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Abstract: Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2) has excellent potential for obtaining
water depth information around islands and reefs. Combining the density-based spatial clustering of
applications with noise algorithm (DBSCAN) and multiscale quadtree analysis, we propose a new
photon-counting lidar denoising method to discard the large amount of noise in ICESat-2 data. First,
the kernel density estimation (KDE) is used to preprocess the point cloud data, and a threshold is set
to remove the noise photons on the sea surface. Next, the DBSCAN algorithm is used to preliminarily
remove underwater noise photons. Then, the quadtree segmentation and Otsu algorithm are used for
fine denoising to extract accurate bottom signal photons. Based on ICESat-2 pho-ton-counting data
from six typical islands and reefs worldwide, the proposed method outperforms other algorithms
in terms of denoising effect. Compared to in situ data, the determination coefficient (R2) reaches
94.59%, and the root mean square error (RMSE) is 1.01 m. The proposed method can extract accurate
underwater terrain information, laying a foundation for offshore bathymetry.

Keywords: ICESat-2; photon classification; kernel density estimation; quadtree; multiscale analysis

1. Introduction

Bathymetric topography is fundamental to understanding the ocean. Obtaining bathy-
metric information in shallow water is highly important for shipping safety and marine
engineering [1,2]. Satellite-derived bathymetry (SDB) provides high temporal and spatial
resolution [3] and is an effective means of obtaining shallow water depth information [4–6].
However, high-precision in situ water depth control points are necessary for SDB. Cur-
rently, methods to obtain in situ water depth control points include shipborne multibeam
echo-sounder systems (MBES), shipborne single-beam echo-sounder systems (SBES), and
airborne LiDAR bathymetric systems (ALB). However, due to water depth limitations,
the measurement efficiency of shipborne acoustic measurement systems is significantly
reduced, while ALBs are expensive and only suitable for small-scale measurements. Fortu-
nately, spaceborne LiDAR offers a new way to obtain in situ water depth control points.
In September 2018, the Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2), which was
launched by the National Aeronautics and Space Administration (NASA) of the United
States, began obtaining in situ water depth control points. Studies show that satellites can
retrieve a maximum water depth of 38 m [7].

ICESat-2 is equipped with the Advanced Topographical Laser Altimeter System (AT-
LAS), employing micropulse multibeam photon-counting LiDAR technology with a higher
pulse repetition rate, more accurate precision, and a smaller laser irradiation range [8,9].
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ICESat-2 orbits height of approximately 500 km, an observation coverage of 88◦S~88◦N,
a repetition period of 91 days, and 1387 orbits in each cycle. The ATLAS system emits
six single-pulse laser beams (532 nm) at a repetition rate of 10 kHz, arranged in parallel
in three groups along the orbit. The ratio of strong to weak pulse energy stands at 4:1.
Although ICESat-2 performs well in many areas, a large amount of noise exists in the
collected data [10]. Therefore, studying the problem of ICESat-2 data denoising is highly
important for subsequent related research.

Many scholars have studied photon point cloud denoising. The denoising algorithm
based on grid image processing converts the photon point cloud into a two-dimensional
image. Image processing technology eliminates the noise points in photon data. The stan-
dard algorithm for this purpose is the Canny algorithm [11]. For example, Chen et al. [12]
extracted signal photons based on Gaussian filtering and gradient descent algorithms to
identify features in raster data products. Magruder et al. [13] enhanced upon the traditional
Canny edge detection algorithm and obtained ideal denoising results. However, the raster
image processing algorithm may lead to accuracy loss in the conversion process, which
affects the denoising effect. The denoising algorithm based on local statistical parame-
ters removes noise by calculating the threshold of the local statistical parameters of the
photons. Herzfeld et al. [14] proposed a denoising algorithm based on spatial statistical
parameters that separates signal points from noise points by setting parameter thresholds.
Gwenzi et al. [15] proposed a density-cutting method based on point cloud elevation statis-
tics and verified it with Mabel data and simulation data. However, parameter threshold
selection restricts the denoising effect of local statistical parameter algorithms.

Currently, the photon denoising algorithm mainly depends on density clustering
analysis. Signal photons can be distinguished from noise photons by setting an appropriate
search radius and neighborhood points [16,17]. The central density clustering algorithms
comprise density-based spatial clustering of applications with noise (DBSCAN) [18] and
ordering points to identify the clustering structure (OPTICS) [19]. Zhang et al. [20] im-
proved the DBSCAN clustering algorithm and employed horizontal ellipses to cluster
signal photons. However, this method requires excessively high input parameters and
performs poorly in mountainous areas. Xie et al. [21] proposed an ellipse search method
and adaptive direction method that exhibits high terrain adaptability. Chen et al. [22]
proposed a photon point cloud denoising algorithm based on an elliptic local outlier factor
and showed that the shape of the search area significantly impacts the denoising results.
Ma et al. [23] proposed a formula for calculating minimum point (MinPts) parameters
based on the DBSCAN algorithm but did not describe the calculation method for epsilon
(EPS) parameters. Zhu et al. [24] proposed the ellipse search options algorithm that distin-
guishes signal photons and noise by the maximum interclass variance, but the ellipse search
radius still requires manual input. Zhang et al. [25] proposed a quadtree nonparametric
input denoising method that uses quadtrees to separate photons and employs the photon
layer value to characterize the photon density. However, this method performed well only
in the simulation data denoising experiment. Huang et al. [26] proposed a fusion denoising
method based on the local outlier factor and inverse distance metric, which can effectively
extract sparse signal photons from ICESat-2 data. However, the signal extraction perfor-
mance is suboptimal in deep water regions. Song et al. [27] proposed an adaptive signal
photon extraction and classification algorithm that effectively processes ICESat-2 data in
mixed regions of complex terrain and water without requiring auxiliary data. Xie et al. [28]
proposed a water depth-adaptive submarine photon extraction method using the KNN
distance ratio. However, in high-noise environments, this method is limited. Limited
research exists on the denoising of shallow water area data collected by ICESat-2 [29], and
it is essential to explore an efficient and reasonable shallow water area denoising algorithm.

