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on DBSCAN for Photon-Counting Laser Altimeter
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Abstract—Photon-counting light detection and ranging is very
sensitive to ambient interference, target features, and instrument
performance, especially for long-distance detection of spaceborne
laser altimeter and measurement of complex land-cover types with
steep terrain. Itis crucial to extract the signal photons on the ground
surface from the collected photon point cloud (PPC). An adaptive
signal photon detection method is presented in this article, which
combines histogram statistics and boxplot analysis with density-
based spatial clustering of applications with noise (DBSCAN), to
denoise the PPC data with strong and weak noise obtained by ice,
cloud, and land elevation satellite-2 laser altimeter. First, a coarse
denoising with histogram of elevation is conducted on the raw
PPC to reduce the calculation amount. Second, a fine denoising
based on adaptive DBSCAN is used to extract the signal photons,
where the key parameters of elliptic filter kernel are automati-
cally determined according to the topographic data situation. We
compared it with other methods, including local distance statistics
(LDS), traditional and modified DBSCAN, traditional and modified
ordering points to identify cluster structure (OPTICS), and ATL08
data. Some quantitative indicators, such as recall (R), precision (P),
and F-score (F), are used to evaluate its performance. The results
show that; 1) the adaptive DBSCAN has the best performance on
preserving the vertical structural characteristics of ground objects,
and 2) the adaptive DBSCAN in the mean R, P, and F of three
land covers (i.e., mountain forest, urban, and water areas) can get
up to the maximum are 0.9852, 0.9675, and 0.9761, respectively;
followed by ATL08 data with 0.9773, 0.9412, and 0.9536, modified
OPTICS with 0.9684, 0.9460, and 0.9586, and modified DBSCAN
with 0.9613, 0.9474, and 0.9544; and then OPTICS with 0.9444,
0.9397, and 0.9378, and the DBSCAN with 0.9444, 0.9355, and
0.9554; the last one is LDS with 0.9382, 0.9261, and 0.9422. The
proposed method provides an alternative approach for rapid and
accurate processing of PPC on complex terrain.

Manuscript received 19 October 2023; revised 14 December 2023; accepted
6 January 2024. Date of publication 10 January 2024; date of current version 29
January 2024. This work was supported in part by the Natural Science Founda-
tion of Shanghai Municipality under Grant 23ZR 1473200, and in part by the Key
Laboratory of Space Active Opto-electronics Technology, Chinese Academy of
Sciences (CAS) under Grant CX1J-22S019. (Corresponding authors: Zhenhua
Wang; Weiming Xu.)

Xiangfeng Liu and Fengxiang Wang are with the Key Laboratory of Space
Active Opto-electronics Technology, CAS, Shanghai 20083, China, and also
with the Shanghai Institute of Technical Physics (SITP), CAS, Shanghai 20083,
China (e-mail: xiangfeng_liu@ 163.com; wangfengxiang @mail.sitp.ac.cn).

Zhenhua Wang, Wuzhong Yang, and Shixian Chen are with the College of
Information Technology, Shanghai Ocean University, Shanghai 201306, China
(e-mail: zh-wang @shou.edu.cn; 563539827 @qq.com; 751184523 @qq.com).

Xiaowei Chen is with the Beijing Institute of Tracking and Telecommunica-
tions Technology, Beijing 100094, China (e-mail: chenxw_2007 @aliyun.com).

Weiming Xu and Rong Shu are with the Hangzhou Institute for Ad-
vanced Study, UCAS, Hangzhou 310024, China, and also with the Shang-
hai Institute of Technical Physics, CAS, Shanghai 20083, China (e-mail:
xuwm@mail.sitp.ac.cn; shurong @mail.sitp.ac.cn).

Digital Object Identifier 10.1109/JSTARS.2024.3352023

, Shixian Chen
, and Rong Shu

, Fengxiang Wang ", Xiaowei Chen ",

Index Terms—Adaptive signal photon detection, denoising,
density-based spatial clustering of applications with noise
(DBSCAN), photon-counting laser altimeter, photon point cloud
(PPC).

I. INTRODUCTION

remote sensing technology that enables three-dimensional
(3-D) measurement of both natural and manmade terrain. This
technology operates by emitting laser pulses from platforms,
such as aircraft or satellite, receiving and measuring the time it
takes for the signals to return from the object surface, and then
calculating the elevation of the terrain below. It is extensively
utilized for land planning and management, natural hazards
monitoring, hydrology, and oceanography [1], [2]. Despite the
numerous advantages of LiDAR technology, there is still a need
to further improve the efficiency, accuracy, and resolution of
the measurements while reducing the cost of platform resources
and power consumption. Following the success of airborne test
instrument, slope imaging multipolarization photon-counting
LiDAR and multiple altimeter beam experimental LiDAR [3],
[4], [5], the ice, cloud, and land elevation satellite-2 (ICESat-2)
was launched on Sep. 15, 2018. It carried an advanced to-
pographic laser altimeter system (ATLAS), which is the first
spaceborne photon-counting laser altimeter. Compared to the
traditional discrete-return and full waveform LiDAR with linear
detection mechanism, such as shuttle laser altimeter, geoscience
laser altimeter system, global ecosystem dynamics investigation,
and China’s ZiYuan-302 and Gaofen-7 laser altimetry, the single
photon-counting LiDAR (PCL) has several advantages due to its
more sensitive detector (Geiger mode avalanche photodiodes or
photomultipliers). It comes with high sensitivity, high frequency,
low energy, and low divergence, making it suitable for weak
detection, harsh environments, complex and distant targets, and
limited platform resources. It can meet multibeam requirements,
provide dense along-track sampling, and offer high-resolution
single-photon data [6], [7], [8], referred to as photon point cloud
(PPC). The PCL is becoming increasingly popular because it can
provide massive data and detect objects invisible to traditional
remote sensing technologies. However, since this mechanism
of PCL is sensitive to individual photon, it cannot only receive
signal echoes reflected from the ground surface but also record
noise echoes returned by scattering and reflection, thus its data
can severely be affected by the ambient condition (atmospheric
scattering and solar radiation), target feature (land-cover types

