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Abstract: In the low-lying, river-rich Pearl River Delta in South China, an extensive network of
flood defense levees, spanning over 4400 km, plays a crucial role in urban flood management. These
levees are designed to withstand floods and storm surges, yet their failure can lead to significant
human and economic losses, highlighting the need for robust urban flood defense strategies. This
necessitates the development of a sophisticated geographic information system for the levee network
and rapid, accurate assessment methods for levee conditions to support water management and
flood mitigation efforts. This study focuses on the levees along the Hengmen waterway in the Pearl
River Delta, utilizing airborne Light Detection and Ranging (LiDAR) technology to gather 3D spatial
data of the levees. Employing the Cloth Simulation Filter (CSF) algorithm, non-ground point cloud
data were extracted. The study improved upon the region-growing algorithm, using a seed point set
approach for the automatic extraction of levee point cloud data. The accuracy and completeness of
levee extraction were evaluated using the quality index. This method achieved effective extraction
of four levee types, showing significant improvements over traditional algorithms, with extraction
quality ranging from 72% to 83%. Key research outcomes include the development of a novel method
for detecting localized levee depressions based on the computation of the variance of angles between
normal vectors in single-phase levee point cloud data. An adaptive optimal neighborhood approach
was utilized to accurately determine the normal vectors, effectively representing the local morphology
of the levee point clouds. Applied in three levee depression detection experiments, this method
proved effective, demonstrating the capability of single-phase data in identifying regions of levee
depression deformation. This advancement in levee monitoring technology marks a significant step
forward in enhancing urban flood defense capabilities in regions such as the cities of the Pearl River
Delta in China.

Keywords: airborne LiDAR; Cloth Simulation Filtering algorithm; region-growing algorithm; levee
point cloud extraction; deformation detection

1. Introduction

In the realm of urban flood management, the incorporation of levee systems into
these networks is paramount for safeguarding urban regions, particularly in the case of
sophisticated delta city clusters [1–3]. These levee systems act as the primary bulwark
against surging water levels, offering indispensable protection in the event of floods [4,5].
However, these levees are frequently subjected to damage from flood erosion, human activ-
ities, and natural subsidence, which collectively heighten their susceptibility to structural
failure. Potential breaches in these defenses pose severe risks of casualties and economic
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losses [6–10]. The Pearl River Delta, one of South China’s most densely populated regions,
is distinguished by its low-lying topography and intricate river networks. The area is
fortified by an extensive array of flood protection levees, with those classified as third-level
or higher cumulatively spanning in excess of 4400 km. Consequently, there is an urgent
need to establish a detailed foundational geographic information system (GIS) for the levee
network and to develop precise and rapid assessment methods for levee conditions. Such
advancements would furnish technological support to various levels of water management
and flood control departments, aiding in disaster mitigation management and enhancing
the efficacy of emergency response [11–13].

In acquiring spatial information of hydraulic engineering structures and other con-
structions, traditional surveying methods, such as using total stations, Real-time Kinematic
(RTK) positioning, and drone aerial photography, are commonly used. However, these
processes often encounter challenges such as low efficiency and high labor costs [12–14].
Airborne Light Detection and Ranging (LiDAR) systems circumvent these constraints by
swiftly capturing expansive and precise three-dimensional point clouds of topographical
features via a laser radar mechanism deployed from an aerial platform. The applica-
tion of airborne LiDAR technology for the extraction of levee point clouds surmounts
the challenges inherent in traditional levee data acquisition methods, which are typically
labor-intensive and demonstrate limited operational efficiency. Employing this approach
markedly elevates productivity within the domain of levee surveying.

Some research has conducted thorough investigations into and achieved considerable
enhancements in the methodologies for classifying and extracting building-related infor-
mation from LiDAR point clouds [14–16]. The direct extraction of point cloud data stands
out as the most straightforward and widely employed method. As based on point cloud
features, this type of method utilizes different attribute information inherent in LiDAR
point cloud data, such as elevation, intensity, and number of returns, or geometric features
derived from three-dimensional coordinate information, like curvature and roughness,
to directly classify point clouds [17–21]. Bethel and Rottensteiner have successfully ex-
tracted building point clouds by exploiting the characteristic weak last-return signals from
buildings [18].

Object-oriented point cloud classification and extraction is another common classi-
fication method, involving initial segmentation of unclassified point clouds, in which
classification is based on the features of segmented objects. This approach primarily targets
point clouds with prominent planar characteristics [22–25]. Poux et al. [26] utilized planar
fitting to estimate point cloud normal vectors and employed these vectors as criteria for the
region-growing algorithm, thereby successfully extracting building point clouds. While
this method demonstrates effectiveness in extracting planar building point clouds, the
quality of building extraction is significantly influenced by the results of clustering and
the selection of seed points in the region-growing algorithm. The integration of imagery
and point clouds for classification and extraction is also a commonly used method [27–30].
The classification of point clouds by using the fusion of multiple data types, such as the
approach of Kabolizade et al. [31], involves utilizing distinct spectral characteristics of
buildings and vegetation in remote sensing imagery, combined with the red-green band
index in LiDAR point cloud attributes, to separate vegetation point clouds. Although the
use of multi-source data as an auxiliary for point cloud classification enhances accuracy to
some extent, effective integration of such data poses challenges.