In summary, the existing ICESat-2 denoising algorithm has limitations and requires
further study and improvement due to its universality, simplicity, and stability. Therefore,
this paper proposes a quadtree denoising algorithm based on multiscale analysis. The
innovations presented in this paper are as follows:
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1. KDE separates sea surface photons to mitigate the poor denoising effect and low
efficiency caused by the uneven density of sea surface photons and seafloor photons;

2. A method to divide the window of seafloor photons according to density is pro-
posed, and data denoising is conducted from the perspective of multiscale analysis
to eliminate the influence of different water depths and terrains on the denoising
performance;

3. The pre-judged strategy is added to the quadtree segmentation algorithm, and pre-
judgments are performed before segmentation to eliminate the problem of misjudging
high-value noise points as signal points.

The remainder of this article is structured as follows. First, the experimental data and
validation data are detailed. Then, the feasibility of the denoising algorithm is proven by
experiments, and the superiority of the proposed method is illustrated from the perspective
of photon density and terrain characteristics. Finally, the performances of different denois-
ing algorithms are assessed for different water depths, and corresponding conclusions are
presented.

2. Materials and Methods
2.1. Study Area

This study uses signal extraction and noise processing for shallow water areas around
islands and reefs. The selected research areas include Oahu Island in the Hawaiian Islands,
Dongdao Island and Huaguang Reef in the South China Sea, and Ailinginae Atoll in the
Marshall Islands. Due to their unique geographical characteristics and environmental
conditions, these areas are significant for studying sea level change, marine dynamics, and
ecosystems.

1. Oahu Island, one of the main islands in the Hawaiian Islands, covers an area of
1574 km2. Honolulu, the State’s capital, and Pearl Harbor and Waikiki beaches are
located on the island. Oahu is famous for its spectacular coastline and changeable
submarine topography;

2. Dongdao Island is located in the Dongdao Island atoll east of the Xuande Islands.
The island has a long strip shape, with a length of approximately 2400 m, a width of
approximately 1000 m, and a land area of approximately 1.7 km2;

3. Huaguang Reef is in the Yongle Archipelago, Xisha Islands, China. It is 31 km long
from east to west and 12 km wide from south to north. It is a hidden reef in the water.
At low tide, the atoll can be exposed above the sea;

4. Ailinginae Atoll is a coral atoll in the Republic of the Marshall Islands. It is located
north of the Ralik chain islands. It has a typical annular coral reef structure with an
area of approximately 2.8 km2. Atolls provide a unique perspective for studying sea
level change and its impact on coral reef ecosystems.

The above experimental areas were selected based on their geographical characteristics,
climatic environment, and other factors and have a certain universality. This study explores
more advanced denoising algorithms to improve the application accuracy and efficiency of
ICESat-2 satellite data in water depth inversion.

2.2. Data
2.2.1. ICESat-2 ATL03 Dataset

The primary data source used in this paper is NASA’s ATL03 V006 data product.
ATL03 is a level-2 data product containing each received photon’s precise latitude, lon-
gitude, and elevation information. This paper selects six study areas, and the details are
shown in Table 1.
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Table 1. Experimental area.

Experimental Area Acquisition Time Track ID Beam Latitude Range

Oahu Island 2 September 2022 06:13:30 1105 GT3R 21◦17′08′′N~21◦18′04′′N

Dongdao Island 10 September 2022 23:54:04 1238 GT1R 16◦36′18′′N~16◦39′14′′N
7 August 2023 19:59:02 0743 GT3L 16◦39′00′′N~16◦41′07′′N

Huaguang Reef 14 January 2022 23:16:25 0362 GT3L 16◦14′23′′N~16◦15′03′′N
15 July 2022 14:36:12 0362 GT1R 16◦13′33′′N~16◦14′37′′N

Ailinginae Atoll 8 September 2022 08:22:27 1198 GT2R 11◦07′12′′N~11◦08′06′′N

The location information of the study area is shown in Figure 1. The six selected study
areas have good water quality, and the laser has good water permeability. The study areas
are far from each other to avoid the influence of geological correlation, and the seafloor
topography changes significantly, including that of laser beams from different periods
with different strengths. The selection of research data is diverse, which can verify the
effectiveness of the method in this paper from multiple angles and intuitively verify the
universality of the denoising algorithm utilized in this paper.
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2.2.2. Reference Datasets of ICESat-2 by Visual Interpretation

To ensure the accuracy of the experimental results, an accuracy verification strategy
based on visual interpretation and in situ bathymetry data was employed. This section
focuses on the strategy involving visual interpretation.