LIGHT detection and ranging (LiDAR) is an advanced
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and reflectance), and instrument performance (transmit energy,
detector efficiency, and dead-time and after-pulsing effect) [9],
[10]. As aresult, there are usually numerous noise photon events
randomly and widely distributed along the laser propagation
path, especially in the daytime data. Therefore, denoising tech-
nology is needed to extract the signal photons of the ground
surface from noisy PPC data, which is a critical process that
directly affects the quality and usefulness of the data for subse-
quent applications, especially in complex area with steep terrain.

Because PPC data are characterized by concentrated signal

photons and relatively discrete noise photons in the vertical ver-
sus horizontal distribution, and the ground surface is continuous,
scholars have performed many supervised and unsupervised
classification algorithms to extract signal photons. There are
three typical methods as follows.

1) Image processing or grid statistical filtering: This method
rasterizes the PPC along the track into 2-D images [11],
[12], [13] or voxel grids [14] based on the density of
photons. Image processing techniques are then used to
identify signal photons, such as edge and region detec-
tion, probability distribution function, median filters, etc.
However, this method may result in the loss of useful
information during the transformation from photons to
rasterized data.

2) Histogram statistic or probability density: This method
involves analyzing the local density information and rel-
ative neighboring relationship in the spatial distribution
of photons, using localized statistical analysis [15], [16],
[17], [18], [19], [20], local angle mapping [12], local
distance statistics (LDS) [21], local outlier factor (LOF)
[22], spatial statistical and discrete mathematical concepts
[23], and k-nearest neighbor or Bayesian decision [24] to
identify the signal photons. However, this method lacks
consideration for the influence of terrain slope and the
problem of uneven density distribution of PPC data.

3) Density clustering: This method involves analyzing the
spatial distribution information of PPC data to identify sig-
nal photons with a local cluster criterion, such as common
and modified density-based spatial clustering of applica-
tions with noise (DBSCAN) [6], [25], [26], crisp clustering
[11], and ordering points to identify the clustering
structure (OPTICS) [27], [28]. It has been demonstrated
that this is the most popular and effective method currently,
however, it fails to effectively filter out noise photons in
vegetated environments with steep terrain [11], [24].
Some multistage filtering algorithms have been proposed
to solve the photon filtering problem from complex
terrain. For example, Popescu et al. [11] proposed
a multilevel filtering algorithm to remove the noise
photons, and the signal photons, after filtering, were
classified into ground and canopy using moving windows
and cubic spline interpolation. Neumann et al. [29] used
an ellipsoidal-based slant histograms to identify the signal
photons over slope regions in the ATLAS ATLO3 data
product, which also performed in [30]. Neuenschwander
and Pitts [31] used a differential, regressive, and
Gaussian adaptive nearest neighbor (DRAGANN) to
extract of terrain and canopy heights from the ATLAS

3675

ATLO3 data and generate the ATLO8 data product.
Xie et al. [32] conducted a review and comparison of
the surface detection methods. For spaceborne laser
altimetry, each detection task will obtain PPC data with
a long along-track distance, which inevitably covers
various land-cover types with complex terrains, including
land, urban areas, forests, water bodies, and mountains.
There are still great challenges to accurately extract the
signal photons with an effective method, especially for
the complex surfaces with large terrain variations and
inconsistent strong and weak noise.

The density clustering methods have been demonstrated to
have good performance, where a circle or an ellipse filtering
kernel is usually used to analyze the neighbors of photons [33].
Thereinto, the DBSCAN, first introduced by Ester et al. [34],
could efficiently cluster signal photons without target clusters
and discover clusters of an arbitrary shape. In algorithm DB-
SCAN and similar algorithm OPTICS, the determination of the
main parameters of the circular filter kernel, such as neighbor
radius (Eps) and minimum number of neighbors points (MinPts),
is a key factor that directly affects the denoising performance.
The modified DBSCAN and OPTICS change the circular filter
kernel into an ellipse [6], [19], [22], [25], [27], [35], [36], [37],
[38], [39], which increases the weight of horizontal distance to
be more suitable for signal identification of ground clustered
photons, but it brings difficulties in setting more parameters,
such as major and minor axes and direction. Currently, some
strategies are used to automatically determine the main param-
eters of filtering kernel as follows.

1) Respect to Eps and MinPts parameters: Ma et al. [40]
set a fixed radius (Eps) of DBSCAN according to the
land type and determined the MinPts based on the photon
number of signal and noise on the land-cover types in
coastal area. Huang et al. [26] used a particle swarm
optimization algorithm to optimize the two parameters.
Zhang et al. [36] set the MinPts as three times of
the noise rate. Meng et al. [41] used K-mean nearest
neighbor to optimize the Eps and calculated an adap-
tive denoising threshold based on the sea surface data
density.

2) Respect to major and minor axes of ellipse: Zhu et al. [19]
set major and minor axes as specific values. Chenetal. [22]
used an empirical ratio to set the major and minor axes.
Zhang et al. [36] set the major and minor axes as the
footprint diameter and receiving pulsewidth, respectively.

