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ABSTRACT: Sediment mapping is a crucial component of environmental science, particularly in the marine
environment, where the analysis of seabed sediments is essential for various purposes, including marine resource
management, habitat preservation, and infrastructure development. Sediment refers to the solid particles that are
transported and deposited in different areas. Multibeam echosounders have revolutionized the field of seabed sediment
mapping by providing unparalleled resolution and accuracy in seafloor surveys. This study aimed to produce sediment
maps by implementing multi-frequency, e.g., 200, 400, 550, and 700 kHz multibeam data using a machine learning
algorithm, e.g., Support Vector Machine (SVM) and Random Forest (RF) approach. The study area of this research
was located at Waduk Selorejo, Kecamatan Ngantang, Kabupaten Malang, Indonesia. To achieve the aim, bathymetry
and backscatter mosaic with multi-frequency results are produced. Then, the second derivatives from bathymetry
and backscatter mosaic are produced (slope, ruggedness, aspect, curvature, mean, homogeneity, entropy, correlation,
phi, and characterization) were used as the predictors. All the predictors with multi-frequency each have 0.5 m of
spatial resolution. To classify, Pearson’s correlation coefficient method is used to identify strong and weak correlations.
The weak correlation was used to run the classification by using SVM and RF. The Angular Range Analysis (ARA)
characterization is used as the ground truth data. The accuracy assessment of the multiple-frequency sediment map will
be compared with the two algorithms of machine learning (e.g., SVM and RF). This study highlights the importance of
sediment mapping and the potential of acoustic methods and machine learning algorithms for seafloor classification.
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1 Introduction
Effective management of the natural resources requires a comprehensive understanding of the resource’s

extent, geographical distribution, and ecological characteristics. Maps serve as the primary tool for recording
and disseminating this information. It is possible to accurately assess the compatibilities and conflicts
between human usage and the environment, by combining these maps with spatial information on human
activities and to implement effective management strategies to mitigate any impacts [1]. High-precision
habitat mapping is essential for identifying and quantifying the effects of human activity on the seafloor.
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Seabed sediment classification, as a representative of seafloor ecosystems, is crucial for marine geological
study, marine environment monitoring, marine engineering construction, and seabed biotic and abiotic
resource assessment [2]. Seabed classification is the process of categorizing and describing the various types
of seafloor or ocean floor substrates based on their geological, biological, and physical characteristics.

Seabed classification, often referred to as seafloor classification or benthic classification, involves the
categorization and characterization of the composition, texture, and features of the underwater topography
or seabed found at the bottom of oceans, seas, lakes, or rivers. Seabed categorization is a crucial tool for
understanding the characteristics of the ocean floor and determining its suitability for various applications.
The process of seabed classification generally encompasses the following aspects (e.g., seabed features
and composition, geological, and geomorphological classification). The composition refers to the specific
components that compose the seafloor. The composition of sediment in an area can encompass various
forms, including sand, silt, clay, gravel, or mud, along with rocks, coral reefs, or biological substances.
Understanding the composition is essential for conducting environmental assessments and habitat studies.
The seabed texture is determined by the size and arrangement of particles or features found on the seafloor.
It aids in assessing whether the texture, is rough, coarse, or fine, of the sediment or substrate [3].

Acoustic remote sensing is an effective method for classifying seabed sediment because it has a large
coverage range and is less expensive than collecting seafloor samples [4]. The acoustic-based indirect
techniques are advantageous due to their great coverage, dense sampling, high efficiency, and low cost,
which makes them commonly employed for seabed sediment categorization [5]. The acoustic seabed
classification has been widely used and recognized as a valuable tool. This classification is essential for a
range of scientific, industrial, and environmental applications, such as marine resource management, habitat
mapping, navigation, and offshore infrastructure development. Creating continuous surfaces of projected
species of sediment distributions and categorical maps of geomorphic features and biotopes are the goals
of the seabed classification process, which also forecasting biota and substrate distributions across large
spatial scales. These maps are crucial for marine spatial planning, risk assessments of hazards, assessments of
fisheries resources, and marine biodiversity assessments [6]. The advancement of hydroacoustic technology
has led to the development of various underwater surveying equipment, including single beam systems,
multibeam systems, and side scan sonar [4].

Multibeam echosounders (MBES) have emerged as the preferred instrument for studying and mapping
the maritime environment [7]. The MBES operates by emitting acoustic waves and capturing the echo of the
sound with a transducer to detect the presence of underwater objects [8]. Most multibeam systems operate
around a single frequency or within a narrow band around the central frequency (monochromatic), and
the possibility of comparable reactions from different soil types made it difficult to analyse and classify by
backscatter data [1,9]. Consequently, it is necessary to run the exact same line repeatedly in order to acquire
backscatter at multiple frequencies, resulting in ineffective and complex data collection [10]. However, due
to technological advancements, the multispectral multibeam system are able to modify the frequency on a
ping-by-ping basis, allowing for multi-spectral acoustic measurements with a single pass over the survey
area [1].