Deformation monitoring using laser point cloud data commonly employs two meth-
ods: one entails direct terrain reconstruction, considering surface features and incorporating
expert evaluation, while the other compares multi-temporal point cloud data to calculate
vertical elevation changes, identifying deformation location and extent. Airborne LiDAR
point clouds for deformation monitoring primarily focus on reservoir dams, vulnerable
residential buildings, and highway slopes [32–35]. Jaboyedoff and Derron [36] highlighted
the historical development, performance basics, and advantages and limitations of LiDAR,
emphasizing its impact on landslide mapping, rock discontinuity characterization, and the
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ongoing evolution of the technique for improved research in this field. Lindenbergh and
Pfeifer [37] used the Iterative Closest Point (ICP) method to achieve effective and precise
registration of two sets of point cloud data, using the elevation differences between these
datasets for the deformation monitoring of ship locks in ports. Alba et al. [38] utilized
different scanners to scan dams, calculating the vertical changes at identical points on the
dam body from the point cloud data obtained by both instruments, thereby acquiring the
deformation information of the dam. Due to the high cost of acquiring multi-temporal
point cloud data, deformation detection based on single-phase data acquisition has become
a practical necessity. This approach involves fully utilizing the geometric relationships
inherent in the point cloud, identifying and analyzing deformation damage by comparing
the geometric features of point clouds in deformed and non-deformed regions, thereby
detecting characteristic points of deformation on the surface of objects [39].

Despite the widespread application for the airborne LiDAR point, the levee point
clouds are still not commonly utilized for shape-based monitoring purposes, as suggested
by the scarcity of relevant literature. Despite the scarcity of research focused on the ex-
traction of deformation regions from single-phase data, this paper addresses this gap by
introducing two novel contributions: First, we present a levee-adaptive region-growing
algorithm specifically developed for the automatic extraction of levee point cloud data. Sec-
ond, we propose a rapid detection method for identifying levee depression deformations
utilizing the extracted point cloud data as shown in Sections 2.3.5 and 2.3.6. This innova-
tive method synergizes iterative minima with machine learning techniques, significantly
minimizing the necessity for manual input while delivering results with high accuracy
and strong adaptability across diverse terrains. With a streamlined set of parameters, this
approach is engineered to furnish dependable deformation monitoring outcomes.

2. Materials and Methods
2.1. Data Collection

The acquisition of LiDAR data pertinent to this research was executed in the proximity
of the Hengmen Waterway, located within Zhongshan City, Guangdong Province, as
illustrated in Figure 1. The geographic coordinates that demarcate the data collection zone
span from 22◦34′ to 22◦35′ N latitude and 113◦24′ to 113◦38′ E longitude, encompassing
an expanse of 51 km2. The Hengmen Waterway, a principal estuarine channel of the Pearl
River Delta, is bordered by extensive flood protection levees of varying types. The airborne
LiDAR survey was carried out in December 2016, with the area of interest delineated by
the red polygon in Figure 1a. According to the tidal/level variation characteristics, the low
tide of the astronomical neap day occurred at 1 p.m. on 22 December 2016, when the water
level near the study area was at its lowest. To diminish the influence of aquatic surfaces
on the integrity of the levee data, the surveying activity was strategically scheduled for
approximately 1 p.m. to coincide with the low tide conditions, thereby ensuring minimal
water coverage at the levee bases.

The airborne laser scanning apparatus employed for this data collection, depicted
in Figure 1b, was the Harrier 69i (TopoSys, Munich, Germany), which is capable of a
maximum pulse frequency of 400 kHz and possesses a scanning swath of 45/60 degrees.
Aerial imaging was conducted utilizing a Rollei Metric AIC Pro digital camera (RolleiMetric
GmbH, Braunschweig, Germany), while plane control measurements were ascertained
using a CHC Navigation V8 dual-frequency GNSS receiver (Tianbaonette Technology Co.,
LTD., Wuhan, China). Subsequent to the field data acquisition phase, processing was under-
taken using TerraSolid software (v.2021) to synthesize point cloud and Digital Orthophoto
Map (DOM) datasets. The methodological sequence and the technical specifications associ-
ated with the aerial survey and subsequent data curation are delineated in Figure 1c and
Table 1.
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Figure 1. (a) Geographical extent of the aerial LiDAR survey over the Hengmen Waterway; (b) config-
uration of the airborne LiDAR scanning apparatus; (c) flowchart of the LiDAR point cloud processing
protocol [40].

The LiDAR dataset procured for this analysis was aligned with the CGCS2000 national
coordinate system for planar positioning and referenced to the 1985 Chinese National
Height Datum for altitudinal data. This dataset maintained a point cloud density of
16 points per square meter and was accompanied by ultra-high-resolution imagery with
a pixel size of 0.05 m. The spatial accuracy of the LiDAR point cloud was validated to a
horizontal precision of 0.25 m and a vertical precision of 0.15 m. Data fidelity, particularly
the altitudinal accuracy of the laser footprint, was meticulously verified through the use of
ten strategically positioned ground control stations. This paper predominantly addresses
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the structural analysis of levees, aiming to assess the robustness of the proposed automated
technique for point cloud extraction from levees exhibiting varied structural characteristics.
To accommodate the disparity in spatial distribution between levee constructions and other
landscape features, four distinct levee types along the Hengmen Waterway were selected
as the focal regions in this case study.

Table 1. Aerial survey technical parameters.

