the filtering algorithms in the adaptive directions for each photon lead to smaller statistical differences between signal photons and noise photons, which also leads to poor denoising results. Thus, it is evident that the filtering algorithm in the adaptive directions for each photon is not suitable for daytime weak beam data denoising.





5. Conclusions


In this study, a new multilevel filtering algorithm is proposed in order to achieve the precise denoising of the ICESat-2/ATLAS daytime photon cloud data for strong and weak beams, respectively. Based on the findings of this study, the following conclusions can be drawn:




	(1)

	
The multilevel filtering algorithm proposed in this study is capable of achieving the precise denoising of the ICESat-2/ATLAS daytime photon cloud data, and its overall accuracy and adaptability are also superior to those of the ATL08 algorithm.




	(2)

	
In the case of the daytime strong beam, the multilevel filtering algorithm in the three filtering directions proposed in this study is capable of achieving more accurate denoising results, and the denoising accuracy is much higher than that of the ATL08 algorithm. Furthermore, the filtering direction does not exhibit any obvious impact on the denoising results of the multilevel filtering algorithm.




	(3)

	
In the case of the daytime weak beam, the accuracy of the denoising results obtained through the multilevel filtering algorithm in the horizontal direction and the intra-group unified direction is similar and superior to the denoising results of the multilevel filtering algorithm in adaptive directions for each photon as well as the ATL08 algorithm. Therefore, in future relevant research, it is not recommended to use the multilevel filtering algorithm with adaptive directions for each photon in order to denoise the ICESat-2/ATLAS daytime weak beam photon cloud data.




	(4)

	
SNR is an important factor affecting the denoising results of algorithms. The higher the SNR, the better the data quality, and denoising algorithms can also achieve better denoising results. For strong and weak beams, the p-value and F-value of the denoising results of multilevel filtering algorithms in three different filtering directions increase with the increase of SNR value.









Although the multilevel filtering algorithm proposed in this study is capable of effectively achieving the precise denoising of daytime photon cloud data with high background noise, the three different filtering directions affect the denoising results of strong and weak beam photon cloud data in different ways. The results of this study can provide reliable technical and methodological guidance for the denoising of ICESat-2/ATLAS photon cloud data in most cases. However, due to the continuous increase of forest canopy density and the complexity of the terrain in the study area, the denoising accuracy of the algorithm may decline to a certain extent. Accordingly, in the future, optical stereo images, such as GF-7 stereo images, and 3D terrain data should be used together in order to produce a denoising algorithm with higher precision and stronger applicability for further improving the denoising accuracy of ICESat-2/ATLAS photon cloud data under complex terrain conditions.
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Figure 1. (a) Schematic diagram of the location of the study area (the background map is from Google EarthTM). (b) southwest of Washington State. (c) southwest of Georgia. 
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Figure 2. The flowchart of the multilevel filtering algorithm. 
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Figure 3. Schematic diagram of point cloud continuous direction angle calculation. (a) Three nearest neighbor points in three directions. (b) Three nearest neighbor points in the same quadrant. (c) Four nearest neighbor points, one in each of the four quadrants. 
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Figure 4. Comparison of the rough denoising results with different number of iterations. (a) Strong beam. (b) Weak beam. 
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Figure 5. Results of rough denoising. (a) Strong beam in study area 1. (b) Weak beam in study area 1. (c) Strong beam in study area 2. (d) Weak beam in study area 2. 
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Figure 6. Fine denoising results of the strong beam. (a) Signal photon extraction results based on DTM and DSM data of airborne LiDAR, along with denoising results using the ATL08 algorithm in study area 1. (b) Signal photon extraction results based on DTM and DSM data of airborne LiDAR, along with denoising results using the ATL08 algorithm in study area 2. (c) Denoising results in the horizontal direction obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 1. (d) Denoising results in the horizontal direction obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 2. (e) Denoising results in the intra-group unified direction obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 1. (f) Denoising results in the intra-group unified direction obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 2. (g) Denoising results obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 1, utilizing adaptive directions for each photon. (h) Denoising results obtained through the OPTICS algorithm and the RNR−KNNB algorithm in study area 2, utilizing adaptive directions for each photon. 
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Figure 7. The denoising results of the strong beam with different algorithms in two study areas. (a) Study area 1. (b) Study area 2. 
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Figure 8. Fine denoising results of the weak beam. (a) Signal photon extraction results based on DTM and DSM data of airborne LiDAR, along with denoising results using the ATL08 algorithm in study area 1. (b) Signal photon extraction results based on DTM and DSM data of airborne LiDAR, along with denoising results using the ATL08 algorithm in study area 2. (c) Denoising results in the horizontal direction obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 1. (d) Denoising results in the horizontal direction obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 2. (e) Denoising results in the intra-group unified direction obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 1. (f) Denoising results in the intra-group unified direction obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 2. (g) Denoising results obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 1, utilizing adaptive directions for each photon. (h) Denoising results obtained through the OPTICS algorithm, RNR−KNNB algorithm, and RANSAC algorithm in study area 2, utilizing adaptive directions for each photon. 
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Figure 9. The denoising results of the weak beam along with different algorithms in the two study areas. (a) Study area 1; (b) Study area 2. 
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Figure 10. The denoising results of strong and weak beam photon cloud data in different directions and SNRs. (a) Weak beam denoising results in the horizontal direction. (b) Strong beam denoising results in the horizontal direction. (c) Weak beam denoising results in the intra-group unified direction. (d) Strong beam denoising results in the intra-group unified direction. (e) Weak beam denoising results in the adaptive direction for each photon. (f) Strong beam denoising results in the adaptive direction for each photon. 
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Table 1. Detailed information of ICESat-2/ATLAS data used in this paper.
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	Study Site
	ICESat-2 Data
	Ground Track