As some of the photon cloud data lack direct validation results, manually annotated
photon cloud classification data were predominantly used for validation. In the original
data, two distinct density clues were identified (as shown in Figure 2a). It has been
demonstrated in many studies that these two lines represent sea surface photons and
seafloor photons, respectively, while other scattered photons are noise [7,24,30–36]. The
photon cloud data were imported into specialized software, where photons were manually
annotated and classified into noise photons (marked with red) and signal photons (marked
with blue). All annotated photon data from the experimental areas were used as the
validation dataset. Ensuring the integrity and continuity of these two lines allows for the
extracted reference data to be effectively used as the validation dataset [17,37]. Additionally,
to minimize the impact of subjectivity in data extraction, high-confidence photons from
ICESat-2 (confidence = 4) were used as the benchmark for the reference data. Following
this strategy, the ICESat-2 signal photons extracted through visual interpretation formed a
reference dataset consisting of six tracks. Figure 2b displays the classification results for the
Huaguang Reef.
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2.2.3. In Situ Bathymetry Data

To further verify the accuracy of the experimental results, this study uses shipborne
single-beam echo-sounder system data from the Dongdao Island region as reference data.
These data were collected in 2012 by the First Institute of Oceanography, Ministry of Natural
Resources, using a shipborne single-beam echo-sounder system. The measurement error of
these in situ bathymetry data is at the centimeter level, and the spatial coverage includes
the western region of Dong Island. The detailed spatial distribution is shown in Figure 1b.
Because the positions of the signal photons extracted from the field sounding points and
ICESat-2 satellite data do not match completely, this study uses the kriging interpolation
method to generate 10 m × 10 m grid-measured water depth data for accurate verification.
Kriging interpolation is a tool widely used in geospatial analysis that can estimate the value
of an unknown location with high accuracy [38]. To ensure the interpolation accuracy, some
known data are retained as validation sets for cross-validation. Finally, the coordinates of
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the ICESat-2 signal photons are used to extract the corresponding grid image pixel values
for data comparison [32,34].

2.3. Methods

In the photon point cloud collected by ICESat-2, the spatial distribution difference
between signal and noise photons is often large, manifested in the denser distribution of
signal photons than noise photons [39,40]. This difference in density is the fundamental
basis for current ICESat-2 point cloud denoising; therefore, selecting an appropriate density
threshold is the key to correctly extracting signal photons. This paper proposes a denoising
algorithm based on quadtree and multiscale analysis (as shown in Figure 3), which mainly
includes the following steps: (1) study area and data processing, (2) seafloor photon
denoising, (3) sea surface photon denoising, and (4) visualization analysis and accuracy
assessment.
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2.3.1. Sea Surface Photon Point Extraction

This study uses the KDE method to analyze the photon density distribution along the
elevation direction in ICESat-2 satellite data [41,42]. The elevation histogram method is a
common way to solve this problem, but the histogram discretizes point cloud data, making
it unable to reflect the differences between neighboring point cloud data, thus affecting the
extraction accuracy. As a nonparametric probability density estimation technique, KDE
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enables us to estimate photon density accurately without presetting the data distribution
pattern. The formula for KDE is as follows:

f̂ (x) =
1

nh

n

∑
i=1

K
(

x − xi
h

)
(1)

where f̂ (x) represents the estimated density at point x; n is the total number of sample data
points; h is the bandwidth, which controls the width of the kernel and directly affects the
smoothness of the estimated density; xi represents a single data sample point; K is a kernel
function; and the Gaussian kernel function is used in this study.

K(x) =
1√
2π

exp
(
−1

2
x2
)

(2)

When processing the ICESat-2 data, this study first calculates the KDE curve of
the photon density along the elevation direction. By carefully selecting the bandwidth
parameters, we ensure that the curve can smoothly reflect the proper distribution of the
photon density. It is essential to select the appropriate bandwidth, which must balance
the smoothness of the curve and the retention of data features. This study uses a cross-
validation method to determine the optimal bandwidth to effectively achieve this goal.

In the KDE curve analysis, the closest minimum point below the first local maximum
of the curve is selected as the boundary threshold between sea surface photons and seafloor
photons. This method is based on the following assumptions: the first local maximum
of the curve represents the local maximum photon density, which usually corresponds
to reflected photons from the sea surface, and the minimum point below the first local
maximum marks a significant reduction in photon density, which can be used as the natural
boundary between reflected photons from the sea surface and photons scattered from the
water. Based on this, photons are divided into two categories: photons located above the
minimum point are classified as sea surface photons; and photons below the minimum
point are identified as seafloor photons (as shown in Figure 4).

Remote Sens. 2024, 16, x FOR PEER REVIEW 7 of 27 
 

 

technique, KDE enables us to estimate photon density accurately without presetting the 
data distribution pattern. The formula for KDE is as follows: 

( )ˆ
n

i

i

x xf x K
nh h=

− =  
 


1

1
 (1) 

where ( )f̂ x  represents the estimated density at point x ; n  is the total number of sam-

ple data points; h  is the bandwidth, which controls the width of the kernel and directly 
affects the smoothness of the estimated density; ix  represents a single data sample point; 
K  is a kernel function; and the Gaussian kernel function is used in this study. 

( ) 21 1K x = exp x
22π

 − 
 

 (2) 

When processing the ICESat-2 data, this study first calculates the KDE curve of the 
photon density along the elevation direction. By carefully selecting the bandwidth param-
eters, we ensure that the curve can smoothly reflect the proper distribution of the photon 
density. It is essential to select the appropriate bandwidth, which must balance the 
smoothness of the curve and the retention of data features. This study uses a cross-valida-
tion method to determine the optimal bandwidth to effectively achieve this goal. 

In the KDE curve analysis, the closest minimum point below the first local maximum 
of the curve is selected as the boundary threshold between sea surface photons and sea-
floor photons. This method is based on the following assumptions: the first local maxi-
mum of the curve represents the local maximum photon density, which usually corre-
sponds to reflected photons from the sea surface, and the minimum point below the first 
local maximum marks a significant reduction in photon density, which can be used as the 
natural boundary between reflected photons from the sea surface and photons scattered 
from the water. Based on this, photons are divided into two categories: photons located 
above the minimum point are classified as sea surface photons; and photons below the 
minimum point are identified as seafloor photons (as shown in Figure 4). 