Parameters Value

Device type Harrier68I
Scanning angle (◦) 60

Impulse frequency (Khz) 400
Camera heading scan angle (◦) 43.99

Camera side scan angle (◦) 56.653
Relative flying height (m) 400

Aircraft ground speed (m/s) 34
Image ground resolution (m) 0.048

Number of images 1445
Point cloud density (points/m2) 16.98

Course overlap (%) 60
Lateral overlap (%) 30

Laser scan overlap (%) 35
Flight line spacing (m) 302
Number of flight lines 9

Total course length (km) 186
Estimated operating time (h) 2.8

Speed per hour (km/h) 122

As indicated in Figures 1 and 2, the levee sections under scrutiny were identified
as Levees 1 to 4. Figure 2 presents the initial point cloud data and Digital Orthophoto
Map (DOM) images for each section. Levee 1, spanning an area of 68,874 m2, comprises
1,055,926 points. The topography in this region is notably level, with the levee exhibiting
characteristics of a standardized man-made structure. The levee’s surface is uniform, with
a salient linear configuration, and the surrounding land primarily consists of residential
structures, sparse vegetation, aquatic expanses, and aquaculture ponds with synthetic
coverings. Levee 2 extends over 35,683 m2 and includes 560,617 points. The adjacent
terrain is predominantly flat, though the connecting roadway displays notable undulations.
This levee, of a standardized man-made design, presents a more intricate “S”-shaped
structure compared to Levee 1 and is surrounded by low-lying crops and a range of
vegetation heights. Levee 3 encompasses 19,260 m2 with 327,826 points. The terrain
here is uniform, and the levee itself is a non-standard man-made edifice, enveloped by
diverse vegetation types. Its structure is primarily linear, with the area hosting both
medium and low vegetation. Lastly, Levee 4 covers approximately 19,867 m2 and consists
of 231,834 points. The terrain is generally level with some undulating areas. This non-
standard man-made levee is characterized by its dense vegetation and a predominantly
“S”-shaped complex contour. The vicinity largely comprises low-lying crops and a mixture
of medium and tall vegetation.

2.2. Introduction to Levee Structure

Figures 3 and 4 illustrate the geometric model and basic structural elements of a
standard levee. A typical levee structure usually comprises elements such as the crest and
slopes, including both the waterside and landward slopes. The crest is generally built flat
with a specific width, featuring extreme slope changes at the junctions with the slopes, and
often has a wave wall on the water-facing side to resist flood overtopping. Additionally, in
the study area, jetties are often constructed on the waterside slopes of the levees, narrower
than the crest, to counteract flood and wave erosion and facilitate river channel inspections.
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2.3. Method
2.3.1. Main Process

The present study meticulously evaluates point cloud data derived from an airborne
LiDAR survey of the Hengmen waterway zone, with a particular emphasis on the multitude
of levee formations encapsulated within the data. The central thrust of the research is to
refine methodologies for both the extraction of levee point clouds and the identification of
localized topographical depressions within these structures. The salient research activities
are encapsulated in Figure 5 and are delineated as follows:
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Step 1: Extraction of Non-Ground Point Subset from LiDAR Data

The initial stage involves the application of a Statistical Outlier Removal (SOR) filter
to the LiDAR dataset to expunge points that are not pertinent to the ground surface.
Subsequent to this filtration, the Cloth Simulation Filter (CSF) algorithm is employed
to discriminate between ground and non-ground points effectively, culminating in the
isolation of the non-ground point subset.

Step 2: Establishment of Levee Seed Point Subset from Non-Ground Points

The process commences with the exclusion of vegetation-influenced points from the
non-ground subset, executed by analyzing the rate of change in the normal vectors of the
point cloud. This is followed by the segmentation of the point cloud using a connected
region labeling technique, which facilitates the derivation of initial levee seed points.

Step 3: Formulation of Comprehensive Levee Point Cloud Using Seed Points

The investigation advances through the development and application of a region-
growing algorithm, which is designed to augment the levee seed point subset. This strategic
expansion yields a more comprehensive assemblage of levee point cloud data.

Step 4: Identification of Topographical Depressions in Levee Point Cloud

The detection of deformation within the levee point clouds is predominantly con-
ducted through the analysis of variance in the angles between the normal vectors of
the point cloud. This evaluation employs an adaptive, optimally selected neighborhood
principal component analysis method to ascertain the presence and extent of deformed
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topographical features. Each of these steps is integral to the overarching objective of ad-
vancing the precision and efficacy of levee analysis through innovative point cloud data
processing techniques.

2.3.2. Basic Principle of Levee Point Cloud Extraction

In this study, we employ an advanced object-oriented region-growing algorithm,
augmented by the geometric attributes of point clouds, to meticulously extract levee point
cloud data, which is meticulously depicted in Step 2 of Figure 5. Levee point cloud
extraction involves extracting levee terrain point clouds from non-ground points obtained
via CSF [41–43]. Then, normal vectors of the point cloud, calculated from the non-ground
points, are used as criteria for selecting initial discrete levee seed points. Subsequently,
these seed points are clustered and segmented using the connected region labeling method
to form a set of levee seed points. Finally, the angle of normal vectors and height differences
are used as criteria for regional growth to extract the levee point cloud, as detailed in
Figure 6:
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2.3.3. Levee Seed Point Selection

The normal vectors of the point cloud are estimated using principal component
analysis (PCA) and adjusted using the Minimum Spanning Tree (MST) algorithm. The
degree of variation in point cloud normal vectors refers to the average angle between
a point’s normal vector and those of all points within a certain neighborhood. Points
on the same plane typically have normal vectors pointing in the same direction, with
smaller angles between them. Figure 7 represents the number of levee and vegetation
points. In terms of the change rate of the normal vector, the two vertical axes of Figure 7
(Figure 7a and Figure 7b) show that Figure 7a is the number of points in the levee and
Figure 7b is for vegetation. Compared to vegetation, levee planes (Figure 7a) are more
pronounced, exhibiting smaller variations in their point cloud normal vectors, allowing
for effective removal of scattered vegetation points (Figure 7b) while retaining most of the
levee point cloud.
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Statistical analysis of the variation in levee normal vectors revealed that points with
a value less than 0.10 accounted for 98.13% of the selected levee points. Therefore, the
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threshold for selecting initial levee seed points was set at 0.10. However, when vegetation
canopies are extensive or other structures like houses are present in the study area, the
feature value of normal vector variation might also be small, potentially falling below the set
threshold. To ensure the accuracy of levee point cloud extraction, further effective filtering
of these noise points is necessary. Considering the discrete distribution of vegetation points,
the independence of houses, and the spatial continuity of levees, the connected component
labeling (CCL) method based on Euclidean distance clustering segmentation is used to
cluster and segment levee seed points, filtering out clusters that do not meet the point
cloud number threshold (such as rooftops, dense vegetation canopies, viaducts, power
towers, etc.). Thus, levee seed points for subsequent regional growth are obtained. Finally,
the extracted levee seed points are used as a basis for the regional growth extraction of the
final levee point cloud, with the angle of normal vectors serving as the growth criteria, as
illustrated in Figure 8.
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2.3.4. Evaluation

From the extraction results of the four types of levee point clouds in the aforementioned
study regions, the method presented in this paper successfully extracted complete levees
within the study range. To comprehensively evaluate these results, qualitative analysis
alone is insufficient; a quantitative assessment of the algorithm’s effectiveness is also
necessary for a thorough evaluation and analysis of the levee point cloud extraction results
achieved in this study.