	Study area 1
	ATL03_20210718232050_03871202_005_01.h5

ATL08_20210718232050_03871202_005_01.h5
	GT1R (strong beam)

GT1L (weak beam)



	Study area 2
	ATL03_20210515235947_07971102_005_01.h5

ATL08_20210515235947_07971102_005_01.h5
	GT1R (strong beam)

GT1L (weak beam)










 





Table 2. Detailed information of airborne LiDAR data used in this paper.






Table 2. Detailed information of airborne LiDAR data used in this paper.





	Study Site
	Period
	Altitude (m)
	Slope (°)
	Average Canopy Height (m)





	Study area 1
	2021/07
	365–708
	0–24.23
	34



	Study area 2
	2021/09
	47–55
	0–1.32
	27










 





Table 3. Accuracy evaluation results of rough denoising.
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Accuracy Evaluation Index

	
Study Area 1

	
Study Area 2




	
Strong Beam

	
Weak Beam

	
Strong Beam

	
Weak Beam






	
Rs

	
1.00

	
1.00

	
1.00

	
1.00




	
Rn

	
0.61

	
0.70

	
0.29

	
0.52











 





Table 4. Denoising accuracy of the strong beam data.
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Filter Direction

	
Algorithm

	
Accuracy Evaluation Index




	
Rs

	
Rn

	
p

	
F






	
Horizontal

direction

	
OPTICS

	
0.99

	
0.60

	
0.51

	
0.67




	
RNR−KNNB

	
0.97

	
0.65

	
0.54

	
0.69




	
Intra-group unified direction

	
OPTICS

	
0.99

	
0.61

	
0.51

	
0.67




	
RNR−KNNB

	
0.96

	
0.65

	
0.54

	
0.68




	
Adaptive direction for each photon

	
OPTICS

	
0.99

	
0.60

	
0.50

	
0.65




	
RNR−KNNB

	
0.98

	
0.63

	
0.52

	
0.67




	
-

	
ATL08

	
0.85

	
0.67

	
0.52

	
0.65











 





Table 5. Statistics of weak beam denoising accuracy.






Table 5. Statistics of weak beam denoising accuracy.





