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Abstract: Beach surface moisture (BSM) is crucial to studying coastal aeolian sand transport
processes. However, traditional measurement techniques fail to accurately monitor mois-
ture distribution with high spatiotemporal resolution. Remote sensing technologies have
garnered widespread attention for providing rapid and non-contact moisture measure-
ments, but a single method has inherent limitations. Passive remote sensing is challenged
by complex beach illumination and sediment grain size variability. Active remote sensing
represented by LiDAR (light detection and ranging) exhibits high sensitivity to moisture,
but requires cumbersome intensity correction and may leave data holes in high-moisture
areas. Using machine learning, this research proposes a BSM inversion method that fuses
UAV (unmanned aerial vehicle) orthophoto brightness with intensity recorded by TLSs
(terrestrial laser scanners). First, a back propagation (BP) network rapidly corrects original
intensity with in situ scanning data. Second, beach sand grain size is estimated based on
the characteristics of the grain size distribution. Then, by applying nearest point matching,
intensity and brightness data are fused at the point cloud level. Finally, a new BP network
coupled with the fusion data and grain size information enables automatic brightness
correction and BSM inversion. A field experiment at Baicheng Beach in Xiamen, China,
confirms that this multi-source data fusion strategy effectively integrates key features
from diverse sources, enhancing the BP network predictive performance. This method
demonstrates robust predictive accuracy in complex beach environments, with an RMSE of
2.63% across 40 samples, efficiently producing high-resolution BSM maps that offer values
in studying aeolian sand transport mechanisms.

Keywords: beach surface moisture; terrestrial laser scanning; intensity; image brightness;
data fusion

1. Introduction
Beaches, which are dynamic coastal landforms, are primarily composed of sediments

that are shaped and redistributed by wave action, tides, and wind [1]. Frequent aeolian
processes continually reshape the beach environment, with sediments accumulating in
the backshore area and eventually developing into coastal dunes. The sediments play a
significant role in determining how they respond to dynamic environmental forces and
influence the stability and evolution of coastal dunes [2]. Studying aeolian processes is
crucial for gaining a deeper understanding of the formation mechanisms of coastal dunes.
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However, existing aeolian transport prediction models often assume that sediments are
transported under ideal conditions, making it difficult to accurately predict sediment
transport rates in natural environments [3]. Beach surface moisture (BSM) is an important
factor in resisting wind erosion, as the moisture content increases the adhesive forces
between sand grains, thereby limiting grain movement and significantly influencing the
critical wind speed for sand transport on the beach [4]. Current methods for measuring BSM
mainly include manual sampling and remote sensing imagery inversion [5,6]. Nevertheless,
the high spatiotemporal variability in BSM can lead to drastic changes from within minutes
to hours, making manual sampling inefficient and unable to fully capture the dynamic
characteristics of moisture variation. In contrast, remote sensing technologies allow for the
rapid inversion of BSM; however, conventional satellite remote sensing imagery is limited
by spatial resolution, and is further constrained by weather conditions and satellite overpass
intervals, making the real-time high-precision monitoring of target areas challenging.
Therefore, the development of efficient and accurate methods for inverting BSM is a key
issue in the study of coastal aeolian sand transport processes.

The significant difference in spectral reflectance between dry and wet sand provides
a solid physical basis for remote sensing moisture variation [7]. As dry sand becomes
wetted, the pore structure between surface sand particles is gradually filled with moisture,
resulting in a notable decrease in spectral reflectance, making wet sand appear darker than
dry sand.

Digital image technology has been widely used in moisture monitoring research due
to its low cost, high resolution, and ease of accessibility. The images of objects contain rich
spectral information, and the significant color differences between dry and wet sand make
it possible to predict BSM using digital images. Persson [8] quantitatively investigated the
relationship between soil color and moisture content, establishing a multivariate linear
model for predicting soil moisture based on the S and V parameters in the HSV (Hue, Satu-
ration, Value) color space. Liu [9] proposed a method that combines color information with
machine learning to predict soil moisture, finding that brightness parameters demonstrated
good predictive performance. Several studies have utilized image brightness for calculating
BSM, highlighting the substantial potential of digital image for monitoring spatiotemporal
variations in beach moisture [10–12]. However, existing research predominantly focuses
on homogeneous sediments and often overlooks the influence of sediment grain size on
image color.

Compared to digital images, using a terrestrial laser scanner (TLS) is an active remote
sensing technique that is largely unaffected by changes in environmental light condi-
tions [13–15]. TLSs emit laser beams at specific wavelengths to acquire high-precision
three-dimensional coordinate data of targets, while simultaneously recording the backscat-
tered laser intensity, known as “laser intensity”. The intensity value is an important
parament for characterizing the spectral reflectance of the target surface [16–18]. However,
original intensity values are influenced by various factors such as atmospheric effects, in-
strument characteristics, and scanning geometry (including incidence angle and distance),
making it difficult to accurately reflect the true surface properties of the target [19,20].
Tan [21] proposed an empirical model based on the LiDAR equation, assuming that tar-
get reflectivity, incidence angle, and scanning distance are independent, and effectively
correcting original intensity through polynomial fitting. However, the undulating sand
waves present on beach surfaces lead to frequent geometric changes, and existing empirical
models require time-consuming indoor and outdoor calibration experiments. This process
is cumbersome and may accumulate errors, making it challenging to cope with the com-
plex micro-topographical variations in beaches. Data-driven machine learning algorithms
offer new possibilities for correcting intensity. Among these, the back propagation (BP)
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network is widely used to tackle complex nonlinear problems due to its high adaptability
and learning capability, providing a novel solution for the correction and application of
intensity data.