Due to the absence of standard levee point cloud data in the study regions for refer-
ence, this paper combines the Digital Orthophoto Map (DOM) of each levee in the study
area. Levee point clouds are extracted through manual interactive classification to serve
as a reference for evaluation. The effectiveness of the levee point cloud extraction is an-
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alyzed based on the accuracy metrics defined by Heipke et al. [44], namely correctness,
completeness, and quality indices. They are computed as follows.

Rcompleteness =
TP

TP+FN
Rcorrectness =

TP
TP+FP

Rquality = TP
TP+FP+FN

(1)

where TP denotes the number of levee points correctly segmented; FN denotes the num-
ber of levee points that are not segmented; and FP denotes the number of levee points
incorrectly segmented.

2.3.5. Adaptive Normal Vector Estimation

(1) Normal vector computation

After determining the local neighborhood of the point cloud, geometric features
such as curvature, roughness, and dimensional characteristics of the point cloud can be
computed. The surface variation in a local neighborhood of a point is indicated by the
change in direction of the normal vector at the microtangent plane of the point. Greater
surface variation in the local area implies a larger change in the direction of the normal
vectors and, consequently, a larger variance in the angle of normal vectors. This variation
is strictly dependent on the precise representation of local point cloud normal vectors, as
illustrated in Figure 9.
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We employ a method based on local surface fitting to calculate the normal vectors
of point clouds. The PCA embedded in this method constructs a covariance matrix and
identifies the normal vector of a point as corresponding to the smallest eigenvalue. The
normal vector results calculated from point clouds with different neighborhood sizes
exhibit variations [45]. As illustrated in Figure 10, the normal vectors represented by the
red dots differ depending on the neighborhood size. The normal vector calculated using
PCA within the neighborhood indicated by the solid black circle is shown as a solid black
arrow, while the normal vector for the same point calculated with PCA within the larger
neighborhood indicated by the dashed black circle is shown as a dashed black arrow. As
can be seen in the figure, the normal vectors obtained from the two different neighborhood
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ranges are not consistent. The normal vector of the red point calculated with the smaller
neighborhood (solid black line) more accurately reflects the actual condition. In contrast,
the normal vector calculated with the larger neighborhood (dashed black line) does not
truly represent the point’s normal vector. However, for the red point on a locally flat surface
in Figure 10b, the normal vector estimated with the larger neighborhood (dashed black
line) is more representative of the actual situation.
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(2) Determination of the optimal neighborhood based on PCA

To accurately reflect the variations in local surface normal vectors, it is necessary to
calculate point cloud normal vectors using different neighborhood sizes, thus minimizing
the impact of errors due to inappropriate neighborhood selection on the estimation of
point cloud normal vectors. This study determines the adaptively optimal neighborhood
for calculating point cloud normal vectors based on the geometric characteristics of the
point cloud data. After PCA is applied, three eigenvalues λ1, λ2, and λ3 and their corre-
sponding eigenvectors v1, v2, and v3 are obtained, with eigenvalues satisfying the condition
λ1 ≥ λ2 ≥ λ3 > 0. According to the relative size relationship of eigenvalues, the spatial
distribution of different point sets can be reflected. The dimensionality relationship of
the local neighborhood of the point cloud can also be characterized using three eigenval-
ues [46]: when λ1 ≫ λ2, λ3≈ 0, the local neighborhood dimension of the point tends to
be one-dimensional, meaning that the feature neighborhood of the point cloud locally is
linear; when λ1 ≫ λ2 ≈ λ3, the local neighborhood dimension of the point tends to be
two-dimensional, meaning that the feature neighborhood of the point cloud locally is a
plane; and when λ1 ≈ λ2 ≈ λ3, the local neighborhood dimension of the point tends to
be three-dimensional, meaning that the feature neighborhood of the point cloud locally is
a surface.

Lλ =

√
λ1 −

√
λ2√

λ1
, Gλ =

√
λ2 −

√
λ3√

λ1
, Sλ =

√
λ3√
λ1

(2)

Based on these characteristics, local neighborhood dimensional features of the point
cloud can be mathematically represented as one-dimensional (1D), two-dimensional (2D),
and three-dimensional models through Equation (2) [47]. The spatial distribution character-
istics of a point cloud can be inferred by constructing the probability of feature dimensions
for the local neighborhood model. Introducing the concept of information entropy helps
determine these characteristics, and a local neighborhood entropy function is created to
define dimensional attributes. If the point cloud in the local neighborhood is well ordered,
its information entropy is smaller, indicating more homogeneous features and a tendency
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toward a single dimension. Thus, the optimal representation of local spatial features in the
point cloud is achieved through the size of this neighborhood.