  
(a) (b) 

Figure 4. Extraction of sea surface photon points. (a) The overall KDE curve. (b) The photon extrac-
tion details. 

For the extracted sea surface photons (as shown in Figure 5a), the threshold can be 
directly set to extract signal photons. Because the noise points above the sea surface are 
sparse, the closest minimum point above the first local maximum of the curve is usually 

Figure 4. Extraction of sea surface photon points. (a) The overall KDE curve. (b) The photon
extraction details.

For the extracted sea surface photons (as shown in Figure 5a), the threshold can be
directly set to extract signal photons. Because the noise points above the sea surface are
sparse, the closest minimum point above the first local maximum of the curve is usually
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selected as the threshold value to eliminate the noise points. The denoising results are
shown in Figure 5b.
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2.3.2. Initial Denoising

The ATLAS laser on the ICESat-2 satellite mainly emits and receives weak signals,
which leads to many mixed signal photons and noise photons. However, the spatial
distribution of signal photons is denser than that of noise photons. Using the discrete
characteristics of signal and noise photons in spatial distribution, we can use the DBSCAN
algorithm to eliminate outliers effectively. This method uses the spatial density difference
to identify and eliminate noise photons to improve the accuracy and availability of the data.

The DBSCAN algorithm, which is a density-based clustering algorithm, was proposed
by Martin Ester in 1996 [18]. This algorithm distinguishes signal points from noise points
by identifying and connecting points with similar densities (i.e., clusters). The advantage
of the DBSCAN algorithm lies in its simplicity and computational efficiency. It mainly
depends on two parameters, EPS and MinPts. When the number of points within the
specified neighborhood radius exceeds the set minimum number threshold, the point is
considered a signal point. This method is especially suitable for processing datasets with
complex spatial distributions and can effectively separate signal points and noise points.
Figure 6 is a schematic diagram of the DBSCAN clustering principle.
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Given the number of sample points contained in the calculation set of function N, if
the following formula is met, the sample xi ∈ X is called the core point.

N
(

BEps(xi)
)
≥ MinPts (3)

where Eps is the circular BEps(xi) radius centered on the sample xi. If xi is the core point,
MinPts is the minimum number of points that must be included in BEps(xi).

The DBSCAN algorithm defines density core points, boundary points, and noise points
through the density parameters set by users. It regards the dense area formed by density
core points and boundary points within the same distance parameter range as a cluster.
Research shows that the DBSCAN algorithm is sensitive to manually set parameters, and its
effect may not be satisfactory when dealing with datasets with uneven density distributions
or unclear clustering boundaries. However, the algorithm performs well with small terrain
changes and short regional distances. Based on these considerations, this study uses the
DBSCAN algorithm to remove some abnormal noise points.

2.3.3. Fine Denoising

For ICESat-2 raw data, some outliers can be effectively removed after DBSCAN rough
denoising, but there are still many dense noise points around the signal points that cannot
be removed. Therefore, this study first divides the underwater photon point cloud into
windows and then performs quadtree denoising on the photon point cloud in the window
to achieve the best denoising effect.

Because the density and distribution of photon point clouds in different experimental
areas are different, if quadtree segmentation is directly carried out inside the window, the
photon layer value will be high, the density segmentation threshold will be too large, and
some signal photons will be misjudged as noise. Therefore, according to the quadtree
segmentation algorithm and the distribution characteristics of underwater photon point
clouds, this paper proposes a strategy of first dividing the underwater photon window
and then performing quadtree denoising. The window is divided according to the 100 pho-
tons/window rule along the elevation direction. When there are fewer than 100 photons
in the window, the window is divided directly. The number of windows divided into
different experimental areas is different. After the division, the windows are roughly dense
in shallow places and sparse in deep places. Follow-up experiments are carried out in the
divided windows.

The quadtree method is used to separate photons, characterizing photon density using
photon layer values. Specifically, the space is recursively divided into four quadrants based
on the position of photons in the two-dimensional ‘elevation’ (m) and ‘along-track’ (m)
space [43], and the photon density is quantified according to the layer value of the quadrant
leaf node of the quadtree where the photons are finally located. The partition process starts
with setting an initial root node space and the number of photons in the record. When
the set maximum space photon accommodation value is exceeded, the current space is
divided into four identical sub-quadrant spaces: upper right (I); upper left (II); lower left
(III); and lower right (IV). The number of photons in each subspace is calculated. The
number of photons in each subspace is calculated. For subspaces that exceed the limit θ,
further division is performed, and partitioning is recursively executed until the number
of photons in each subspace is within the limit θ. At this point, photons are located in the
partitioned spaces corresponding to each leaf node. The quadtree partition criteria can be
summarized as follows: {

S′
k−1 = {X|X ⊆ Sk−1, q(X) > θ}

Sk = split(S′
k−1)