Although digital images and TLSs have demonstrated successful applications in mois-
ture monitoring, moisture prediction using a single data source still has its limitations.
The complex variations in beach illumination significantly disrupt image brightness, with
adverse factors such as vegetation shadows and glare from the specular reflection of seawa-
ter directly impacting the results of moisture predictions. While TLS offers advantages in
accuracy for moisture monitoring, due to the strong absorption of near-infrared wavelength
lasers by water, the TLS produces data holes in high-moisture regions of the intertidal
zone. Furthermore, the detection range of the TLS is greatly limited by the installation
height of the scanner and the obstructions created by the complex beach environment.
Additionally, existing moisture prediction models insufficiently account for the impact of
grain size variations on the predicted variables, restricting their applicability in more com-
plex beach settings. An unmanned aerial vehicle (UAV) capable of capturing multi-angle
digital images at low altitudes significantly reduces the likelihood of occlusion by terrestrial
landcovers [22,23]. Water has a low absorption coefficient in the visible wavelength range,
which means that visible light can penetrate through thin layers of water to obtain images
of objects at a certain depth underwater [24]. The fusion of digital images and laser point
cloud can enhance the robustness of the model, overcoming the deficiencies of data loss
and susceptibility to interference associated with a single data source, thereby achieving
complete, high-resolution, and high-accuracy inversions of BSM. Moreover, by incorpo-
rating information on beach sediment grain size and leveraging the powerful adaptive
learning capabilities of BP networks, the influence of grain size variations on the predicted
variables can be automatically eliminated, thus broadening the applicability of the moisture
prediction model.

Therefore, this paper focuses on the following objectives: (1) Combining machine
learning with in situ scanning data of natural beach to propose a rapid correction method
for TLS intensity that can cope with the complex micro-geomorphology of beaches. (2) In-
vestigating the impact of sediment grain size on feature parameters such as intensity and
image color, and eliminating the interference of grain size variations on predicted variables
by incorporating the characteristics of sediment grain size distribution. (3) Through the
integration of multi-source data, the key variables for predicting the BSM are screened, and
a moisture prediction model with synergistic active and passive remote sensing data are
established.

2. Study Site and Data Collection
2.1. Study Site

Baicheng Beach in Xiamen City, Fujian Province, China, was selected as the study site,
which is an important part of the National Marine Park in Xiamen and has rich natural and
tourism resources (Figure 1). Baicheng Beach is an embayed sand–mud transitional beach
located on the western side of the Taiwan Strait, where coastal aeolian sand activities are
frequent. The southeastern tip of the beach is composed of granitoid bedrock, while the
north-western end is reinforced with artificial seawalls. The wave energy incident onto
the beach is relatively high. Wind speed and direction in this area vary significantly with
the seasons. During the winter months, the prevailing winds are predominantly from the
NE–ENE direction, whereas in the summer, the prevailing winds mainly come from the
south. The typical monsoon climate and significant tidal effects result in dynamic changes
in the surface moisture of the beach. The natural sediment in this area is primarily sourced
from coastal erosion and alongshore sediment transport, with quartz and feldspar being the
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dominant mineral components. Sand–mud transitional beaches are common along China’s
coastline. In recent years, under the influence of extreme weather and high-intensity human
activities, beach mudding has intensified [25]. Therefore, studying aeolian sand transport
processes on sand–mud transitional beaches is crucial for the protection and management
of these areas.
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Figure 1. Field deployment at the Baicheng Beach and the surface moisture sampling points (green).
The wind rose was generated based on the average wind frequency for July 2024.

2.2. Data Collection

Data collection for the study site was conducted on 12 July 2024 on a clear and
still morning.

2.2.1. Image Acquisition

The Phantom 4 RTK, which was manufactured by DJI (Shenzhen, China), was utilized
for image acquisition in this study. The Phantom 4 RTK provides advantages such as stable
flight, simple control, and efficient operation, capable of capturing high-definition photos
at 20 million pixels and working continuously for approximately 30 min. By connecting
to the Qianxun CORS (Continuous Operational Reference System, Qianxun SI Co., Ltd.,
Shanghai, China), it achieved centimeter-level real-time positioning accuracy.

During data collection, the flight parameters were set with a forward overlap of 75%
and a lateral overlap of 60% at an altitude of 60 m. The camera exposure settings were as
follows: aperture f/8, ISO 200, and shutter speed 1/320 s. To eliminate the interference of
environmental light on image colors, a standard gray card (“Spyder Checkr 24”; Datacolor
Co., Ltd., Lawrenceville, GA, USA) and a 24-color standard color card (“Spyder Checkr
24”; Datacolor Co., Ltd., Lawrenceville, GA, USA) were used for white balance and color
correction. This process was performed using SpyderCheckr 1.6 software, which enabled
the correction of image color distortions caused by changes in light conditions. A total of
166 images were collected. The data were processed using PIX4D software to generate an
orthophoto and photogrammetry point cloud for the study site.