E f = −Lλ ln(Lλ)− Gλ ln(Gλ)− Sλ ln(Sλ) (3)

At this juncture, the optimal neighborhood size can be determined by identifying the
local neighborhood size with the minimum information entropy:

Koptimized = argmin(E f ) (4)

Cohen improved the information entropy function by replacing the local neighbor-
hood dimensional feature model of the point cloud with an eigenvalue model of the local
neighborhood covariance matrix [48]. The eigenvalues obtained from different neighbor-
hood sizes are inserted into Equation (5) to calculate Eη . The optimal neighborhood size K
for the point cloud corresponds to the smallest value of Eη

Eη = −η1 ln(η1)− η2 ln(η2)− η3 ln(η3) (5)

Koptimized = argmin(Eη) (6)

where ηi =
λi

∑ λi
, and i = 1, 2, and 3.

Summarizing the above, the specific steps for estimating point cloud normal vectors
based on an adaptively optimal neighborhood can be outlined as follows: First, initialize
the neighborhood search radius to the minimum value of the set neighborhood radius,
and set the maximum value and step size for the radius. Next, construct the local least
squares plane P for the point cloud pi using the minimum neighborhood radius and solve
for eigenvalues and eigenvectors using PCA. Then, calculate the information entropy value
based on the eigenvalues obtained from PCA. Increase the search radius size according
to the set step size and repeat the calculation of information entropy. The iteration ends
when the neighborhood search radius reaches the set maximum value. Compare the
information entropy values calculated under different search neighborhood radii; the
optimal neighborhood for the point is the search neighborhood radius size corresponding
to the minimum entropy value. The specific workflow is illustrated in Figure 11.
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2.3.6. Deformation Detection of Levee Depression

Levees face numerous damages during their prolonged usage, with slope collapses
and depressions being common forms of levee deterioration, as shown in Figure 12. To
achieve more refined and dynamic management of levees in coastal regions, it is essential
to enhance the monitoring of local deformations such as collapses and damages due to
human alterations.
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Figure 12. A damaged levee surface.

Depression deformations in levees most frequently manifest along the waterside slope,
spanning from the jetty to the crest. These deformations originate at the waterside shoulder
of the crest and extend downward, potentially culminating in breaches at the crest. Surface
alterations within these depressed areas are markedly more conspicuous when contrasted
with the regular levee surfaces. As the topology transitions from the normative to the
depressed state, the point cloud normal vectors also exhibit significant alterations, with
their directions becoming increasingly erratic. This results in an escalated variance of
the angles between the normal vectors within the point clouds of the depressed levee
sections. Consequently, this variance serves as a quantitative indicator for the identification
of localized depression deformations in levee structures.

The detection process commences with the precise estimation of the normal vectors
pertaining to the levee point cloud data, employing a method predicated on an adaptive se-
lection of the optimal neighborhood size. Subsequently, the variance of the angles between
these normal vectors, which is computed utilizing the adaptively optimal neighborhood
size, is employed as the benchmark for delineating characteristic points indicative of levee
depression deformations. The ensuing stage involves refining the dataset through the ex-
clusion of noise points with the aid of ancillary data such as elevation and slope maps. The
clustering of the depression deformation point clouds of the levee is then executed to assem-
ble the definitive collection of depression deformation point clouds. The comprehensive
methodology and resultant data are elucidated in Figure 13.

Water 2024, 16, x FOR PEER REVIEW  14  of  26 
 

 

levee sections. Consequently, this variance serves as a quantitative indicator for the iden-

tification of localized depression deformations in levee structures.   

The detection process commences with the precise estimation of the normal vectors 

pertaining to the levee point cloud data, employing a method predicated on an adaptive 

selection of the optimal neighborhood size. Subsequently, the variance of the angles be-

tween these normal vectors, which is computed utilizing the adaptively optimal neigh-

borhood size, is employed as the benchmark for delineating characteristic points indica-

tive of  levee depression deformations. The ensuing  stage  involves  refining  the dataset 

through the exclusion of noise points with the aid of ancillary data such as elevation and 

slope maps. The clustering of the depression deformation point clouds of the levee is then 

executed to assemble the definitive collection of depression deformation point clouds. The 

comprehensive methodology and resultant data are elucidated in Figure 13. 

 

Figure 13. Flowchart of depressed levee region detection from point clouds. 

3. Results 

3.1. Extraction of Levee Point Cloud 

3.1.1. Extraction Results 

Based on the non-ground points obtained from CSF filtering in each levee study area, 

the point clouds are preliminarily classified using the aforementioned feature values of 

the degree of  change  in normal vectors. The  connected  region  labeling method  is em-

ployed to construct a set of levee seed points. Subsequently, a region-growing algorithm 

based on the seed point set is used to further differentiate between levee and non-levee 

points, effectively extracting the levee point clouds. During the extraction process using 

the region-growing algorithm based on seed point sets, a critical parameter is the thresh-

old value θ of the angle between normal vectors, which is used to determine the growth 

criteria. Considering the adaptability of the proposed algorithm to different types of levee 

structures and scenarios, as well as the subsequent detection of depression deformation 

in levee point clouds, the threshold values θ for the angle between normal vectors for the 

region growing of the seed point set in each levee study area were determined through 

multiple  experiments  to be  10°,  12°,  15°,  and  18°,  respectively. By  setting  appropriate 

threshold values for the angle between normal vectors and height differences, the region-

growing process yields results for the four types of levee point clouds in the study area, 

as illustrated in Figures 14–17. 

Figure 13. Flowchart of depressed levee region detection from point clouds.