3) Respectto filter direction: Zhuetal. [19] and Xie et al. [35]
adjusted the filter kernel direction with an angular interval
to find the maximum photon number so that the filter
kernel can optimally adapt to the local terrain slope.
Zhang et al. [36] used the slope—noise relationship to
rotate the direction of the searching neighborhood in the
DBSCAN to obtain continuous terrain profile from the
weak beam data. Lao etal. [37] and [38] employed random
sample consensus (RANSAC) to find filter direction with
the largest number of photons iteratively. He et al. [39]
established the direction of elliptical search area of LOF
according to the terrain slope of segment that calculated
based on initial classification.
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4) Respect to threshold parameter: Zhang et al. [42] adopted
a genetic algorithm based on training data to select
two parameters of localized statistics-based algorithm
to calculate the distance sum and threshold to separate
noise.

Most scholars count the density criterion of photons contain-
ing signal and noise and find the gap between them to distinguish
the signal and noise photons. In a nutshell, the key parameters
of filter kernel are almost manually determined according to the
specific land-cover type, set by an empirical model, or optimized
using prepared training dataset. Obviously, these are not conve-
nient for fast and accurate processing of large regions covering
different land-cover types and complex terrain, let alone meeting
the needs of online processing. Therefore, itis inevitable to adopt
adaptive unsupervised classification methods for the massive
PPC data that cover multiple land-cover types simultaneously
to select the optimal parameters.

To improve the denoising accuracy and keep more verti-
cal structural information, an adaptive signal photon detection
method for PPC data, while just considering the spatial distribu-
tion and density characteristics of PPC data, covering different
land-cover types with different terrain slope, is demonstrated in
this article. This method combines the histogram statistics and
boxplot analysis with modified DBSCAN and adopts a two-step
approach of coarse denoising and fine denoising. It employs an
automated process to determine the main parameters, such as
the size of the major and minor axes and direction of elliptic
filter kernel, and MinPts parameter. It focuses on automatically
determining the major and minor axes based on the density
situation of PPC data to avoid the trouble of empirical models,
and selecting directions according to the local terrain slope to
avoid the high consumption of traversal search. Its performance
is conducted on ATLO03 data product of ICESat-2/ATLAS, and
compared with other methods, including LDS, traditional and
modified DBSCAN, traditional and modified OPTICS, and the
results of ATLOS data.

The rest of this article is organized as follows. In Section II-A,
the ATLAS instrument characteristics and experimental dataset
are introduced. In Section II-B-1, a coarse denoising with Gaus-
sian fitted histogram of elevation is described to extract the
photons around the ground with a certain elevation window, to
reduce the calculation amount of the raw data, and improve the
operation efficiency. In Section II-B-2, a fine denoising based
on adaptive DBSCAN is used to identify the signal photons on
the ground surface, where the determination of the key param-
eters of modified DBSCAN is detailed. In Section II-C, some
quantitative metrics are introduced to compare these methods,
such as recall, precision, and F-score. In Section III, comparative
experiments are conducted on strong and weak noise PPC data
in mountain forest, urban, and water areas acquired by ATLAS,
and the results and discussions are performed in detail. Finally,
Section IV concludes this article.

II. MATERIALS AND METHODS
A. ICESat-2/ATLAS and Experimental Dataset

ICESat-2/ATLAS takes a 532-nm laser to emit a pulse, and
each laser beam is split into six beams in cross-track direction
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by a diffractive optical element (three pairs and each pair is
consisted of a strong beam and a weak beam, where the energy
of weak beams is approximately 1/4 compared to that of strong
beams with 45 + 5 pJ), the cross-track distance between ad-
jacent strong beams is approximately 3.3 km and the distance
between strong and weak beams of each pair is approximately
2.5 km [43]. The ATLAS uses a micropulse PCL operating at
a high laser repetition rate of 10 kHz, generating more dense
footprints in along-track direction with a diameter of ~17 m
separated by ~0.7 m intervals along the ground track. The dense
sampling of ATLAS allows an efficient measurement of the
Earth’s surface [8]. It also provides several data products to the
science community and general public [44], including Level 1B
(denoted as ATLO02) to provide the time of flight, housekeeping
data, and other data necessary for science data processing; Level
2A (identified as ATLO3) to provide the latitude, longitude, and
ellipsoidal height of photons recorded by the ATLAS; and the
higher level surface-specific data products (named as Level 3A)
generated based on the ATLO03, which consist of glacier and ice
sheet height, sea ice freeboard, vegetation canopy height, ocean
surface topography, and inland water body height.

In the experiment, ATLO3 datasets obtained from three de-
tection tasks on Oct. 30, 2018, May 11, 2021 and May 28,
2021, respectively, and data from three strong beams in each
task were selected for testing, containing the raw data points
recorded with unique time tag, latitude, longitude, and WGS 84
ellipsoid elevation. The ATLO8 datasets were also downloaded
to help manually extracted signal photons on ground surface.
Fig. 1 shows the ground tracks of geolocated PPC data, six
tracks, locating at 101-109°E and 33-51°N, were collected in
the daytime with high noise rate; while the other three tracks,
locating at 106-110°E and 32-37°N, were collected at night
with low noise rate. These tracks cover the mountain forest,
urban, and water areas. Due to the lower transmitted laser
energy, the mean signal photons per shot varied from 0.1 to 10
photons [8], [45]. The collected PPC from ground surface suffer
from background noise, backscatter noise, detector dark noise,
and after-pulsing noise. In the daytime, the solar background
noise rate is approximately several MHz, making the number of
background noise photons exceed the number of signal photons
within the range gate. Compared to background noise, the de-
tector dark noise rate is only several KHz and could be neglected
[23]. The backscatter effect arising from clouds and aerosols and
the after-pulsing detector effect introduce noise photons into the
signal photons above and below the ground surface, respectively.
As a result, the noise photons in daytime are much larger than
that at night, resulting a lower signal-noise ratio in daytime, as
shown by the large amount of noise in daytime in Fig. 1(a) and
the small amount of noise at nighttime in Fig. 1(b). Nonetheless,
the distribution of signal photons is more concentrated than the
noise photons. The data of these tracks were detected by the
strong beam in the experiment, since there was less noise in
the weak beam recorded data.