Remote Sens. 2025, 17, 522 5 of 22

2.2.2. Laser Point Cloud Acquisition

The Focus X330 laser scanner, which was manufactured by FARO (Park Lake Mary, FL,
USA), was utilized for laser point cloud collection. This scanner emits near-infrared laser beams
at a wavelength of 1550 nm to obtain a point cloud within ranging from 0.6 to 330 m, with a
maximum scanning speed of 976,000 pts/s and a measurement accuracy in the millimeter range.
The original intensity of each point recorded using the scanner is a dimensionless number that
denotes the target reflection level. A high-resolution camera is integrated in the Focus X330
system for an optionally simultaneous color information acquisition.

During data collection, the scanning parameters were set to quality level 2× and
resolution 1/2. To save operational time, the color image acquisition process was omitted,
and only the grayscale scanning mode was utilized. A total of three stations were assigned
for the study site, and four target markers were set up at each two neighbor stations for
data registration (Figure 1). RTK (real-time kinematic) equipment was used to record the
corresponding coordinates of these target markers for subsequent point cloud coordinate
transformation to keep consistency with the orthophoto coordinate system.

2.2.3. Field Sample Collection

Due to the high spatial and temporal variability of BSM, a rectangular area approxi-
mately 100 m × 60 m was selected as the sample collection zone to avoid significant changes
in beach moisture caused by a time-consuming sample collection process (Figure 1). To
prevent interference from the sediment sample collection process on data acquisition, sam-
pling was conducted immediately after the UAV and TLS operations were completed. The
size of each sediment sample was controlled to be about 5 cm × 5 cm and 1 cm thick, and
the samples were immediately put into sample bags for labeling and sealing to prevent
water evaporation. After each sediment sample was collected, RTK equipment recorded the
precise location of each sampling point. A total of 40 samples were collected, with sampling
points evenly distributed across the sampling zone, effectively reflecting the sediment
distribution characteristics of the beach. Upon collection, all samples were immediately
transported to the laboratory for moisture content and grain size analyses. Given that the
transportation time from field to laboratory was within one hour, the evaporation of the
samples was considered negligible. Further information regarding the samples can be
found in the Supplementary Materials.

2.3. Calibration Experiment

The data obtained from the calibration experiment were used to develop a moisture
prediction model. Twelve samples with different grain sizes were selected from field
collections. The samples were placed in glass dishes with a thickness of about 1 cm, and
pure water was manually injected into the glass dishes. When the water could no longer
penetrate the internal pores of the samples, the samples were considered to have reached
saturation moisture. Then, the samples were dried in a constant temperature drying oven
at 70 ◦C. They were taken out every 15 min and weighed, photographed, and scanned
until no further changes in mass were observed. This process was repeated 14 times, and
168 images and 144 scanning point clouds of samples with different moisture content were
obtained (due to the strong absorption of the near-infrared laser by water, some samples
with high water content could not return to the laser beam, resulting in data loss). The
moisture content of every sample was calculated using the gravimetric method with the
following formula:

W =
m2 − m3

m2 − m1
× 100% (1)
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where W is the moisture content of the sediment, m1 is the mass of the container, m2 is
the mass of the container and the wet sample, and m3 is the mass of the container and the
dry sample.

During image collection, to closely simulate the actual UAV aerial photography envi-
ronment, the Phantom 4 RTK was again used, with the camera parameters set to match
those used in flight operations. The images were corrected for white balance and color
using a Spyder standard gray card and a 24-color standard color card (Figure 2). When
scanning the samples with the TLS, the scanning resolution was set to 1/2, and the point
cloud quality was set to 3× to ensure scanning quality.
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Figure 2. (a) Samples with different moisture levels with a Spyder standard gray card. (b) Samples
with different moisture levels with a Spyder 24-color standard color card (from left to right, the
moisture of the samples from top to bottom are 5.87%, 8.27%, 5.39%, 5.28%, 4.36%, 4.35%, 5.94%,
4.21%, 3.09%, 7.17%, 4.61%, and 5.31%).

3. Methods
This study establishes a moisture prediction model through calibration experiments

and uses remote sensing data from the study site to generate surface moisture distribution
on the beach to validate the model’s performance. The workflow is illustrated in Figure 3
and includes the following steps: (a) Data preprocessing (Section 3.1). A BP network
is employed to perform intensity correction. Then, the sample grain size is analyzed.
(b) Establishing the moisture prediction model (Section 3.2). Feature parameters from multi-
source remote sensing data are extracted, screened, and then combined with sediment grain
size to achieve automatic image brightness correction and moisture estimation using a new
BP network. (c) Model validation (Section 3.3). At the point cloud level, brightness and
intensity data fusion is achieved, and the distribution of BSM is estimated by incorporating
the characteristics of sediment grain size distribution.
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3.1. Data Preprocessing
3.1.1. Intensity Correction

According to the LiDAR (light detection and ranging) equation, the attenuation of
intensity due to atmospheric transmission can be neglected in short- and medium-range
scans, and the effects of distance and incidence angle on intensity are independent of each
other [21]. Therefore, the intensity can be expressed as follows:

Iori = f1(ρ)· f2(θ)· f3(d) (2)

here, Iori is the original intensity, while f1(ρ), f2(θ), and f3(d) are functions of target
reflectance ρ, incidence angle θ, and distance d, respectively.