Water 2024, 16, 559 14 of 25

3. Results
3.1. Extraction of Levee Point Cloud
3.1.1. Extraction Results

Based on the non-ground points obtained from CSF filtering in each levee study area,
the point clouds are preliminarily classified using the aforementioned feature values of the
degree of change in normal vectors. The connected region labeling method is employed to
construct a set of levee seed points. Subsequently, a region-growing algorithm based on the
seed point set is used to further differentiate between levee and non-levee points, effectively
extracting the levee point clouds. During the extraction process using the region-growing
algorithm based on seed point sets, a critical parameter is the threshold value θ of the angle
between normal vectors, which is used to determine the growth criteria. Considering the
adaptability of the proposed algorithm to different types of levee structures and scenarios,
as well as the subsequent detection of depression deformation in levee point clouds, the
threshold values θ for the angle between normal vectors for the region growing of the seed
point set in each levee study area were determined through multiple experiments to be
10◦, 12◦, 15◦, and 18◦, respectively. By setting appropriate threshold values for the angle
between normal vectors and height differences, the region-growing process yields results
for the four types of levee point clouds in the study area, as illustrated in Figures 14–17.
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Figure 14. Extracted point cloud based on the proposed workflow for (a) band part and (b) straight
part of (c) Levee 1.

3.1.2. Comparative Evaluation of Different Research Methods

(1) With traditional edge detection method

An analytical comparison is conducted between levees delineated utilizing the con-
ventional Canny edge detection method [49] and those discerned through the bespoke
levee-adaptive region-growing method, as exhibited in Figure 18. The comparative results
are graphically represented within this figure, where the contours of levees identified by
the algorithm are encapsulated within a red boundary box, highlighting the precision of
the proposed extraction process.

(2) With traditional region-growing algorithms

Additionally, the proficiency of the conventional region-growing technique in the
context of levee extraction is critically assessed against the performance of the tailored
levee-adaptive region-growing method. This comparative analysis is visually encapsulated
in Figure 19. The figure highlights zones labeled (1) to (5), which correspond to the
erroneously segmented points that are not characteristic of the levee structure, thereby
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providing a clear demarcation of the limitations inherent in the traditional approach when
contrasted with the specialized method.
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3.1.3. Evaluation of Accuracy

As delineated in Figure 20, the correctness index is quantified as the proportion of
correctly identified levee points relative to the aggregate of levee points extracted, thereby
serving as an indicator of the algorithm’s precision. The metrics of detection accuracy
and quality rates, as derived from the levee point cloud extractions via the levee-adaptive
region-growing method across all studied levees (Levees 1–4), are observed to outperform
those yielded by the traditional region-growing approach. Completeness is articulated as
the ratio of accurately extracted levee point clouds to the bona fide totality of existing levee
point clouds, reflecting the authentic rate of the algorithm’s extraction capacity. Quality is
employed as an overarching metric reflecting the total efficacy of the algorithm’s extraction
process. For detailed numerical values, Table 2 should be consulted.
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Table 2. Statistics of extraction evaluation indices of four types of levees in the study area.

Extraction
Algorithm

Evaluation
Index

Experimental Data

Levee 1 Levee 2 Levee 3 Levee 4

Levee-adaptive
region-growing

algorithm

Detection rate (%) 95 93 81 85
Accuracy (%) 87 86 84 83
Quality (%) 83 81 75 72

Traditional
region-growing

algorithm

Detection rate (%) 83 82 79 77
Accuracy (%) 84 85 82 86
Quality (%) 72 71 68 69
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Figure 19. Seed selection by traditional region-growing algorithm for Levees 1 and 2 (a,c) with the
vegetation points within the red circles being incorrectly classified and levee-adaptive region-growing
algorithm for Levees 1 and 2 (b,d).
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3.1.4. Results Analysis

Figures 14–17 display schematic diagrams of the extraction results for four types of
levee point clouds. It is evident that the colored points representing the levee point clouds
are distinctly separated from the gray points representing non-levee point clouds, indicating
effective extraction of levee point clouds in each study area. Furthermore, the method
effectively extracts not only the structurally regular, standard levees (Levee 1 and Levee
2) in the study regions but also the irregular, non-standard levees (Levee 3 and Levee 4).
This demonstrates the adaptability of the levee-adaptive region-growing algorithm based
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on seed point sets for different types of levee point clouds in the study area. Additionally,
the various terrains and vegetation types in the study area contribute to the complexity
of the surface features, yet the algorithm adapts well to these diverse scenarios, making it
suitable for most levee point cloud extraction and analysis contexts.

(1) Qualitative analysis

A comprehensive analysis of the extracted point clouds from different levees in the
study area allows for a rapid assessment of the general distribution and basic outline
boundaries of the levees. Moreover, for more regular, standard levees in the study area,
the algorithm also effectively extracts point clouds that represent detailed local morpho-
logical information of the levees. As shown in the detailed diagrams of local levees in
Figures 14 and 15 (parts b and c), the point clouds at different locations of levees are com-
pletely extracted with rich detailed information, especially at the turning points of the
levees. The algorithm also achieves complete extraction of the point clouds of the landward
slopes and jetties of the levees in the study area.

However, with the increased complexity of levee forms and diversity of the surround-
ing scenarios, there is a slight decline in the effectiveness of point cloud extraction. For
instance, in Levee 3 and Levee 4, the extraction of the levee slopes is incomplete, and some
parts of the levee walls are not fully extracted. Additionally, there are some structural
omissions in the extracted levee point clouds, mainly located at the edges of the levee
structures and the transition between the slopes and the crest, as shown in parts c of
Figures 16 and 17. These edge omissions occur because the angles between the normal
vectors of the levee point clouds and adjacent vegetation points are significantly different,
leading to misclassification as non-levee points during region growing.

Internal omissions are due to low point cloud density in some regions of the levee
slopes (due to the direction of laser scanning) or irregular, non-standard levee structures
covered with vegetation, failing to meet the algorithm criteria during region growing,
resulting in missing point clouds. Furthermore, there are slight vegetation coverages
on the crest and landward slopes of the levees, as shown in Figures 16b and 17b. This
is mainly because the non-standard levees have vegetation cover on their crests, which
is closely connected to the levees and meets the criteria set for region growing, leading
to misclassification as levee point clouds. Also, in Levee 3 and Levee 4, there are river
floodplain point clouds on the waterside base, as indicated by the red circles in Figure 15c.
This occurs because the floodplain point clouds have smaller angles between normal vectors
similar to the slope, and their planar characteristics are strong, leading to misidentification
as levee point clouds.