B. Adaptive Denoising of the Photon Point Cloud Data

The main workflow of this adaptive denoising method is
shown in Fig. 2. First, a coarse denoising based on Gaussian
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fitting of elevation histogram is adopted to reduce the calculation
amount of the raw data and improve the operation efficiency.
That is, histogram statistics are made on the elevation of all pho-
tons in the PPC data according to the segmentation along-track
distance, and then Gaussian function is used to fit the histogram
and obtain the threshold that can remove the identified pho-
tons outside the terrain profile, i.e., preliminary noise photons.
Second, a fine denoising based on modified DBSCAN is used
to extract the signal photons on the objects surface, where the
main parameters for the elliptic filter kernel and the denoising
threshold are automatically determined according to the data
distribution characteristics. In which, Gaussian fitting and box-
plot analyses are used to analyze the clustering information of
the remaining ground photons to help determine the major and

minor axes of the elliptic filter kernel of the DBSCAN, and then
calculating the local slope using ground photons to determine
the direction of the elliptic filter kernel. Finally, boxplot analyses
are used to remove the abnormal points. All the processing steps
were implemented using Python 3.6, and the details of each step
are described as following sections.

1) Coarse Denoising Based on Gaussian Fitting Histogram:
Although a certain range gate is set as the detection window
during the PCL measurement, the PPC data still contain a large
number of noises above and below the ground surface, which
require further preprocessing to remove the background noise
and reduce the amount of calculation. In the spaceborne PPC
data, the density of signal photons reflected by the ground surface
is usually two orders of magnitude greater than the atmospheric



3678

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

Photon point cloud data of ATLAS

¥

¥

> Histogram statistics of the photon elevation ‘
12}
-2 ¥
5 Gaussian function fitting
Q
4 ‘ Preliminary noise
g < threshold of ground elevation -No—>
3 ) photons
YMD
Photons around the ground ‘
Hist fafistics and boxeplot| [ Obfain two potats aboutTocal .
1stogram Staustics and box-plo aim two pornts about foca Vertical statistical characteristics
analysis of photon elevation slope on the ground v
FWHM, first and third quartiles, Calculate the angle between two . .
. . . Number of noise and signals
and probability density points
12 v 17
Major and minor axes of ellipse Direction of the ellipse Minimum number of points

v

Adaptive detection based elliptic DBSCAN

Neighborhood threshold of ground

Yes

-No—>

Fine noise photons

Initial signal photons on the ground surface

v

Abnormal photon identify based on box-plot analysis

Yes

Abnormal noise
photons

Signal photons on the ground ‘

Fig. 2.

noise photons due to the performance of the single-photon detec-
tor and the influence by the laser energy and the solar radiation.
Therefore, the histogram statistics of photon’s elevation is likely
to show a single-peak characteristics with low frequency on the
left and right sides and high frequency in the middle, which
can be fitted with a Gaussian function to obtain the threshold to
remove pure background noise.

The main processing processes include the following condi-
tions.

a) Segmenting PPC data along-track distance with an inter-
val of 100 m, which can be divided into Segment 1 to
Segment 7.

Counting the number of photons within each elevation
range with a bin of 10 m for each segmented data, so
background photons in the histogram are randomly dis-
tributed in bins, while signal photons are clustered in one
or a few bins.

Calculating the elevation threshold of the initial signal
photons by the distribution information of elevation and
frequency in the histogram statistic, where the mean p and
standard deviation o of the elevation of signal photons’

b)

c)

Workflow of the adaptive denoising approach for photon-counting point cloud.

distribution are fitted by a Gaussian function. Using the
triple standard difference method, the upper and lower
thresholds of ground elevation are set as px + 1 X o and
1 — ta X o, respectively, and the value of 71 is twice that
of #5 (i.e., 3 and 1.5, respectively), as the mean value is
usually close to the ground surface and there are higher
objects on the ground;

Treating the photons within the threshold range as initial
signal photons around the ground and the rest as prelimi-
nary noise photons.

2) Fine Denoising Based on Elliptic Filter Kernel DBSCAN:
Coarse denoising can remove over 90% of the background
photons and preserve all photons around the ground, while fine
denoising is needed to further identify and extract the signal
photons on the ground surface, where the main parameters, such
as major and minor axes, minimum number of neighbors points,
and direction of elliptic filter kernel, should be automatically
determined according to the PPC data distribution characteristics
on land-cover types and terrain changes.

a) Automatic determination of the major and minor axes
of the elliptic filter kernel: After coarse denoising for noisy

d)
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photons, finer histogram statistics on the elevation of initial
signal photons with a bin of 0.5 m for each segmented data
along-track is conducted. To obtain a more refined elevation
distribution range of PPC, the distribution characteristics of the
ground photons is also fitted by a Gaussian function, such as
half-height width (FWHM) and probability density. This param-
eter represents the elevation range of the ground surface and its
land covers. Thus, the minor axes of elliptic filter kernel should
be related to the elevation range, and the major axes should
be correspondingly larger than the minor axes to increase the
weight of horizontal distance, which is more suitable for signal
identification of ground cluster photons. Generally, the steeper
the terrain, the larger the elevation range of ground photons, and
the wider of their FWHM. Then, we need to use a lager filter
kernel. A boxplot analyses is introduced simultaneously based
on the Gaussian fit value to determine the semi-minor axis b
of the ellipse, where the first decision value b; is calculated
by Gaussian fitted FWHM, and the second decision value b5 is
equal to the height difference between the first quartile Q1 and
the third quartile Q3 of the boxplot. The semimajor axis of the
ellipse can be determined by multiplying the probability density
by the number of histograms n