To eliminate the effects of incidence angle and distance on the intensity, the corrected
intensity I is expressed as follows:

I = Iori·
f2(θs)

f2(θ)
· f3(ds)

f3(d)
(3)

where θs is the reference incidence angle and ds is the reference distance, and these two
values can be specified arbitrarily.

In the beach terrain, the undulating sand ripples cause the incidence angle change
frequently and irregularly at different distances, and there are complex nonlinear geometric
relationships between Iori and θ as well as between Iori and d. It is difficult to achieve
accurate correction of the intensity with single-parameter step-by-step fitting. Therefore,
it is necessary to consider the effects of incidence angle θ and distance d on the original
intensity at the same time.

The BP (back propagation) network is a mathematical model inspired by the work-
ing principle of biological neural systems, which simulates the processing of complex
information by the brain. This model consists of many basic units connected to form a
complex network, which can be trained by the data to dig out the hidden laws and essential
behaviors behind things, without explicitly expressing the physical relationship between
multiple parameters, and can handle nonlinear problems well. The basic structure of a
BP network includes three components: the input layer, the hidden layer, and the output
layer. Each neuron in the network is connected to the previous one via weights and biases,
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and data analysis on both forward propagation and error backpropagation are performed.
This approach enables the BP network to gradually adjust the weights and biases of its
connections, allowing for it to perform nonlinear operations and progressively approximate
the desired output.

Considering both the incidence angle θ and distance d as geometric parameters, the
original intensity Iori can be expressed as follows:

Iori = f1(ρ)· f (θ, d) (4)

where f (θ, d) can be obtained from the BP network training. The corrected intensity I can
be expressed as follows:

I = Iori·
f (θs, ds)

f (θ, d)
(5)

The backshore sand at the study site is fine and dry, making it a homogeneous target
with constant reflectivity. The undulating surface of the dry beach introduces a wide range
of incidence angles. By using scanned in situ data for intensity correction, cumbersome and
time-consuming indoor and outdoor calibration experiments can be avoided. Considering
the installation height of the TLS (2.0 m), the point cloud becomes sparse at scanning
distance beyond 60 m. Therefore, a strip approximately 60 m in length and 0.2 m in width
was selected for training the BP network in the dry beach area to ensure point cloud quality
(Figure 1). The incidence angle and distance were treated as inputs, with the corresponding
original intensity as the output. BP network training was conducted based on Equation (4)
to obtain f (θ, d). With the reference incidence angle θs and reference distance ds set,
intensity correction was performed according to Equation (5).

3.1.2. Grain Size Analysis

The grain size analysis of the samples was conducted using a POWTEQ SS2000
vibrating sieve, manufactured by Beijing Grinder Instrument Co., Ltd. (Beijing, China),
with an amplitude set to 1.0 mm. Each sample was subjected to vibration for 10 min, and
the sieve aperture range was from 0.09 mm to 4.00 mm, with a 0.5 ϕ difference between
each particle size class. Here, ϕ is a logarithmic scale based on particle diameter, calculated
using the following formula:

ϕ = −log2 D (6)

where D represents the particle diameter (in millimeters). The average particle size of the
samples was determined using the Folk–Ward formula, expressed as follows:

Mz =
ϕ16 + ϕ50 + ϕ84

3
(7)

here, ϕ16, ϕ50, and ϕ84 correspond to the ϕ values at the 16%, 50%, and 84% cumulative
probability points on the grain size distribution curve, respectively.

3.2. Moisture Prediction Model
3.2.1. Feature Parameter Extraction and Screening

The feature parameter extraction from the sample images and point cloud data ob-
tained in the calibration experiment follows the workflow depicted in Figure 4, which
aimed at developing the moisture prediction model. Firstly, the data were cropped to
isolate images and point clouds containing only sample information, excluding irrelevant
background (Figure 4a). For each sample image, the RGB channels were separated to obtain
grayscale images for the R, G, and B channels. Then, to evaluate the predictive capabilities
of different color parameters on moisture, the sample images were transformed into the
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Lab and HSV color spaces. For each sample, 9 grayscale images were generated, each corre-
sponding to one of the 9 color parameters: R, G, B, L, a, b, H, S, and V (Figure 4b). Finally,
to reduce the interference from device noise on feature parameter extraction, a Gaussian
distribution function—which can more accurately describe the data distribution, reduce the
impact of noise and outliers, and provide a more robust and precise mean estimation—was
applied to fit the grayscale histogram of each color parameter and intensity, as follows:

f (x) =
1√
2πσ

e−
(x−µ)

2σ2 (8)

where µ and σ represent the mean and standard deviation of the Gaussian fit, indicating
the overall distribution and dispersion of the sample color or intensity. The mean µ of the
fitted function was selected as the value of the feature parameter of the sample (Figure 4c).
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Figure 4. The process of feature parameter extraction: (a) Extraction of sample information; (b) ac-
quisition of feature parameters; (c) Gaussian-fitting the histogram of color parameters and intensity
parameters.