Nevertheless, notwithstanding potential disturbances from ground objects, the results
obtained through the levee-adaptive region-growing algorithm remain markedly superior
to those derived from both the traditional region-growing algorithm and the traditional
Canny edge detection method. In comparison with the other two types of algorithms, our
approach, on one hand, mitigates interference from other structures in the vicinity and,
on the other hand, successfully achieves comprehensive extraction of the levee structure.
Moreover, it effectively delineates the boundary between the levee and the ground features
associated with it (Figures 18 and 19).

(2) Quantitative analysis

Based on the statistical results in Table 2 and Figure 20, the detection rates of the levees
using the algorithm in this study are 95%, 93%, 81%, and 85%, respectively; the correctness
rates are 87%, 86%, 84%, and 83%, respectively; and the quality indices are 83%, 81%, 75%,
and 72%, respectively. Compared to traditional region-growing algorithms, the method
in this study achieves higher detection rates, correctness rates, and quality indices, with
quality improvements of 11%, 10%, 8%, and 5%, respectively, indicating effective extraction
of levee point clouds. Overall, the algorithm achieves good detection and correctness rates,
but the quality of levee point cloud extraction decreases with the increasing complexity of
levee forms and diversity of scenarios in the study area. This decrease is due to the more
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complex structures of Levee 3 and Levee 4, which are not standard levee structures and
are covered with substantial vegetation. These vegetation point clouds are misclassified as
levee point clouds during region growing.

3.2. Analysis of Deformation Detection Results

The experiment selected point cloud data from three different levee depression regions.
Following the levee depression deformation identification process, the point cloud data
were processed, and the results were compared with manually extracted levee depression
point clouds. The identification results of each levee depression region are shown in
Figures 21–23.
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Figure 21. Identified levee deformation of Region 1: (a) original point cloud; (b) angle variance of the
normal vectors; (c) elevation (TIN); (d) change in levee crown; (e) reconstruction of levee depression
region; (f) levee depression region.

Figures 21a, 22a and 23a display the original point cloud elevation diagrams of each
levee depression region. Through the levee depression deformation identification process,
the variance of the point cloud normal vectors’ angles in each depression region was
calculated, as shown in Figures 21b, 22b and 23b. It can be observed from Figures 21b, 22b
and 23b that the levee deformation regions are located in the middle sections of the levees,
and the variance of the point cloud normal vectors’ angles in these regions is significantly
greater than that of the normal levee point clouds. Typically, the variance of normal vectors’
angles for regular levee point clouds ranges from 0 to 5 rad2, while for deformed levees, it
ranges from 5 to 10 rad2, and in some depression regions, the values even exceed 10 rad2.
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Figure 22. Identified levee deformation of Region 2: (a) original point cloud; (b) angle variance of the
normal vectors; (c) elevation (TIN); (d) change in levee crown; (e) reconstruction of levee depression
region; (f) levee depression region.

Additionally, to more clearly observe the results, irregular triangular network elevation
diagrams generated from each levee depression region’s point cloud data were created, as
shown in Figures 21c, 22c and 23c. From these diagrams, the general shape of the levee
can be clearly seen, with varying crest elevations in each figure. Changes in elevation are
drastic in regions where depression deformations occur on the crest. To further investigate
these changes, the point cloud elevations along the central axis of the crest were extracted,
as shown in Figures 21d, 22d and 23d. Normal crest elevations are around 3 to 3.5 m, but in
regions where levee depressions occur, the crest elevations drop sharply (as indicated by
the red lines in the figures) to between 1 and 3 m. This indicates that when a flat levee crest
undergoes depression, there is a sudden drop in elevation, followed by a return to normal
height, and the elevations in the depression regions are generally lower than the normal
crest elevation of 3 m, making these regions highly susceptible to flood erosion and breach.
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Figure 23. Identified levee deformation Region 3: (a) original point cloud; (b) angle variance of the
normal vectors; (c) elevation (TIN); (d) change in levee crown; (e) reconstruction of levee depression
region; (f) levee depression region.

In Figures 21e, 22e and 23e shows the reconstruction diagrams of the levee depres-
sions after removing anomalies, with blue point clouds representing the identified de-
formed regions of the levee. To further validate the correctness of the identified levee
depression regions, DOM actual images were used for comparative analysis, as shown in
Figures 21f, 22f and 23f. Comparing the reconstructed diagrams of the levee depression
regions with the real orthophoto shows that the levee depression regions identified by this
method largely correspond with the actual conditions of the levee, although the identified
regions are slightly smaller than the actual depression regions. This discrepancy may be due
to the influence of the normal morphology point clouds on the boundary of the depression
area, leading to similar results in the calculation of point cloud normal vector angles.

The identification results are significantly influenced by the point cloud sampling
density; regions with higher point cloud density are more easily identified than those with
lower density. This is because regions with higher point cloud density provide more points
for the algorithm to calculate, resulting in local normal vectors that more accurately reflect
the local changes in the levee, as shown in Figure 23. However, if the levee surface is
covered with vegetation, this method may mistakenly classify vegetation point clouds
as deformed point clouds, as shown in Figure 21b. This misclassification occurs because
vegetation point clouds are distributed more chaotically, causing the local levee surface to
be discontinuous and have large curvature variations, leading to larger calculated variance
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values of normal vector angles in the adaptively optimal neighborhood and thus being
misidentified as levee depression deformation point clouds. However, combined with the
optical image data acquired at the same time, we can further identify this scene.