	
Filter Direction

	
Algorithm

	
Accuracy Evaluation Index




	
Rs

	
Rn

	
p

	
F






	
Horizontal

direction

	
OPTICS

	
0.97

	
0.80

	
0.47

	
0.63




	
RNR−KNNB

	
0.92

	
0.87

	
0.55

	
0.68




	
RANSAC

	
0.92

	
0.88

	
0.57

	
0.69




	
Intra-group unified direction

	
OPTICS

	
0.97

	
0.79

	
0.46

	
0.62




	
RNR−KNNB

	
0.92

	
0.87

	
0.55

	
0.68




	
RANSAC

	
0.92

	
0.87

	
0.56

	
0.69




	
Adaptive direction for each photon

	
OPTICS

	
0.95

	
0.75

	
0.41

	
0.55




	
RNR−KNNB

	
0.94

	
0.80

	
0.45

	
0.59




	
RANSAC

	
0.94

	
0.84

	
0.51

	
0.65




	
-

	
ATL08

	
0.88

	
0.87

	
0.55

	
0.67

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check CrossRef













media/file13.jpg
7

¢

@

7

¢

®

®

R e

@

e

™





media/file4.png
/ ATLO03 data /

RANSAC algorithm
(rough denoising)

y

Calculate horizontal
continuity parameters

\ 4

Search domain

determination

OPTICS algorithm

v

RNR-KNNB algorithm

parameter —

RANSAC algorithm

Denoising
results of
ATLOS

Airborne
LiDAR data
(DEM, DSM)

Accuracy assessment

| -

(outlier detection)

/

Photon point
cloud after
denoising






media/file21.jpg
@

Rs (4TLO8)
—— RaGATLOS)

— P (mos)
— F (108

(=¥
= o






media/file3.jpg
Denoising.
Fesults of

ATLOS data OPTICS algorithm
ATLOS.

v v

Airborne
R(::*“S:f’ o RNR-KNNB algorithm LIDAR data
5 DEM, DSM)

v
Calculate horizontal
continuity parameters Accuracy assessment

Photon point
cloud after
denoising

b A
Search domaln | RANSAC agorithm

(outier detection)






media/file18.jpg





media/file22.png
Accuracy evaluation index

e
co

e
o

e
o~

e
0o

0.0

Horizontal

(Il

0.8

0.6

0.4

Accuracy evaluation index

0.2
OPTICS RNR-KNNB RANSAC [ OPTICS RNR-KNNB RANSAC| OPTICS RNR-KNNB RANSAC 0.0
Intra-group unified Each photon adaptive
direction direction

direction

(a)

Rs (ATLOS)
—— Rn(ATLOS8)

——— P (ATLOS8)
——— F (ATLOS8)

[TOPTICS RNR-KNNB RANSAC

Horizontal
direction

[ 1 Rs
1 Rn

OPTICS RNR-KNNB RANSAC
Intra-group unified
direction

(b)

BN P
1 F

OPTICS RNR-KNNB RANSAC
Each photon adaptive
direction






media/file7.jpg
Rs. Rn.

i i Nusber of terations

Nahor of Tterations

(a)

(b)






media/file19.png
1400

1200

1000 et

Elevation (m)

1200

1000 -

Elevation (m)

Elevation (m)

Noise photons)
Signal photons
Signal photons (ATLOS)

%
<3
=3

I
3
S

400

200

. Noise photons

« Signal photons (OPTICS)
Signal photons (RNR-KNNB)
Signal photons (RANSAC)

40‘00 60‘00 30‘00
Along-Track distance (m)

(c)

1200

1000 -

%
<3
=3

I
3
=3

400

200

. Noise photons

Signal photons (OPTICS)
Signal photons (RNR-KNNB)
Signal photons (RANSAC)

T
0 4000

60‘00 80‘00
Along—Track distance (m)

(e)

150 q

—

=

~—

o

O 50

ot

)

]

=

(<]

—

m 0
50 4

1

Elevation (m)

1004 - 7

Noise photons)
Signal photons
Signal photons (ATLOS) .