In order to improve the prediction ability of the model, it is necessary to screen for
the feature parameters that are sensitive to moisture changes. However, many parameters
may be highly correlated across different color spaces; screening the feature parameters
can reduce data redundancy and enhance the generalization ability of the model. The
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correlation coefficient quantifies the linear relationship between the dependent variable
and each predictor variable. In this study, a Pearson correlation coefficient matrix was
calculated between 10 feature parameters (9 color parameters and 1 intensity parameter)
and moisture to identify the parameters strongly correlated with moisture changes for
subsequent modeling.

3.2.2. BP Network Model

In predicting BSM using multiple parameters, complex nonlinear relationships among
different data sources make it difficult to establish a clear mathematical model. Therefore,
a BP network is employed for multivariable parameter modeling. After screening, the
intensity I and the brightness V (from the HSV color space), which exhibit the strongest
correlation with moisture variation, are selected as predictor variables (more details in
Section 4.3). However, sediment grain size significantly affects image brightness (more
details in Section 5.2). Thus, grain size is included as a correction parameter in the model.
The powerful adaptive learning ability of the BP network is utilized to achieve the automatic
correction of image brightness. The formula is as follows:

W = ANN(I, V, g) (9)

here, W is the moisture content of the sample, I is the corrected intensity, V is the image
brightness, and g is the average grain size of the sample. For samples with high moisture
lacking intensity data, set I = 0.

The 168 sample point clouds obtained from the calibration experiment were used to
train the ANN( I, V, g ). The data were divided into two parts: 70% for the training set,
and 30% for the testing set.

3.3. Model Validation
3.3.1. Data Fusion

The laser point cloud obtained from TLS and the images acquired by the UAV are data
of different dimensions and sources and thus cannot be directly fused. The photogrammetry
point cloud derived from the images preserves the original color of the objects while
also restoring their three-dimensional coordinates, which provides a possibility for data
fusion at the point cloud level. Firstly, the intensity of the laser point cloud is corrected,
and the brightness of the photogrammetry point cloud is converted. Then, the Iterative
Closest Point (ICP) algorithm is applied to accurately register the laser point cloud and the
photogrammetry point cloud, calculating the average distance between them. Finally, each
point in the photogrammetry point cloud is traversed to find the nearest point in the laser
point cloud. If the distance between the two points is less than the average distance, the
intensity of the nearest point is assigned to the corresponding point, thereby achieving data
fusion at the point cloud level. To address holes caused by the missing laser point cloud,
the photogrammetry point cloud is used to fill these voids, with the intensity I assigned a
value of 0. This process is implemented through MATLAB programming.

3.3.2. Grain Size Estimation

In the beach foreshore, sediment grain size shows a significant linear relationship with
distance to the beach berm (more details in Section 4.2). Therefore, the sediment grain size
in the foreshore area is estimated based on the distance to the beach berm. The estimation
formula was obtained by fitting the average grain size of the 40 sediment samples collected
in the field to the distance between the sampling point and the beach berm, as follows:

g = 0.04831S + 0.5136 (10)
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where g represents the average grain size of the samples and S is the distance from the
sampling point to the beach berm.

Sediments in the backshore are primarily transported by wind, resulting in a fine
and uniformly distributed grain size. Therefore, in the fused point cloud of the backshore
region, each point is randomly assigned a grain size between 0.1~0.3 mm to accurately
reflect the actual grain size distribution.

4. Results
4.1. Results of Intensity Correction

After denoising and subsampling the original point cloud using the open-source
software CloudCompare 2.12.4, a total of 9,228,603 points were obtained. The intensity
correction of the point cloud was performed using a reference incident angle of θs = 75◦

and a reference distance of ds = 8 m.
Figure 5a illustrates the original intensity distribution of the point cloud, with red

indicating high-intensity regions and blue representing low-intensity regions, where high-
reflection-intensity regions are concentrated in the backshore. These regions are char-
acterized by dry sand with extremely low moisture, resulting in an extensive red area.
Conversely, low-reflection-intensity regions are primarily found near the waterline, where
moisture approaches saturation. Here, the near-infrared laser beams were significantly ab-
sorbed, leading to merely a partial acquisition of point cloud data by the TLS. The original
intensity exhibited anomalies due to geometric effects, appearing as circular low-intensity
reflections near the center of the measurement station (black circles) and abnormally high-
intensity reflections at a long distance (black rectangle).

Figure 5b presents the intensity distribution after correction using the BP network.
The intensity correction effectively eliminated the uneven intensity variations caused by
distance and incidence angle effects. Compared to the original intensity, the corrected in-
tensity distribution is more uniform and accurately reflects the surface characteristics of the
objects. Both the anomalous low-intensity and high-intensity reflections were successfully
eliminated. The backshore area of the beach displays a uniform orange color, as the original
intensity under the conditions of θs = 75◦ and ds = 8 m yielded a mean intensity of 185.23,
corresponding to an orange color on the scale. Additionally, due to the drainage channel
obstructing the longitudinal transport of windblown sand along the coastline, some dry
sand has accumulated in this area, resulting in the persistence of a high-intensity reflection
region above the drainage channel.
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4.2. Sediment Grain Size and Distribution Characteristics

Based on average grain size, the 40 field-collected samples were classified into five
categories: fine sand (0.001–0.500 mm), medium sand (0.501–1.000 mm), medium–coarse
sand (1.001–1.500 mm), coarse sand (1.501–2.000 mm), and gravel (2.001–2.500 mm).