(4)

where S′
k−1 is the set of quadrants that can be divided into layer k − 1; Sk−1 is the quadrant

set of layer k − 1; X is a quadrant space in Sk−1, and q(X) is the number of photons in
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quadrant space X. To ensure the denoising degree, it is usually necessary to separate each
photon; thus, θ is generally set to 1. The quadtree flowchart is shown in Figure 7.
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The distribution of noise photons usually exhibits randomness. In some local sparse
regions, noise photons may be close to each other; therefore, they need more space division,
resulting in higher layer values of corresponding photons. In this case, these photons
may be mistaken for signal photons in the denoising process. To solve this problem, this
study utilizes the pre-judged strategy to optimize the quadtree structure and improve
the algorithm’s efficiency by deleting some invalid nodes [25]. The specific pre-judged
process involves first analyzing and judging the quadrants to be divided. If no photons
are effectively separated after a partition, the partition will not be performed, and further
partitioning of the quadrant will also terminate. In this way, the dendritic structure caused
by unreasonable partitioning will be cut off. The space division criteria of the pre-judged
quadtree are as follows:{

S′
k−1 =

{
X
∣∣∣X ⊆ Sk−1, nq[split(X)]≥1 ≥ 2

}
Sk = split(S′

k−1)
(5)

where q[split(X)] ≥ 1 is the number of spaces in which the number of photons in the
sub-quadrant space is not less than one after the quadrant space X is divided into four
levels: the number of sub-quadrant spaces with photons.

After the improvement in the quadtree partition, the partition criterion is no longer
based on θ but considers the distribution of photons in the quadrant space. According to
the division criteria, there are two situations for the division of quadrant space X:

1. If there is no photon or only one photon in a quadrant space, the quadrant will not be
divided, and then the division process of the quadrant will terminate;

2. For a quadrant space containing multiple photons, the quadrant is first analyzed
and judged. If all photons are still in the same quadrant after a quartering division,
the division will not be performed, and the division of the quadrant will also be
terminated. If photons are distributed in different quadrants, the division will be
performed, and the above two cases will continue to be iterated according to the
number of photons in the divided sub-quadrants until no further division is needed.

Figure 8a shows the case where the pre-judged quadtree splits some photons. Com-
pared to Figure 7a, the quadrant within the green box in the upper left corner is no longer
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divided according to the division criteria. The corresponding tree structure in Figure 8b
shows that the noise photons within the red dashed box are no longer divided. By in-
troducing the pre-judged strategy, the layer value of noise photons is low, while that of
signal photons is high, thus allowing for classification through calculating the segmentation
threshold.
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Due to the influence of surface reflectivity, solar altitude angle, atmospheric scattering,
and other factors, the noise density of photons in different regions along the orbital direction
will differ [44]. To adapt to the difference in the density comparison of signal photons and
noise photons along the rail direction, 100 m equidistant windows are divided along the rail
direction [45]. The density threshold of photons in each window is adaptively calculated
by the Otsu method [46], and the noise photons and signal photons are classified according
to the density threshold. The Otsu algorithm, also known as the maximum between-class
variance method, is a threshold determination algorithm proposed by Japanese scholar
Nobuyuki Otsu in 1979 [46]. Suppose that the value range of all photon layer values in
a window is [0, k], and assuming the density threshold is d, the photons in the window
are divided into two categories, the layer values are [0, d − 1] and [d, k], and the variance
between categories is as follows:

σ2(d) = p1(m1 − mG) + p2(m2 − mG) (6)

where

p1 =
d−1

∑
i=0

Pi (7)

p2 =
k

∑
i=d

Pi (8)

m1 =
d−1

∑
i=0

iPi/p1 (9)

m2 =
k

∑
i=d

iPi/p2 (10)
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mG =
k

∑
i=0

iPi = p1m1 + p2m2 (11)

where Pi is the proportion of photons with layer value i in the window; p1 and p2 are the
proportions of photons with layer values less than d and greater than or equal to d, respectively;
m1 and m2 are the average values of photon layer values less than d and greater than or equal
to d, respectively; and mG is the average value of all photons in the window.

When some noise photons are misclassified as signal photons or some signal photons
are misclassified as noise photons, the interclass variance decreases. Therefore, the maxi-
mum interclass variance indicates that the probability of misclassification between the two
types of photons is at a minimum; therefore, the optimal density threshold d∗ of photons in
the window is as follows:

d∗ = argmax
0<d<k

σ2(d) (12)

That is, d is taken from (0, k), and d∗ is the corresponding d value when the interclass
variance σ2(d) is maximized. Currently, photons with inner layer values less than d∗ in the
window are classified as noise photons, and the others are classified as signal photons. Ac-
cording to the classification results, the noise photons are removed to complete the denoising.

2.3.4. Accuracy Evaluation

To verify the advantages of this research method more rigorously, this paper uses the
visual interpretation results as the accuracy benchmark. The confusion matrix is constructed
to calculate the overall accuracy (OA), precision (P), recall (R), F1 value (F), and false-positive
rate (FPR). The OA indicates the proportion of photons correctly classified in the total sample.
The P indicates the accuracy of signal photon recognition, which is the proportion of correctly
recognized signal photons to the total number of photons identified as signal photons. The R
indicates the ability to identify signal photons, which is the proportion of correctly identified
signal photons to the total number of actual signal photons. The F indicates the harmonic
average of the precision and recall rates, which is used to balance the two indicators, assuming
that they are equally important. The FPR represents the proportion of samples that are
incorrectly predicted as signal photons in all samples that are not signal photons. The specific
equations for these evaluation metrics are as follows:

OA =
TP + TN

TP + FP + TN + FN
(13)

P =
TP

TP + FP
(14)

R =
TP

TP + FN
(15)

F =
2 × P × R

P + R
(16)

FPR =
FP

FP + TN
(17)

In the formulas, the photon whose predicted value and actual value are judged as
signals at the same time is defined as TP; TN is judged as noise at the same time; FP is
defined as the predicted signal but the real noise; and FN is the definition of the predicted
noise but the actual signal. Generally, the higher the OA, P, R, and F are, the lower the FPR
and the better the denoising effect.