(b)

35‘00 40‘00 4500 50‘00
Along-Track distance

o
S
S

(m)

20 4

Noise photons

Signal photons (OPTICS)
Signal photons (RNR-KNNB)
Signal photons (RANSAC)

90 4
2500 3000 3500 4000 4500 5000 55
Along-Track distance (m)
Noise photons
1207 Signal photons (OPTICS)
Signal photons (RNR-KNNB)
100 - Signal photons (RANSAC)

—~
E
=
o
Q
-
-
©
-
5]
—
4]

20 4

T
3000

T T
3500 4000

45‘00
Along—Track distance (m)

()

T
5000 55






media/file14.png
Elevation (m)

Elevation (m)

Elevation (m)

Elevation (m)

1400 4

1200 4

200

1000 { &

00 g

- Noise photons)
. Signal photons
. Signal photons (ATLO8)

2000

1000

6000 8000 10,000 12,000

Along-Track distance (m)

(a)

1200

- Noise photons
Signal photons (OPTICS)
Signal photons (RNR-KNNB)

4000

T T

6000 8000
Along-Track distance (m)

(c)

T 1
10,000 12,000

1200 4

. Noise photons
Signal photons (OPTICS)
Signal photons (RNR-KNNB)

2000

1000

6000 8000 10,000 12,000
Along-Track distance (m)

(e)

1200 A

. Noise photons
Signal photons (OPTICS)
Signal photons (RNR-KNNB)

4000

T T

6000 8000
Along-Track distance (m)

(8)

10,000 12,000

Elevation (m)

Elevation (m)

Elevation (m)

Elevation (m)

200

150 1~

-50 4

~100 A

. Noise photons)
« Signal photons :
. Signal photons (ATLO8)

T
3000

T T T T
3500 4000 4500 5000 5500

Along-Track distance (m)

(b)

100

-20

- Noise photons
.  Signal photons(OPTICS)
« Signal photons (RNR-KNNB) |

T
3000

’10’00 45‘00 5000
Along-Track distance (m)

(d)

T
3500

@
&
S

100 -

20

. Noise photons
«  Signal photons(OPTICS)
«  Signal photons (RNR-KNNB) '

30‘00

35‘00 40‘00 45‘00 50‘00 5500
Along—Track distance (m)

(f)

100 -

. Noise photons
«  Signal photons(OPTICS)
«  Signal photons (RNR-KNNB) '

30‘00

35‘00 400 45‘00
Along-Track distance (m)

(h)

5000 5500





media/file6.png
@ Neighbor point

@ Target point





media/file15.jpg
Rs(ATL08)
—— RaTLO8)

P (1L08)
—— F o)






nav.xhtml


  remotesensing-15-04260


  
    		
      remotesensing-15-04260
    


  




  





media/file11.png
Elevation (m)

800 Bt

600 +

400 s R

200

Wi
bt TN e s
" wvégkiﬁfﬁﬁﬁégkni'ﬂ
2 . SRR RS
0. o . -“g.‘-”-b«;\' "}"“fj‘ R tig
Riaph oAt euﬁ“ﬁ§ﬁ4=w3v*. i,

; Shigg
o DToR prate 5% o O
ika:é%ﬁgggggggﬁhe-_g._A

o

S

Lo P
.... ) 21 .:.i: 7 .q..:' 2 *';Q
i

- oe e, ) . €
¢ Sge, .'.\" .u{?‘ﬁ.! W-
W T e L
By ARSI f'ﬁ\*ﬁi‘%
3 i}{‘{

A G :»';4

e et sk

_,z'\ ¥ PPINEN "{1 .g}' .:-"l'.";
PN ] KR A o
b s u-.’..'_'p {3 8 '.};é,,

. 's?|

A

%

&t

3

%!
.':' X (3
H o, 3?4‘
"'*'?-«%. 59

Signal points
Noise points

9500

3000

3500 4000 4500 5000 5500
Along-track distance (m)

(a)

Elevation (m)

e
i p :a‘\’%}{; TR X Ll SR T B
v veiee. :"ﬁ’";’ﬁ;{a{. :. zﬁﬁéyﬁf}uﬁ !ﬁ 4"'5""7"'
- PR AR R R AN S %
> o o, o e Y
B e g :

Signal points
Noise points

9500 3000 3500 4000 4500 5000 5500
Along-track distance (m)

(b)





media/file16.png
Accuracy evaluation index

Accuracy evaluation index

0.8

0.6

0.0

0.4
0.2
OPTICS RNR-KNNB OPTICS RNR-KNNB OPTICS RNR-KNNB
Horizontal Intra-group unified Each photon adaptive
direction direction direction
(a)
Rs (ATLOS) ——— P (ATL08)
— Rn(ATLO8) ~ —— F (ATLO8)