FWHM = 2vin2c (1)
b = % FWHM 2)

by = Q1 — Q3 (3)

b = 1/ b1 X b2 (4)

a = n x density (®))

where o is the standard deviation of Gaussian fitting and density
is the probability density of the frequency of the photons number.

b) Automatic determination the optimal direction of the
elliptic filter kernel: When the circular filtering kernel is modi-
fied to an ellipse, the horizontal elliptic filter kernel does achieve
good performance on flat terrain, but there are some limitations
in mountainous areas, especially those with steep terrain. Due to
densely distributed signal photons gathering on the topographic
profile along the terrain slope, the optimal filter direction can
obtain the largest number of photons and be consistent with
the local terrain slope. Different from some current methods,
such as traversing the PPC with specific angular intervals to
find the direction with the largest photon density, evaluating the
main direction of the photon distribution by principle component
analysis, and extracting the largest number of photons and itera-
tively fitting model meeting the terrain slope by RANSAC. Our
method directly calculates the local slope within the elliptic filter
kernel. The neighbor distance between two points is calculated
by

. AXZ  AH?
Dist (p,q) = s+ —5 (6)
a b
AXy = cosb (X, — X,) + sind (H, — H,) 7
A Hy = sind (X, — X;) + cosd (H, — Hy)
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H, — H
6 =tan* (M) )

where p and ¢ are any two photons in the PPC data, a, b, and 0
are semimajor and semiminor axes and direction of elliptic filter
kernel, respectively; X, and X, are the along-track distance,
respectively, H,, and H, are the elevation of the two points,
respectively. When Dist(p, g) is less than 1, it means the point is
inside the elliptic filter kernel; otherwise, it means the point is
outside the elliptic filter kernel. The direction of the elliptic filter
kernel can be determined by calculating the angle for the ground
photon on the left and right sides of the elliptical search area, as
represented in (8), and that as the local terrain slope within the
search area, where X, and X are the right and left along-track
distance, respectively, which can be determined based on the
location of the elliptical search area; and H, and H; are the
elevation of that on the ground profile, respectively, which need
to be determined according to the photons’ distribution density.
In this article, the leftmost and rightmost boundaries of the
elliptical search area are taken as the centers, and the size of
half of semiminor axis is extended toward both sides, taking
into account the high undulating terrain. Calculate the elevation
values with the highest probability density within these two
rectangular regions as the two elevation values.

c) Automatic determination of the minimum number of
points parameters: The automatic calculation steps for this pa-
rameter refers to [40]; it is also briefly described here to maintain
the completeness of this article. In the finer histogram statistics,
the photons in each segment are evenly divided into M segments
along the elevation, and the elevation bin can be expressed as
h = R,/M, where R is the elevation range. The average number
of photons in all vertical segments is N;/M, where N, is the total
number of photon points in this segment. Calculate the number of
segments M5 with photon numbers less than the average number,
and calculate the total photon number N, in these segments.
Then, the number of segments A; with photon number greater
than the average number is calculated, and the total number of
photons is Ny = Ny — N. For noise photons, the photon density
per unit extended track distance and per unit elevation length
p2 = No/(h X | X M>). Similarly, for a mixture of signal and
noise photons, photon density per unit along-track distance and
per unit elevation length p; = Ny/(h x | x My). Thus, for the
two segments of My and M», the expected number of photons in
the search kernel can be expressed as

wabNy
SN; =p; xS = TN )
MinPts — QSNl — SNQ + In (Mg) ) (10)

In (332)
Given the expected number of noise and signal photons in the
neighborhood, the parameter MinPts can be expressed as (10).
Finally, there may be some abnormal photons within each
segment. These can be analyzed by the boxplot, and the photons
outside the interquartile range can be marked as the abnormal
noise photons. And the final retained photons serve as the signal
photons on the ground surface.
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C. Comparison and Evaluation of Denoising Performance

In order to evaluate the performance of this method across
different land-cover types, we compared it with other meth-
ods including LDS [21], DBSCAN [34], modified DBSCAN
[25], OPTICS [27], and modified OPTICS [28] using PPC data
from the mountain, urban, and water areas. In addition, we
also compared with the results of ATLOS data products (i.e.,
DRAGANN) by merging the classification results of land, water,
vegetation, canopy, etc., in the data as signal photons. The
LDS method calculates the total amount of the nearest neighbor
distance between each point and surrounding points, counts the
frequency of local total distance using a histogram, and fits with
Gaussian function to obtain the threshold that can distinguish
the signal from the noise. The DBSCAN method uses a circular
filtering kernel to traverse all points within the neighborhood
of each point, and takes the clusters with a number greater
than MinPts as the signal. The OPTICS method is similar to
DBSCAN, but instead of dividing the data into different blocks,
it constructs a reachability graph for each point and assigns a
distance reachability to each point and ordering in the cluster,
and then determines the members of the cluster. The modified
DBSCAN and OPTICS change the circular filter kernel into an
ellipse. Referring to the ATLO8 data, the manually extracted
results from ATLO3 data serve as the reference ground truth, in
which all the noise photons are manually removed, leaving only
real photon signals.