This study aims to produce sediment maps by implementing multi-frequency multibeam data using
a machine learning algorithm approach. The study’s objectives are as follows: (1) Produce backscatter
mosaic derived from multiple frequency backscatter data; (2) Generate sediment maps using supervised
classification machine learning algorithms; and (3) Assess the accuracy of classified maps derived from
multi-frequency data.
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2 Method

2.1 Study Area
The study area, located in Waduk Selorejo, encompasses a total area of 158,874 square meters (Fig. 1). A

popular tourist attraction, Waduk Selorejo is in Pandansari Village, Ngantang District, Malang Regency, East
Java. The state-owned company Perum Jasa Tirta oversees managing water resources, and it is also in charge
of the reservoir. It is important to note that the formation of the Selorejo Reservoir involved obstructing the
courses of several rivers, including the Kali Konto, Lahar Kletak, Kali Kwayangan, and numerous smaller
ones. Because of this special quality, Waduk Selorejo offers a beautiful and serene atmosphere that attracts
both locals and visitors. The reservoir is a great place for a variety of research projects, such as sediment
mapping and environmental monitoring, because of its beautiful surroundings and abundant wildlife.

Figure 1: The study was located at part of Waduk Selorejo, Pandansari Village, Ngantang District, Malang Regency,
East Java

2.2 Bathymetry and Backscatter Data
An MBES data acquisition procedure entails a number of phases in order to gather high-

resolution bathymetric and backscatter seabed data. Before collecting data, survey planning must
be completed by selecting the survey area while considering the goals of the project, the depth
range, the surrounding conditions, and any noteworthy features. Subsequently, a NORBIT iWBMS
model from Norbit MBES (NORBIT Subsea) (Trondheim, Norway) with a built-in Sound Veloc-
ity Probe (SVP) is used for this survey (Fig. 2). This survey was conducted from 2 July until 6
July at Waduk Selorejo, Desa Pandansari, Kecamatan Ngantang, Kabupaten Malang, Jawa Timur,
Indonesia. This MBES system is only capable of operating with a single frequency (e.g., 200, 400,
550, or 700 kHz). In the study area of this research, multi-frequency (e.g., 200, 400, 550, and
700 kHz) data were collected. A hydrography software (Hypack 2018) is used for MBES data collection.
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Figure 2: Multibeam echosounder system used in this study (NORBIT iWBMS MBES)

2.3 Ground Truth Data
In the absence of actual ground truth data, this study employed a random sampling technique to extract

representative samples from the Angular Range Analysis (ARA) characterization [11] across four different
frequencies. A total of 26 samples were selected based on their distinct backscatter responses observed in the
FMGT 7.8.4 software by QPS. These samples were treated as pseudo ground truth data and were manually
labeled according to their backscatter characteristics, such as intensity patterns that typically represent gravel,
coarse sand, or sandy gravel. The relative spatial distribution of the samples is illustrated in Fig. 3; however,
exact geographic coordinates were not recorded, hence the locations are referred to as relative rather than
absolute. This approach was necessary due to the unavailability of verified seabed sediment data. Despite
this limitation, the sampling was performed carefully to ensure coverage of diverse backscatter patterns,
providing meaningful input for machine learning classification. 75% of these samples were used to train the
algorithm, while the remaining 25% were reserved for model validation. The resolution of the backscatter
mosaic used (0.5 m) enhances the granularity of feature detection, and the selection of training data at this
resolution aims to reflect the detailed textural variation captured in the mosaic. While the approach does
not replace real ground-truthing, it offers a practical alternative for preliminary sediment classification and
model training using multi-frequency multibeam data.

2.4 Data Processing
In MBES surveys, data processing involves a comprehensive workflow that includes both preprocessing

and postprocessing steps to transform raw data into reliable and usable information. Preprocessing lays
the foundation for subsequent processing by cleaning, correcting, and enhancing raw MBES data to ensure
its quality and reliability. This phase entails removing noise, calibrating system-specific biases, georefer-
encing for accurate spatial alignment, and refining backscatter data for realistic seabed representations.
Postprocessing is concerned with converting preprocessed data into useful outputs such as bathymetric
maps and sediment classification maps. It involves creating detailed topographic representations, fine-tuning
backscatter intensity for sediment analysis, and assessing the accuracy of the resulting data.
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Figure 3: Process of selecting sample on ARA characterisation for ground truthing

2.5 Pre-Processing
Data pre-processing entails numerous crucial stages to ensure that the obtained raw data is correct,

dependable, and ready for further analysis. To begin, data cleaning is required to remove noise and mistakes
that are inherent in raw MBES data. Firstly, the MBES raw data were imported into Hypack software to start
examining the raw sonar files. Not to forget, a tide data file and sound velocity data file are also included
to start the examination. The WGS 1984 is used as the coordinate reference system. Then, Bathymetric and
backscatter data are extracted from survey data.