OPTICS RNR-KNNB
Horizontal
direction

B Rs
[ 1 Rn

OPTICS RNR-KNNB
Intra-group unified
direction

(b)

1P
1 F

OPTICS RNR-KNNB
Each photon adaptive
direction






media/file2.png
120°0'0"W 100°0'0"W 80°0'0"W

Legend
Z (a) zZ
o o
> = Stud area
3 b
E Airborne lidar data coverage area

=z > Ground track of weak beam
S S Ground track of strong beam

D 800 1600 2400

e ww  wm Kilometers

|20°00"w 100°0'0"W 80°0'0"W N

123824'0"W 122°19'30"W 122°15'0"W 84°3130"W  84°27'0"W  84°22'30"W

e Lo

—“ Nl Tt NS

2| (b) £ o R

s s RO e

30 S %0 YORS 0 &

<t 5 = - ¥ i

| iR, n

< <+ £ &
o o
o O
o o
o o

Z Z

S| o& Z

3 I8 £

S SRS a

g p Fo °,
[an] N

R0 1 2 3 d N
(8 o Kilometers it

122°24'0"W 122°19'30"W 122°15'0"W 84°31'30"W 84°27'0"W 84°22'30"W





media/file20.png
Elevation (m)

1200 4 . Noise photons
Signal photons (OPTICS)
Signal photons (RNR-KNNB)

Signal photons (RANSAC)

1000 -

800

400 4

T T
2000 4000 10000

60‘00 SOIOO
Along-Track distance (m)

(8)

120 4

100 4

40 4

Elevation (m)

20 4

.« Noise photons

o Signal photons (OPTICS)
- e Signal photons (RNR-KNNB)
’ .« Signal photons (RANSAC)

T T T
3000 4500 5000 5500

35‘00 40‘00
Along-Track distance (m)

(h)





media/file23.jpg
Sp——

. A-m-u-c:h‘u'*

| iR
T ’

@ o
®






media/file10.jpg
(c)






media/file5.jpg
(22

o v
LR

-

) x
* e

@

@ Target poi @ Neighbor point





media/file24.png
09

f=d
-

[=
-~

Accuracy evaluation index
= =
n =

=]
B

Accuracy evaluation index

Accuracy evaluation index

llrl l- wfet TR S S - ES‘(‘(’)“ a'ls‘"i}t:m))
.~ ° e n(Our algorithm
’g ‘ ‘ ‘.. .a " ’ .O: o::u A P(Our algorithm)
6 ¢  F(Our algorithm)
1 e .; ®  RS(ATLO0S)
®  Rn(ATLOS)
4 P(ATLOS)
¢ F(ATLOB)
P
+ 0 HHOD
¢, ¢ ::&: 0 0 svem eiup
l1g s g ugrtil 141 39 ¢
¢
:!::: ’“ ' T Yom ey
E AAA g
" A L4 P :::‘ Aa avasm
A A A Anh A
k‘:’ “‘A‘A}q AMA &
A
-30 -29 -28 -27 -26 -25 24 -23
SNR
(a)
[ L ) ;l wfen TN o S .- z:&g:' a'ls‘”{":m))
09 A — r algorithm
’. ‘ ‘ “" .c ‘S ’ 83 ‘el :'M A P(Our algorithm)
” ¢  F(Our algorithm)
“1 o .‘ ®  Rs(ATLO0S)
®  Ru(ATLOS)
07 A 4 P(ATLOS)
¢ F(ATLOS)
06 -
-
o0t
‘ P 190000 (nen e
05 -
Bt ¢ fpaprit t?
1 : A AMbas —
L Aadad A0 L anm aalial
A ass A AAMMA AB
t amtfl 4l il 1
o fug 480
-30 -29 -28 27 -26 -25 -24 -
SNR
(¢)
® Rs(Our algorithm)
LLL
09 Jt?‘!a 5 !"."'e- = Rn(Our algorithm)
& .O. .. A P(Our algorithm)
o ¢  F(Our algorithm)
o L ® Rs(ATLO08)
®  Ru(ATLOS)
0.1 4 P(ATLOS)
¢ F(ATLOS)
0.6
¢ & 400N ’
05 pray o o
: . st ® “»M