For the quantitative comparison of the reference measured water depth, this paper
calculates the determination coefficient (R2), root mean square error (RMSE), mean relative
error (MRE), and mean absolute error (MAE), which are defined as follows:
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R2 = 1 −

n
∑

i=1
(yi − yi)

2

n
∑

i=1

(
yi −

1
n

n
∑

i=1
yi

)2 (18)

RMSE =

√
1
n

n

∑
i=1

(yi − yi)
2 (19)

MRE =
1
n

n

∑
i=1

∣∣∣∣yi − yi
yi

∣∣∣∣ (20)

MAE =
1
n

n

∑
i=1

|yi − yi| (21)

3. Results

To evaluate the effectiveness of the proposed method, the ATL03 built-in algorithm
(confidence = 4), DBSCAN denoising results, and quadtree denoising results were compared
with the denoising results presented in this paper, and the feasibility and rationality of the
proposed method were verified by analyzing the photon density and underwater terrain.
This experiment was conducted in Python 3.9 and ran on an Intel Core i7-11800h 2.30 GHz
Windows 11 computer.

3.1. Visualization of the Denoising Results

Figure 9 shows the denoising results for each experimental area (Oahu Island, Dongdao
Island, Huaguang Reef, and Ailinginae Atoll). The first column depicts the photon density
and KDE curve; the second column illustrates details of the multiscale analysis, and the
third column demonstrates the denoising results of the method proposed in this paper.

As shown in Figure 9, photon density is highest at the sea surface. As water depth
increases, photon density declines gradually. The green dotted line depicts the noise
extraction threshold above the sea surface, while the red solid line denotes the segmentation
value for the underwater window. The window distribution exhibits a trend of being
dense in shallow areas and sparse in deeper areas. Experimental results demonstrate that
the proposed method can effectively remove noise photons in the experimental area and
accurately capture the precise contours of the underwater terrain. However, in deeper water,
due to the sparse number and distribution of photons, some photons remain unidentified
as signal points and are filtered out.

The experimental results further confirm that the proposed method can accurately
remove most noise photons. The influence of different terrains on noise removal is minimal,
as the quadtree isolation denoising process is segmented only in two-dimensional space and
is related only to photon distribution, independent of water depth. Moreover, the denoising
results for daytime data are less effective than nighttime data due to the influence of surface
reflectivity, solar altitude angle, atmospheric scattering, and other factors, resulting in more
noise and affecting the denoising effect.
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(e1–e3) Huaguang Reef in 15 July 2022; (f1–f3) Ailinginae Atoll Island.

3.2. Multiple Analysis Strategies for Denoising Results

To verify the effectiveness and validity of the proposed method, the denoising results
of the ATL03 built-in algorithm (confidence = 4), the DBSCAN denoising algorithm, and
the quadtree denoising algorithm were compared. The experimental results are shown in
Figures 10–15. Since the denoising results are affected by noise density and underwater
topography, these two aspects are analyzed and discussed in Sections 3.2.1 and 3.2.2.

3.2.1. Comparative Experiment Based on the Photon Density Difference

Since the denoising results are affected by noise density, the ATL03 built-in algorithm
(confidence = 4), DBSCAN denoising algorithm, and quadtree denoising algorithm were
applied in the experimental areas (Dongdao Island, Huaguang Reef, and Oahu Island) for
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qualitative and quantitative analyses. The effectiveness and universality of the proposed
method were validated by comparing the denoising results across different photon density
data. As shown in Figure 10, Dongdao Island has a high number of photons and dense
noise points. The ATL03 built-in algorithm (confidence = 4) identifies only surface photons,
while the DBSCAN and quadtree denoising algorithms exhibit poor denoising performance.
In contrast, the proposed method removes noise points and extracts underwater terrain
information. Figure 11 demonstrates that the ATL03 built-in algorithm has poor denoising
performance. Additionally, the DBSCAN and quadtree denoising algorithms cannot remove
noise points near the underwater terrain. In contrast, the proposed method effectively
removes noise points in this area and retains valid terrain information. Figure 12 indicates
that the noise points on Oahu Island are scattered. Near the sea surface, the ATL03 built-in
algorithm (confidence = 4), the DBSCAN denoising algorithm, and the quadtree denoising
algorithm fail to completely remove these noise points. In contrast, the proposed method
effectively removes the noise points in this area. Additionally, the proposed method can
identify signal points in the deep-water area within the red dotted line box.
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The experimental results show that the ATL03 built-in algorithm (confidence = 4)
and DBSCAN denoising algorithm can extract signal point information for areas with
high noise point density but retain numerous noise points post-denoising. In quadtree
segmentation of the entire region, the layer value corresponding to photons is high; the
maximum interclass variance calculated by the Otsu algorithm is significant, and some
signal points with low layer values are misjudged as noise points, resulting in excessive
denoising. Compared with the other three denoising algorithms, the method proposed
in this paper yields better visual results, effectively removing most noise photons and
preserving the contour of the seafloor signal photons.

The denoising results for the experimental areas (Dongdao Island, Huaguang Reef,
and Oahu Island) were obtained using visual interpretation data as reference data. The
accuracy was evaluated using the following five indicators: OA; P; R; F; and FPR. The
accuracy evaluation results are shown in Tables 2–4. The experimental results show that the
proposed method outperforms the other three algorithms in terms of accuracy for different
experimental methods. The R values of the proposed method for Huaguang Reef and Oahu
Island are slightly lower than those of the other three denoising algorithms. This occurs
because models with low performance often need to sacrifice many P-values to improve
the R-value, leading to higher F-value and OA-value compared to the other three denoising
algorithms.