To quantitatively estimate the performance of these denoising
algorithms, three indicators were evaluated using a reference
data, including recall R, precision P, and the harmonic mean
of recall and precision F-score. These three indicators are cal-
culated using the reference classification data, and they are,
respectively, given by

TP
= — 11
R TP + FN an
TP
P=——— (12)
TP + FP
2x PXxXR
F=-"""" 13
P+ R (13)

where TP, FP, and FN represent the number of correctly clas-
sified true signal photons, noise photons misclassified as signal
photons, and true signal photons misclassified as noise photons,
respectively. Thereinto, R denotes the ratio of signal photons that
are successfully detected to all the true signal photons, P denotes
the ratio of true signal photons that are correctly classified to all
the detected signal photons, and F denotes the harmonic mean of
recall and precision. The F value can indicate the effectiveness
of the denoising algorithm, and the higher F-score shows a better
effect.

III. RESULT AND DISCUSSION

A. Performance of the Signal Photon Detection in Multiple
Ground Types

In the experiment, the adaptive DBSCAN was conducted on
the ATLO3 PPC data, covering mountain forest, urban, and water

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

areas with strong and weak noise. Based on the characteristics
that signal photons are more concentrated than noise photons,
the most densely distributed photon were selected as the core
point, and then the adjacent points were searched from the core
point for clustering. Photons beyond the clustering threshold
were labeled as noise.

Fig. 3 shows the coarse and fine denoising results for the PPC
data with strong and weak noise in the mountain forest, water,
and urban area, where the coarse denoising results are displayed
with blue dots and the fine denoising results are displayed with
red dots. It can be seen that the noise photons in the periphery
of signal photons have been removed from the PPC data after
coarse denoising especially for the data with strong noise, and
the remaining photons are composed of signal photons and some
noise photons distributed near the ground surface along the
terrain. The coarse denoising cannot only remove a large number
of noise photons, but also greatly simplify the subsequent cal-
culation. The noise photons on the surface of forest, buildings,
and water are very close to the real signal photons and have a
higher density than the surrounding noise photons, making them
difficult to remove. So the subsequent fine denoising is used
to solve this problem. The fine denoising results show that the
photons below the ground have been removed as noise photons,
while the object photons, such as tree canopy of mountain forests
[Fig. 3(al)] and building’s rooftops [Fig. 3(a2-2)] above the
ground surface, have been preserved as the signal photons. For
the denoising results of urban areas [Fig. 3(a2-2) and (b2-3)],
among the identified signal photons, it is obvious that there are
relatively concentrated photons above the ground surface, most
of which are rooftops of buildings or canopies of independent
trees, and some photon clusters that may be noise that require
further analysis. In addition, compared to PPC data with strong
noise, data with weak noise contain a small number of noise
photons, making it easy to identify the signal photons.

B. Qualitative and Quantitative Comparison of Multiple Noise
Reduction Methods

Fig. 4 plots the Gaussian histogram statistics and boxplot anal-
ysis on the elevation of the photons within each segmentation,
which indicates the signal photons are centrally distributed in
each segmentation, and these will help determine the major and
minor axes of the elliptic filter kernel. For the elliptic filter
kernel of the mountain forest area determined by automatic
determination methods, the maximum, minimum, and mean of
the semimajor axis are 20, 12, and 13 m, respectively, and the
maximum, minimum, and mean of the semiminor axis are 15.8,
4.1, and 10.8 m, respectively.

Fig. 5 shows the comparation on the adaptive DBSCAN with
other methods in PPC data with strong noise in mountain forest
area. The results show that all these methods are capable of
distinguishing signal photons on targets and noise photons, but
the adaptive DBSCAN can more fully preserve the vertical
structural features of ground and forest, as show in Fig. 5(a).
Compared with the traditional DBSCAN and modified DB-
SCAN, the adaptive DBSCAN can identify more signal photon
points in more complex terrain due to the adaptive elliptical
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Fig. 3. Coarse and fine denoising for the photon point cloud of mountain forest, water, and urban area (black dots indicate noise, blue dots indicate the remain
photons after coarse denoising, and red dot indicates the signal photons after fine denoising): (al) forest, (a2) urban, and (a3) lake with strong noise; (bl) forest,

(b2) urban, and (b3) lake with weak noise.

direction, which is calculated based on the terrain slope. In
contrast, the DBSCAN and the modified DBSCAN are difficult
to effectively detect weak photons of the forest canopy, and they
may classify some signal photons on the forest canopy as noise
photons. The insufficient number of correctly identified canopy

photons will limit subsequent applications, as shown in Fig. 5(b)
and (c). The LDS cannot distinguish the noise photons around
the ground and the canopy, making it difficult to completely
remove the noise photons left near the ground, especially those
below the ground, as shown in Fig. 5(d). The density of this
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TABLE I
QUANTITATIVE STATISTICS ON THE DENOISING PERFORMANCE OF ADAPTIVE DBSCAN, DBSCAN, MODIFIED DBSCAN, LDS, OPTICS, MODIFIED OPTICS,
AND DRAGANN ON THE PPC DATA IN MOUNTAIN FOREST, URBAN, AND WATER AREAS