4. Discussion

This paper applies airborne LiDAR technology to levee point cloud extraction, achiev-
ing a method suitable for the automatic extraction of levee point clouds and the detection
of local depression deformations in levees. This provides technical reserves and scientific
support for the surveying, investigation, and management of levees. The main innovations
of this paper are as follows:

In classifying and extracting levee point clouds based on non-ground points, this
paper improves the region-growing algorithm based on seed point sets. It introduces the
degree of variation in the normal vectors of levee point clouds for preliminary classifica-
tion. Subsequently, seed point sets are constructed using point cloud connected region
labeling for region growing, enabling effective extraction of different types of levee point
clouds and offering a practical solution for the automatic extraction of levee point clouds.
The region-growing algorithm holds notable advantages in the realm of point cloud seg-
mentation. Its inherent simplicity and intuitiveness make it accessible, allowing for a
straightforward understanding of the segmentation process. The method excels in adapting
to local characteristics, effectively capturing the structure and patterns within a given
region. Its robustness against noise enhances its reliability, as it can mitigate the impact of
isolated outliers. Furthermore, the resulting segmentation often exhibits local consistency,
ensuring that points within a region share similar attributes and form coherent segments.

Change detection techniques applied to point cloud data can reveal subtle deforma-
tions that may not be apparent through traditional inspection methods through single-phase
data. By using region growing for the levee detection, if there is no adaption considered,
the sensitivity of the method to parameter choices, including seed point selection criteria
and similarity thresholds. Inappropriate parameter settings can lead to suboptimal seg-
mentation results, necessitating careful tuning. Additionally, the computational intensity
of the region-growing algorithm, particularly for large point clouds, poses a challenge to ef-
ficiency. The method’s local nature may struggle with varying point densities and may not
effectively capture global context information, potentially resulting in over-segmentation or
under-segmentation. Moreover, the dependency on seed point selection adds another layer
of complexity, as inaccurate seed choices can lead to incomplete or inaccurate segmentation
outcomes. Nevertheless, point cloud data provide quantitative information about the
elevation, shape, and spatial distribution of the levee. Through detailed analysis of the
point cloud, engineers can quantify deformations, identify regions of concern, and assess
the severity of the changes.

In the extraction of levee point clouds from non-ground points, this study enhances
the region-growing algorithm by refining seed point sets and incorporating variations
in levee point cloud normal vectors for initial classification. It utilizes connected point
cloud regions marked with seed points and employs the region-growing algorithm for the
effective extraction of different levee point cloud types, offering a practical solution for
automated extraction. The study also introduces a method for detecting levee depressions
and deformations based solely on single-phase point cloud data. Leveraging the disorderly
distribution of normal vectors, it uses an adaptive optimal neighborhood calculation
to identify characteristic points, allowing rapid detection of regions experiencing levee
depressions and deformations.

5. Conclusions

Airborne LiDAR technology, as a unique geospatial information acquisition technology,
has been widely applied in fields such as mapping geographic information, urban planning,
and environmental protection. The hardware system of airborne LiDAR technology has
been extensively studied, and the focus of related research has shifted to point cloud post-
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processing and analysis. Point cloud filtering and the extraction of different geometric
features using airborne LiDAR remain research hotspots. Research on building extraction
based on airborne LiDAR point cloud data has mainly focused on houses, roads, and
power towers and relatively less on levee point cloud extraction in water conservancy
engineering facilities. Additionally, multi-phase point cloud data are commonly used for
the deformation monitoring of buildings. Based on this, this paper conducts research on
airborne LiDAR point cloud filtering, the extraction of different types of levee point clouds,
and the detection of levee depression deformations using single-phase point cloud data.
The main research contents and results are as follows:

A levee-adaptive region-growing algorithm based on seed point sets was developed for
extracting levee point clouds. The algorithm first calculates the degree of variation in point
cloud normal vectors as the criterion for selecting levee seed points, obtaining discrete seed
points. Then, seed point sets are constructed through point cloud connected region labeling,
and region growing is performed using the angle and height difference of point cloud
normal vectors as growth criteria. The results show that the proposed algorithm effectively
extracts point clouds of four different types of levees, retaining detailed information about
the levees. In the cases we studied, the overall quality of levee point cloud extraction
was 83%, 81%, 75%, and 72%, respectively, representing improvements of 11%, 10%, 8%,
and 5% over traditional methods based on single seed points. This method has high
accuracy in extracting both artificially constructed standard and non-standard levee point
clouds and can automatically extract levee point clouds with minimal human intervention,
demonstrating significant practical value.

A method was developed to detect levee depression deformations using single-phase
levee point cloud data by calculating the variance of normal vector angles. To accurately
represent the local morphology of the levee point clouds, the method uses an adaptively
optimal neighborhood to solve for normal vectors. Based on the experiment, the results
showed that the method significantly improved the estimation accuracy of point cloud
normal vectors. Applied to three levee depression detection experiments, the method
effectively detected regions of levee depression deformations using single-phase point
cloud data. In comparison with another commonly used method, our approach, on one
hand, mitigates interference from other structures in the vicinity and, on the other hand,
successfully achieves comprehensive extraction of the levee structure. Moreover, it ef-
fectively delineates the boundary between the levee and the ground features associated
with it.

The primary focus of this paper is on the filtering of airborne LiDAR point cloud
data, the extraction of levee point clouds, and the detection of levee deformations, yielding
promising experimental results. However, there are regions for improvement, including
the fusion of multi-source data to enhance the accuracy of levee building extraction, the po-
tential application of deep learning, particularly neural network algorithms, for point cloud
classification in levee contexts, and the need to combine geometric structure information
and multi-source remote sensing information to accurately identify the deformation of the
levees. The study suggests future research directions to address these aspects, aiming for a
more comprehensive understanding and application of point cloud data in levee analysis
and monitoring.
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