Table 2. Dongdao Island accuracy verification results in 10 September 2022.

Method
Indicators

OA% P% R% F% FPR%

ATL03 86.84 99.17 84.59 91.30 3.16
DBSCAN 92.93 96.24 95.06 95.64 16.51
Quadtree 94.39 98.90 94.17 96.48 4.66

Proposed method 98.28 98.84 99.05 98.95 3.01
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Table 3. Huaguang Reef accuracy verification results in 15 July 2022.

Method
Indicators

OA% P% R% F% FPR%

ATL03 95.09 95.00 100.00 97.44 73.96
DBSCAN 95.80 96.80 98.76 97.77 45.83
Quadtree 96.35 98.74 97.33 98.03 17.45

Proposed method 99.27 99.81 99.41 99.61 2.60

Table 4. Oahu Island accuracy verification results.

Method
Indicators

OA% P% R% F% FPR%

ATL03 96.20 96.16 100.00 98.04 79.80
DBSCAN 94.54 97.87 96.36 97.11 41.92
Quadtree 96.82 98.70 97.95 98.33 25.76

Proposed method 97.74 99.21 98.41 98.81 15.66

3.2.2. Comparative Experiments Based on Different Terrain Features

Considering that the denoising results are affected by terrain information, the ATL03
built-in algorithm (confidence = 4), DBSCAN denoising algorithm, and quadtree denoising
algorithm were applied in the experimental areas (Dongdao Island, Huaguang Reef, and
Ailinginae Atoll) for qualitative and quantitative analyses with the method proposed in
this paper. The effectiveness and universality of the proposed method were further verified
by comparing the denoising results for different underwater terrain data.

As shown in Figure 13, the underwater topography of Dongdao Island is complex, with
scattered noise points. The denoising results of the other three algorithms retain numerous
noise points, whereas the proposed method eliminates the noise points within the red
dotted box. As shown in Figure 14, the underlying terrain of Huaguang Reef is complex.
The ATL03 built-in algorithm and the DBSCAN denoising algorithm retain numerous
noise points. Additionally, the quadtree denoising algorithm generates discontinuous
underwater terrain information and incorporates some noise. In contrast, the proposed
method effectively removes noise points in this area and preserves continuous and smooth
underwater terrain information. As shown in Figure 15, the terrain of the Ailinginae Atoll
area fluctuates significantly. The other three denoising algorithms fail to eliminate the
noise points near the sea surface, and the terrain information in the right dotted box is
misidentified as noise. In contrast, the proposed method effectively removes the noise
points near the sea surface and identifies the signal points within the red-dotted box.
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The experimental results show that the complexity of terrain also has a particular
impact on the extraction of signal photons. The ATL03 built-in algorithm and DBSCAN
algorithm exhibit poor denoising effects, especially when the noise points near the sea
surface cannot be completely removed. The quadtree algorithm removes more noise points,
but for the whole region, quadtree segmentation leads to excessive denoising of photon
data and discontinuous underwater terrain information. Compared with those of the
other three denoising algorithms, the denoising results presented in this paper exhibit
superior visual quality, effectively removing noise photons and preserving the details of
the underwater terrain.

The denoising results for the experimental areas (Dongdao Island, Huaguang Reef,
and Ailinginae Atoll) were derived using visual interpretation data, with accuracy eval-
uation results shown in Tables 5–7. The experimental results show that the proposed
method outperforms the other three algorithms in terms of accuracy indices across different
experimental areas. For Dongdao Island and Ailinginae Atoll, the precision indices of the
proposed method were higher than those of the other three algorithms. For Huaguang Reef,
the ATL03 built-in algorithm exhibited lower FPR values. This is because the algorithm
misidentified fewer noise points as signal points.
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Table 5. Dongdao Island accuracy verification results in 7 August 2023.

Method
Indicators

OA% P% R% F% FPR%

ATL03 94.72 97.39 97.04 97.22 48.30
DBSCAN 94.48 97.39 96.78 97.08 48.30
Quadtree 94.10 98.09 95.65 96.85 34.69

Proposed method 97.81 98.76 98.94 98.85 23.13

Table 6. Huaguang Reef accuracy verification results in 14 January 2022.

Method
Indicators

OA% P% R% F% FPR%

ATL03 93.55 99.01 93.07 96.25 2.57
DBSCAN 94.20 97.64 95.80 96.71 18.78
Quadtree 88.68 99.28 87.92 93.25 15.14

Proposed method 99.11 99.03 99.98 99.50 7.91

Table 7. Ailinginae Atoll accuracy verification results.

Method
Indicators

OA% P% R% F% FPR%

ATL03 97.90 99.00 98.85 98.93 55.34
DBSCAN 98.39 99.49 98.67 99.18 28.16
Quadtree 98.53 99.75 98.75 99.25 13.59

Proposed method 98.73 100.00 98.71 99.35 1.00

3.3. Accuracy Assessment Based on In Situ Bathymetry Data

To further verify the accuracy of the method proposed in this paper, in situ measured
water depth data near Dongdao Island and ICESat-2 bathymetry data (i.e., 20230807GT3L)
were utilized for correlation analysis. Figure 16 and Table 8 show the regression line slope,
R2, RMSE, MAE, MRE, and other information.
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Table 8. Accuracy and validation of photon-counting bathymetry.