Figure 6a illustrates the spatial distribution of the average grain size of the 40 samples.
On the beach foreshore, particularly near the waterline where direct wave action occurs,
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the strong wave action causes the separation of sand particles of different grain sizes
according to their weights and settling velocities. Gravel and most coarse sand samples are
concentrated near the waterline. As beach elevation increases, sediment grain size gradually
decreases, and lighter sand particles are transported farther away. Under the influence of
wind, the sediment on the beach backshore is smaller in grain size and relatively uniformly
distributed, with all fine sand samples concentrated near the beach berm.
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The distance from each sampling point to the beach berm was calculated, and the
relationship between average grain size and the distance is shown in Figure 6b. A strong
linear relationship (R2 = 0.70) is observed between average grain size and the distance to
the beach berm. Specifically, the farther the distance from the beach berm, the larger the
grain size of the sediment due to the sorting effects of waves and wind. This finding is
consistent with the conclusions drawn by Zheng [26] in this study site.

4.3. Feature Parameters

Figure 7 displays the Pearson correlation coefficient matrix between ten feature pa-
rameters (color parameters R, G, B, H, S, V, L, a, b, and intensity parameter I) and moisture
content W. Among all of the color parameters, those related to brightness exhibit a strong
negative correlation with moisture, indicating significant potential for predicting moisture
based on color information, with correlation coefficients of −0.60 (R), −0.58 (G), −0.53
(B), −0.60 (V), and −0.57 (L). Moreover, these brightness parameters demonstrate a very
strong positive correlation among themselves, with correlation coefficients ranging from
0.95 to 1.00, which suggests consistency in brightness variations across different color
spaces. The intensity I shows a very strong negative correlation with moisture, with a
correlation coefficient of −0.94, indicating that near-infrared laser responses to moisture
changes are highly sensitive. Notably, there is also a strong positive correlation between
the intensity and brightness parameters (with coefficients above 0.6), suggesting similar
response trends to moisture changes between the near-infrared and visible light bands. To
reduce data redundancy, the intensity I and the brightness parameter V, which show the
strongest correlation with moisture variation, are ultimately selected as predictor variables.
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4.4. Moisture Estimation

The moisture prediction model trained using the BP network displayed excellent
performance. A total of 168 sample data points were used for model training and validation,
with 118 samples in the training set and 50 samples in the testing set. The model achieved
an RMSE of 1.47 and an R2 of 0.98 on the training set and an RMSE of 1.85 and an R2 of
0.97 on the testing set. In addition, during the modeling process, three machine learning
methods were compared: the BP network, SVM (support vector machine), and RF (random
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forest). The BP network yielded the best results. To maintain the focus of this paper on the
advantages of the integrated model, the modeling results of the three machine learning
methods were not presented, but instead emphasized the superiority of the integrated
model over single-source models (in Section 5.3). The BSM map obtained from the model
is shown in Figure 8.
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Figure 8a presents the spatial distribution of BSM and the estimation errors. Moisture
is represented by a color gradient covering a range from 0% to 30%: deep blue indicates
low moisture areas (0–2%), while orange to red indicates high moisture areas (24–30%). The
distribution of surface moisture exhibits significant spatial variation, with low-moisture
regions concentrated in the backshore area. This area is not affected by wave action and is
exposed to intense sunlight, which promotes evaporation and creates dry, sandy conditions.
High-moisture regions are concentrated near the waterline in the foreshore area and some
low-lying areas, where moisture content is nearly saturated due to tidal action. In the
southeastern part of the study site, two low-lying zones show surface water and develop
tidal channels that facilitate water transport. An anomalous high-moisture area appears in
the northeast of the image. Comparison with the orthophoto of the study site (Figure 1)
shows that this region is near urban roads, which lack intensity data, and the shading from
trees reduces image brightness and interferes with the moisture estimation results.

Different colored points are utilized to mark the error ranges in Figure 8a: red indicates
sampling points with estimation errors exceeding 6%, orange indicates errors between 4%
and 6%, yellow indicates errors between 2% and 4%, and green indicates errors within
2%. Regions with higher estimation errors are concentrated near the waterline, where
moisture changes are dramatically. There is one sampling point with an error exceeding
6% and three points with errors between 4% and 6%. In medium- to low-moisture regions,
the estimation demonstrates relatively high accuracy, with errors at most sampling points
within 2%. Among the 40 sampling points, the minimum error is 0.06%, the maximum
error is 6.14%, and the RMSE is 2.63%.
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Figure 8b uses a scatter plot to compare the moisture estimated with the fusion
model with the moisture measured by gravimetric methods. In low-moisture regions,
the estimation results are closer to the measured values, indicating that the fusion model
has good applicability. In high-moisture regions, the data are more dispersed, with some
exhibiting significant estimation errors. The slope of the fitted line approaches 1, suggesting
that the estimation model can effectively estimate the trends in moisture changes.

5. Discussion
5.1. Geometric Effect Correction of Original Intensity

Figure 5 presents the overall intensity correction results for the study site. To better
illustrate the impact of geometric effects on the original intensity, a strip of the point cloud
measuring 58 m in length and 0.2 m in width, as shown in Figure 1, is selected to show
more detail.