Forest Urban Lake All

Methods Evaluation
Strong Weak Strong Weak Strong Weak Maximum Minimum Mean
) P 0.9679 0.9701 0.9499 0.9712 0.9696 0.9761 0.9761 0.9499 0.9675
s;:lz:; R 0.9715 0.9921 0.9746 0.9889 0.9916 0.9924 0.9924 0.9715 0.9852
F 0.9778 0.9864 0.9561 0.9769 0.9789 0.9805 0.9864 0.9561 0.9761
P 0.9531 0.9156 0.9146 0.9208 0.9462 0.9628 0.9628 0.9146 0.9355
DBSCAN R 0.9179 0.9047 0.9745 0.9086 0.9866 0.9738 0.9866 0.9047 0.9444
F 0.9587 0.9342 0.9358 0.9536 0.9773 0.9726 0.9773 0.9342 0.9554
) P 0.9533 0.9355 0.9247 0.9519 0.9546 0.9642 0.9642 0.9247 0.9474
g/[]:;ilct:i R 0.9076 0.9588 0.9712 0.9589 0.9917 0.9796 0.9917 0.9076 0.9613
F 0.9447 0.9362 0.9558 0.9593 0.9648 0.9733 0.9733 0.9557 0.9544
P 0.9255 0.9088 0.9209 0.9208 0.9358 0.9447 0.9447 0.9088 0.9261
LDS R 0.8989 0.9579 0.8848 0.9288 0.9767 0.9822 0.9822 0.8848 0.9382
F 0.9318 0.9502 0.9045 0.9314 0.9771 0.9583 0.9771 0.9045 0.9422
P 0.9254 0.9675 0.9314 0.9471 0.9006 0.9659 0.9675 0.9006 0.9397
OPTICS R 0.9187 0.9867 09114 0.9592 0.9320 0.9581 0.9867 0.9114 0.9444
F 0.9265 0.9421 0.9367 0.9478 0.9132 0.9604 0.9604 0.9132 0.9378
) P 0.9493 0.9581 0.9283 0.9369 0.9332 0.9702 0.9702 0.9283 0.9460
I:;I;firllie: R 0.9531 0.9824 0.9507 0.9661 0.9773 0.9807 0.9824 0.9507 0.9684
F 0.9511 0.9631 0.9448 0.9679 0.9461 0.9785 0.9785 0.9448 0.9586
P 0.9614 0.9679 0.9315 0.9084 0.9288 0.9489 0.9679 0.9084 0.9412
DRAGANN R 0.9707 0.9867 0.9637 0.9703 0.9931 0.9795 0.9931 0.9637 0.9773
F 0.9680 0.9847 0.9309 0.9337 0.9355 0.9687 0.9847 0.9309 0.9536
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Fig. 4. Gaussian histogram statistics and boxplot analysis on the elevation of

the photons within each segmentation on the strong noise in mountain forest
area [corresponding to Fig. 1(al-3)]: (a) histogram and Gaussian curve, and
(b) boxplot analysis.

kind of noise photons differs from the density of peripheral
noise photons and is obviously lower than the density of signal
photons, and relatively close to the density of signal photons.
Thus, this poses some challenges to the denoising algorithm.
The OPTICS has improved upon the DBSCAN by being not

sensitive to input parameters, but like DBSCAN, it also cannot
recognize some signal photons at the top of forest canopy, as
shown in Fig. 5(e). A modified OPTICS has been improved,
which changes the circular filter kernel to an ellipse, in order to
be more suitable for the banded distribution of spaceborne PPC
data. It can identify more signal points, especially the photons on
the forest canopy above the ground points. Moreover, the number
of noise points below the ground is obviously less than that of
the traditional OPTICS, as shown in Fig. 5(f). The DRAGANN
(result from ATLOS data products) also performs well, retaining
the complete signal photons, but we found that some signals
are lost in the area with sharply declining terrain, as shown on
the far right of Fig. 5(g). In brief, the modified DBSCAN, the
modified OPTICS, the DRAGANN, and the adaptive DBSCAN
all perform well in fine denoising of the PPC data in mountain
forest. However, the proposed adaptive DBSCAN performs well
in various land-cover types with different terrain slopes.

Table I and Fig. 6 show the quantitative evaluation on the
denoising performance of adaptive DBSCAN, DBSCAN, mod-
ified DBSCAN, LDS, OPTICS, modified OPTICS, and ATLOS
results on the PPC data in mountain forest, urban, and water
area. Indicators of R, P, and F are calculated using a manually
selected reference data. The results show that the proposed
adaptive DBSCAN performs the best accuracy on the PPC data
with strong noise, the F values of PPC data with strong noise
in the forest, urban, and water areas are 0.9778, 0.9561, and
0.9789, respectively, and the F values of PPC data with weak
noise in these areas are 0.9864, 0.9769, and 0.9805, respectively.
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Fig. 5.

to Fig. 1(al-3)]: (a) adaptive DBSCAN, (b) DBSCAN, (c) modified DBSCAN, (d) LDS, (e) OPTICS, (f) modified OPTICS, and (g) ATLOS result.
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Comparison of performance on signal identification (left) and signal photons (right) in PPC data with strong noise in mountain forest area [corresponding



3684

l) 94

’ 0.92
o I I I I I
0.86

Forest-Strong Urban-Strong Lake-Strong Forest-Weak Urban-Weak Lake-Weak

m Adaptive DBSCAN m DBSCAN = Modified DBSCAN = LDS m OPTICS m Modified OPTICS m DRAGANN

0.96
=U‘)4
>092
o I I I I
0.86

Forest-Strong Urban-Strong Lake-Strong Forest-Weak Urban-Weak Lake-Weak

m Adaptive DBSCAN m DBSCAN » Modified DBSCAN = LDS ® OPTICS m Modified OPTICS @ DRAGANN

(©

0.98

0.96
g 0.94
7092
=

0.9

0.88

0.86

Forest-Strong ~ Urban-Strong ~ Lake-Strong ~ Forest-Weak ~ Urban-Weak  Lake-Weak

m Adaptive DBSCAN m DBSCAN m Modified DBSCAN = LDS ® OPTICS m Modified OPTICS @ DRAGANN

Fig. 6. Quantitative statistical histograms of denoising performance of adap-
tive DBSCAN, DBSCAN, modified DBSCAN, LDS, OPTICS, modified OP-
TICS, and ATLOS8 results in mountain forest, urban, and water areas: (a) P value,
(b) R value, and (c) F score.