Method
Indicators

R2 RMSE (m) MAE (m) MRE (%)

DBSCAN 88.75 1.03 0.77 7.53
Quadtree 74.58 1.35 0.80 7.88

Proposed method 94.59 1.01 0.77 7.26

Experiments show that the R2 values are both higher than those of the DBSCAN
and quadtree denoising algorithms, reaching 94.59%. The results show that the ICESat-2
sounding data after refractive index correction obtained by this method strongly correlate
with the in situ sounding data. In addition, Figure 16 and Table 8 illustrate that the ICESat-
2 sounding data extracted by this method exhibit almost no abnormal values and high
accuracy, with an RMSE of 1.01 m and an MAE of 0.77 m. In conclusion, the signal points
extracted by this method have fewer errors than the measured data, and the results can
provide valuable insights for subsequent underwater topographic maps.

Figure 17 shows the data fitting results of the proposed method and the in situ
bathymetry data. The experimental results indicate that the ICESat-2 sounding data after
refractive index correction obtained by the proposed method align closely with the in
situ sounding data, effectively displaying the underwater terrain contour information and
providing a foundation for subsequent experiments.
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Figure 17. Comparison between the ICESat-2 denoising results and in situ data.

4. Discussion

In this section, to further verify the photon denoising performance of the method
proposed in this paper for different water depths, the accuracy of the reference visual
interpretation data was quantitatively analyzed and discussed across different water depth
ranges (<10 m, 10~20 m, and >20 m). The experimental results are shown in Figure 18. The
experimental results show that the denoising effect of the proposed method surpasses that
of other methods at different water depths. The denoising accuracy of the built-in ATL03
algorithm (confidence = 4) was found to be relatively low. The performances of the four
denoising algorithms used in the experiment deteriorate with increasing water depth.
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Figure 18. Quantitative evaluation of the performances of the four methods at different water depths.
(a) Represent the result of <10 m, 10–20 m, and >20 m in Oahu Island. (b) Represent the result of
<10 m, 10–20 m, and >20 m on 10 September 2022 in Dongdao Island. (c) Represent the result of
<10 m, 10–20 m, and >20 m on 7 August 2023 in Dongdao Island. (d) Represent the result of <10 m,
10–20 m, and >20 m on 14 January 2022 in Huaguang Reef. (e) Represent the result of <10 m, 10–20 m,
and >20 m on 15 July 2022 in Huaguang Reef. (f) Represent the result of <10 m, 10–20 m, and >20 m
in Ailinginae Atoll.
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Figure 18a shows that the terrain of Oahu Island fluctuates widely. Within the 0~20 m
range, the denoising performance of the proposed method surpasses that of the other three
algorithms, while the quadtree algorithm’s performance remains relatively low. Above
20 m, the denoising performance of the proposed method declines slightly compared to
that of the ATL03 built-in algorithm. This occurs because, in deep water areas, a small
number of signal points are misclassified as noise. As shown in Figure 18b, the denoising
performance of various algorithms on Dongdao Island indicates a significant advantage of
the proposed method. The ATL03 algorithm solely identifies sea surface photons, resulting
in precision indices approaching zero. As shown in Figure 18c, photons on Dongdao
Island are concentrated in the 10~20 m range, and the denoising performance of various
algorithms remains consistent. At depths less than 10 m and greater than 20 m, the proposed
method exhibits superior denoising performance. As shown in Figure 18d, photons are
concentrated within the 20 m range, where the performance of the proposed method
slightly surpasses the other three algorithms. The FPR value of the ATL03 algorithm was
found to be higher, indicating a higher probability of photon misidentification. As shown in
Figure 18e, the photon point cloud of Huaguang Reef is concentrated within 10 m. Beyond
the 10 m range, the proposed method shows a significant denoising effect. As shown in
Figure 18f, the terrain of Ailinginae Atoll fluctuates widely. Within the 20 m range, the
denoising performance of various algorithms remains consistent. Beyond the 20 m range,
the proposed method exhibits good denoising performance, with higher OA, P, R, and F
and lower FPR values than the other three algorithms.

5. Conclusions

This paper proposes a quadtree denoising algorithm based on the multiscale analysis
of quadtree segmentation. Experiments indicate that this method effectively denoises the
photon data obtained by ICESat-2 and removes underwater noise points while restoring
underwater terrain information. The denoising results in this paper have a high correlation
with the in situ bathymetry data, demonstrating that the signal photons extracted by this
method can be directly used as water depth detection data in shallow coastal areas.

The quadtree algorithm segments the photon points in the two-dimensional plane
space until the number of photons in the segmented subspace is within the maximum
capacity. The density is represented by the corresponding layer values of photons in
the subspace. Then, the maximum interclass variance is computed to separate the noise
points from the signal points. However, due to the different photon densities in different
experimental areas, direct quadtree segmentation may lead to misclassification of signal
points, resulting in an excessive denoising effect. Therefore, considering the characteristics
of the underwater photon density, which gradually decreases from shallow to deep, this
paper proposes a quadtree segmentation algorithm based on multiscale analysis. First, the
DBSCAN algorithm removes outlier noise points; then, the seafloor photons are divided
into windows, and quadtree segmentation is performed within the window. The corre-
sponding layer value of photons in the window is low, effectively reducing the probability
of misclassification and enhancing the denoising accuracy.

Compared with the existing research results, the denoising method proposed in this
paper addresses the problems of high dependence on parameters and vulnerability to noise
distribution. Due to the complexity of the background photon distribution and the ability of
ICESat-2 to detect signal photons, this method may still miss a small number of photons at
the edge of underwater terrain within the detection range of ICESat-2. Subsequent research
will focus on the extraction of such signals to improve the denoising effect of this method
on photon data in more complex cases.
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