Figure 9a shows the variation in original intensity with scanning distance. Due to the
brightness suppressor within the TLS for close-range measurements, the distance effect on
intensity is quite complex [27]. Within 12 m, the intensity shows a sharp decrease (from
2 to 5 m) followed by a sharp increase (from 5 to 12 m). This phenomenon results in an
anomalous circular low-reflectance region near the center of measurement station, as seen
in Figure 5a. When the distance exceeds 12 m, the overall intensity of the point cloud
gradually declines. However, at distances beyond 40 m, a slight but unusual increase is
observed, which is reflected in the high reflectance region within the black rectangle in
Figure 5a. This anomalous phenomenon may be attributed to the fact that, at long scanning
distances, only the surface of sand ripples facing the scanner can return the laser beams,
resulting in lower incidence angles that partially compensate for the intensity. Figure 9b
illustrates the relationship between the corrected intensity and distance. Compared to the
original intensity, the corrected intensity is notably more concentrated, approximating a
straight line.
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Figure 9c shows the variation in original intensity with incidence angle. Due to the
presence of sand ripples, the incidence angle varies across almost all the range from 0◦

to 90◦. However, under the dual influence of incidence angle and distance effects, the
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original intensity distribution shows no clear pattern. Figure 9d shows that the variation
in corrected intensity with the incidence angle has an approximately isosceles triangular
shape. This occurs because the incidence angles of the point cloud rapidly rise to nearly
90◦ as distance increases. Although the undulations of the beach surface increase the
probability of small incidence angles, the incidence angle of the vast majority of the point
cloud is still concentrated in the range close to 90◦. The value of corrected intensity is
very close to the average of the original intensity under the conditions of θs = 75◦ and
ds = 8 m. To quantitatively evaluate the correction effect of the BP model, the coefficient of
variation (CV) for the intensity before and after correction is calculated. The results show
that the CV of the original intensity is 14.297, while the CV of the corrected intensity is 5.627,
indicating a 60.642% reduction. Compared to existing polynomial correction methods, the
BP model trained with in situ scanning data can simultaneously correct for incidence angle
and distance effects, effectively addressing the complex micro-topographical variations in
the beach surface.

5.2. Effect of Grain Size Variation on Feature Parameters

In similar studies, such as those by Jin [28], Tan [29], and Smit [15], the effect of
sediment grain size on predictor variables was often overlooked, primarily because these
studies choose a study area with a gentle topography (slope angle less than 2◦), where the
sediment grain size is more concentrated. The study site in this research faces an open
sea, where incident wave energy is strong, and the beach slope angle is approximately
6◦, resulting in a more complex beach environment. The steep terrain leads to significant
variations in grain size of sand, making it essential to consider the effects of grain size
variation in the predictive model. To further explore this, the 12 samples from the calibration
experiment are categorized into four groups based on average grain size: fine sand (Group
1), medium sand (Group 2), medium–coarse sand (Group 3), and coarse sand (Group 4).
The relationships between feature parameters and moisture content under different grain
size conditions are illustrated in Figure 10. Sample groups and average grain sizes are
detailed in Table 1.
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Table 1. Group and average grain size of calibrated experimental samples.

Group 1 Group 2 Group 3 Group 4

Average
grain size

ϕ
1.859 0.064 −0.442 −0.706
1.308 −0.174 −0.648 −0.721
0.997 −0.212 −0.658 −0.974

Diameter
(mm)

0.275 0.957 1.358 1.632
0.404 1.129 1.566 1.649
0.501 1.158 1.578 1.964

Figure 10a shows the effect of grain size on brightness. When samples are grouped
by grain size, the brightness variation within each group becomes more consistent. Under
identical moisture content, samples with smaller grain size display significantly higher
brightness. This is primarily due to micro-shadows formed by pore spaces between sand
grains; larger grains produce larger pores, which increase the shadowed area and thus
reduce overall brightness. Therefore, it is crucial to consider the effect of grain size variation
on brightness. In contrast, TLS with an active remote sensing approach avoids this problem
because it is virtually unaffected by changes in environmental light. Figure 10b indicates
that grain size variations have almost no influence on intensity.

5.3. Advantages of Data Fusion

The application of the data fusion methods in this study provides a new approach
for obtaining high spatial and temporal resolutions of BSM. In contrast, traditional single-
source data inversion methods are limited in accuracy and stability. By comparing the
inversion results of the two methods, the role of multi-source data in accuracy improvement
can be more clearly understood.

The exponential model developed by Jin [28] is used to complete the intensity-based
moisture estimation with the following formula:

I = δecW (11)

where I is the corrected intensity and W is the moisture. δ and c are two constants deter-
mined by the laser wavelength and the sediment properties.

Moisture estimation based on brightness is performed using a BP network, where the
correction of brightness is automatically performed by the model:

W = ANN(V, g) (12)

where W is the moisture, V is brightness, and g is sediment grain size, which is estimated
by Equation (10).