In the mountain forest area, the accuracy (P value) of adaptive
DBSCAN in the case of strong and weak noise reaches 0.9679
and 0.9701, respectively, which is far higher than other methods.
Compare to the PPC data with strong noise, all these methods
can well remove the noise photons in the PPC data with weak
noise, due to higher concentration in weak noise scenarios. In
the urban and water areas, the performance of DBSCAN is
close to that of the adaptive DBSCAN, possibly due to a shared
characteristic of horizontally distributed ground objects in both
types of data, that is both the surface of water and the rooftops
of buildings are parallel to the ground. In the mountain forest
area, the adaptive DBSCAN has obvious advantages than other
methods, the reason is that it can adaptively change the direction
of the search domain according to the slope of terrain. For the
modified DBSCAN, modified OPTICS and DRAGANN also
perform well with the mean of P value up to 0.9474, 0.9460, and
0.9412, respectively, only second to the adaptive DBSCAN, and
surpassing traditional DBSCAN, traditional OPTICS and LDS,
that with 0.9355, 0.9397, and 0.9261. The main reason is that the
DBSCAN and OPTICS are less sensitive to input parameters,
whereas other methods need to set appropriate parameters to
achieve optimal denoising, which can be hard to apply to dif-
ferent types of data. And the modified DBSCAN and modified
OPTICS change the circular filter kernel to an ellipse, which is
more suitable for the higher density in the horizontal direction
than vertical direction. On other hand, the DRAGANN performs
well on extracting the ground and canopy signals. For the mean
R, P, and F of the three types, the adaptive DBSCAN can get up
to the maximum are 0.9852, 0.9675, and 0.9761, respectively;
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followed by the DRAGANN with 0.9773, 0.9412, and 0.9536,
the modified OPTICS with 0.9684, 0.9460, and 0.9586, and the
modified DBSCAN with 0.9613, 0.9474, and 0.9544; and then
the OPTICS with 0.9444,0.9397, and 0.9378, and the DBSCAN
with 0.9444, 0.9355, and 0.9554; the last one is the LDS with
0.9382, 0.9261, and 0.9422. In brief, these methods perform
better on the PPC data with weak noise across the three land
cover types than that of PPC data with strong noise, with the best
performance in water areas. Moreover, the proposed adaptive
DBSCAN demonstrates the best performance on the PPC data
in all cases, with only a few cases showing comparable results to
the DRAGANN and modified OPTICS, as shown in Fig. 6(a).

IV. CONCLUSION

The photon-counting laser altimeter can provide high-
resolution elevation of natural and manmade terrain. Since the
single-photon detection mechanism of instrument is sensitive to
individual photons, the recorded PPC data are severely affected
by the ambient noise, target feature, and instrument perfor-
mance. It is particularly important to extract the signal photons
on the ground surface before the subsequent applications. This
article has presented an adaptive photonic detection method
combined histogram statistic and boxplot analysis with modified
DBSCAN to extract the signal photons. It can automatically
determine the main parameters of the elliptic filter kernel (such
as the major and minor axes and direction of the ellipse, and
MinPts parameters) according to the data distribution character-
istics. Experiments were performed on the strong and weak noise
data from three typical land covers (i.e., mountain forest, urban,
and water areas) obtained by ICESat-2/ATLAS. First, a coarse
denoising was employed with Gaussian fitted histogram on the
PPC data of ATLO3 to remove over 90% of the noise photons.
Second, a fine denoising based on adaptive DBSCAN was used
to extract the real photon signals from remain photons, where
the parameters for the elliptic filter kernel were automatically
determined from a histogram statistics and boxplot analysis, and
the local terrain slope. Finally, the performance was compared
with other methods including LDS, traditional and modified DB-
SCAN, traditional and modified OPTICS, and DRAGANN. The
results show that while all the methods can identify the signal
photons on targets in complex terrain, the adaptive DBSCAN
can more fully preserve the vertical structural features of ground
objects in the complex terrain. Quantitative analysis using recall
R, precision P, and harmonic mean of recall and precision
F-score also indicates that the adaptive DBSCAN in the mean R,
P, and F of the three types can get up to the maximum are 0.9852,
0.9675, and 0.9761, respectively; followed by the DRAGANN
with 0.9773, 0.9412, and 0.9536, the modified OPTICS with
0.9684, 0.9460, and 0.9586, and the modified DBSCAN with
0.9613, 0.9474, and 0.9544; and then the OPTICS with 0.9444,
0.9397, and 0.9378, and the DBSCAN with 0.9444, 0.9355, and
0.9554; the last one is the LDS with 0.9382, 0.9261, and 0.9422.

The proposed signal photon detection method can automati-
cally determine the main parameters according to topographic
data situation and has the best performance compared to some
other classical methods, and it provides an alternative and
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robustness approach for the rapid and accurate processing of
PPC data on complex terrain. The main contributions of this
article are the automatic determination of major and minor axes
based on the density situation of PPC data to avoid the trouble of
empirical models, and adaptive selection of direction according
to the local terrain slope from the PPC data to avoid the high
consumption of traversal search.
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