The BSM distribution based on intensity is shown in Figure 11a. Due to the installation
height of the TLS and the open environment of the beach, frequent interference from
pedestrians and moving objects led to many radial data holes. Due to the strong absorption
of water to the near-infrared laser, the range of the point cloud acquired by the TLS is
limited, with data missing from six sampling points under the tidal flush. A huge data hole
at the low-lying part of the beach on the southeast side due to the presence of water on the
surface, making it impossible to acquire the tidal gully data on the beach foreshore. Thanks
to the advantages of active remote sensing, TLS is minimally affected by environmental
light, yielding satisfactory inversion accuracy: among the 34 sampling points, the minimum
error is 0.08%, the maximum error is 8.45%, and the RMSE is 2.83%. Eleven sampling
points have errors within 2%; however, a significant error exceeding 6% is observed at one
sampling point near the waterline.
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The inversion based on the brightness resulted in a complete distribution of the
BSM (Figure 11b), yet passive remote sensing is more susceptible to environmental light
interference, with shadows constituting a primary error source. The backshore of the
beach, where sand is dry and fine, shows countless small sand dens (5–10 cm) formed
under tourist foot traffic, with shadows in the centers of these dens appearing as bright
yellow micro-areas in the image. The boundary between the dry and wet area exhibits
more pronounced inversion errors, with two sampling points showing errors exceeding
6%. This is due to the denser sand composition on the beach foreshore resulting from tidal
flushing, which causes significant changes in slope and increases shadowing. In the central
region, similar shadow interference resulted in one sampling point within a small sand pit
exhibiting an inversion error exceeding 6%. In high-moisture areas, brightness yields more
comprehensive inversion results, as evidenced by the complete southeastern beach data,
where tidal channels are clearly visible. However, this area also shows the highest inversion
errors, with three sampling points showing errors greater than 6% and two points showing
errors between 4% and 6%. Although visible light can penetrate the thin water layer, the
specular reflection and refraction produced by the water surface introduce non-negligible
interference to the image. Overall, the brightness-based moisture inversion achieved better
results only in the flat central region of the wet beach, with a minimum error of 0.04%, a
maximum error of 13.36%, and an RMSE of 4.23%.

Compared to single-source methods, the fusion of active and passive remote sensing
data expands the range of information selection for the model, allowing for the BP network
to integrate key features more effectively during adaptive learning and optimizing the error
reduction pathway. Compared to Figure 8a, it is evident that the fusion model substantially
improves predictive accuracy. In dry beach areas, the inclusion of active remote sensing
data largely eliminates shadow interference. In wet beach areas, the collaboration of active
and passive remote sensing data provides the model with more comprehensive information,
mitigating the influence of grain size variation under the combined effect of intensity and
grain size, thus enhancing the model’s robustness and achieving higher inversion accuracy.
Notably, in the low-lying areas of the southeastern beach where surface water is present,
the inversion results from the fusion model are closer to the actual conditions. Despite
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the lack of intensity data in this area, the BP network model can recognize high moisture
in regions characterized by low brightness, large grain size, and missing intensity data,
greatly enhancing the model’s generalization capability.

5.4. Limitations and Future Directions

Although the method proposed in this study demonstrates good results, there are
still some limitations, and future research can build upon this work for further improve-
ments. The field data collection was completed within half an hour, during which it was
assumed that solar radiation did not experience significant changes. However, during the
calibration experiment, the acquisition of digital images lasted for several hours, during
which noticeable changes in the illumination occurred. To correct color distortion caused by
these illumination variations, a standard gray card and standard color card were employed,
providing a basis for the accurate analysis of the color information in the sample images.
Nevertheless, specialized instruments for measuring solar radiation were not utilized in
this study. The measurement of solar radiation is believed to significantly enhance the
model’s performance, especially when considering the impact of external environmental
factors on sample moisture. Therefore, future research should focus on enhancing the
analysis of environmental factors, such as solar radiation, wind speed, wind direction, and
tidal levels. The objective is to incorporate more environmental data into the model and
conduct tests for generating time-series moisture maps. This approach would help to more
comprehensively capture the effects of environmental factors on moisture variation and
further improve the predictive capability of the model.

6. Conclusions
This study combines digital image and LiDAR technology to analyze the effects of

sediment grain size variation on image brightness and laser point cloud intensity. It
proposes a method for estimating BSM using a BP network that integrates both active and
passive remote sensing data. The main conclusions are as follows:

(1) Using in situ scanning data to perform the intensity correction process in a beach
environment avoids time-consuming indoor and outdoor calibration procedures while
reducing the interference of environmental variables on data consistency. Compared to
existing polynomial correction methods, the BP network effectively captures the complex
nonlinear relationships between scanning geometry and original intensity, enabling efficient
and accurate intensity correction for the complex micro-topography of the beach surface.

(2) Sediment grain size has a significant effect on image brightness, as larger pores
between coarse sand particles produce more tiny shadows, which reduce the overall
brightness of the image. In contrast, the data acquired through TLS using active remote
sensing is largely unaffected by environmental light, meaning that intensity is minimally
influenced by variations in sediment grain size.

(3) The moisture prediction model that integrates active and passive remote sensing
data effectively expands the range of information selection, allowing for the integration
of key features between datasets and eliminating the interference of shadows. Compared
to existing studies, the comprehensive utilization of information from three dimensions—
brightness, intensity, and grain size—significantly enhances the robustness of the fusion
model and broadens its applicability. The fusion model provides accurate moisture predic-
tions on complex beaches with steep slopes (approximately 6◦) and significant grain size
variations, achieving an RMSE of only 2.63% across all 40 samples.
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