The processing of bathymetry data began with the loading of multibeam data, followed by the impor-
tation of essential information such as tide data, sound velocity profile data, patch test, and pixel size setup
for resolution. A thorough data cleaning process was then carried out, with auto cleaning applied to the
200, 400, and 550 kHz frequencies. Once all bathymetric data had been processed for each frequency, the
data were saved as TIFF files with a resolution of 0.5 m per pixel. Subsequently, a second derivative analysis
of the bathymetry was performed to generate additional datasets, including slope, aspect, ruggedness,
and curvature.

Regarding to the backscatter data, the data were processed separately for each frequency namely 200,
400, 550, and 700 kHz. The data were processed by using FMGT software to produce a 32-bit backscatter
mosaic with a resolution of 0.5 m per pixel.

2.6 Processing
A thorough examination of the bathymetry and backscatter mosaic data is conducted in the next pro-

cessing step. To identify subtle correlations and patterns, the second derivative of these datasets is computed.
Aspect, slope, roughness index, and curvature are the four informative elements that are extracted from the
bathymetry data through a series of changes. It is anticipated that these characteristics will offer insightful
information on the shape and underlying structure of the seabed. In the meantime, several significant
features are extracted from the 32-bit backscatter mosaic by processing, such as an 8-bit representation,
ARA characterization, ARA phi, and a set of GLCM (Grey-Level Co-Occurrence Matrix) metrics, which
encompass mean, homogeneity, entropy, and correlation. It is anticipated that the combined use of these
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derived features is anticipated to yield a more sophisticated understanding of the complex properties of the
seabed environment.

Pearson’s correlation analysis is conducted to reveal the complex relationships between the backscatter
attributes, such as mean, homogeneity, entropy, and correlation, and the various features that are extracted
from the bathymetry and backscatter mosaic data, such as aspect, slope, ruggedness index, and curvature. By
looking at correlations between these traits, patterns and interactions are found that may indicate underlying
mechanisms or processes that form the seabed ecosystem. Certain characteristics, such as the roughness
index and slope, are found to be significantly associated with one another, suggesting the presence of diverse
seabed environments or habitats.

The method of determining the weak correlations between layers is carried out once all 13 layers from
the first and second derivatives have been correlated. Once it is established that some layers have weak
relationships with one another, these layers are chosen to be merged or stacked. The QGIS software is then
utilized to stack or merge these weak layers, combining the selected layers into a single layer. The objective of
this stacking or merging operation is to make the resulting classification model more predictive by reducing
the dimensionality of the data. The stacked layers serve as input data for the supervised classification once
they have all been constructed. Subsequently, the supervised classification is then conducted using a machine
learning algorithm, which is trained on the stacked layers to identify patterns and relationships within
the data.

2.7 Post-Processing
Through a complex fusion of data from various frequencies and a range of methodologies, the post-

processing phase aimed to reveal specific sediment properties across the areas that have been surveyed by
using the ML method. Two primary categorization models were specifically taken into consideration which
is RF and SVM.

RF is a machine learning algorithm used for both regression and classification tasks. It utilizes ensemble
learning, a technique that combines multiple classifiers to solve intricate problems [12]. This algorithm’s idea
is derived from the structure of a collection of decision trees that are generated using a random dataset.
Classification in this algorithm is carried out using the same methodology as the bagging algorithm, which
is based on the classifier voting concept [13]. The RF regression involves increasing the number of trees for a
given vector while treating the tree predictor, input parameters, and output parameters as numerical values.
The training dataset is independently utilized for the random vector distribution. Hence, the computation
of the mean-squared generalization error for the tree predictor is performed [14].

SVM learning is one of several approaches used in ML. SVM is highly proficient at identifying intricate
patterns in complex datasets, often surpassing other ML algorithms in this regard [15]. They are extensively
employed for classifying and estimating nonlinear functions. The SVM is a classification algorithm that is
based on the idea of structural risk minimization. SVMs are systems that utilize a hypothesis space consisting
of linear functions in a feature space with a high number of dimensions. These systems are trained using a
learning algorithm derived from optimization theory, which incorporates a learning bias based on statistical
learning theory. It takes into account both comprehensive risk and confidence risk, resulting in a high level
of generalization ability [16].
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3 Results and Analysis

3.1 First-Derivatives: Bathymetry Map and Backscatter Mosaic Map
Bathymetric data is collected using the Norbit iWBMS MBES with a multi-frequency ping base.

A bathymetric map and backscatter mosaic map with multi-frequency results were generated. Different
frequencies influence the resolution and coverage of the data. Figs. 4 and 5 illustrate the bathymetric and
backscatter mosaic result with multi-frequency data generated to see the difference in the color of depth
and decibels (dB) value for each frequency. There are four types of frequencies used in this study, e.g., 200,
400, 550, and 700 kHz. At 200 kHz for the bathymetry, the coverage area is the largest, making it ideal
for extensive regions but with lower resolution, and missing finer details. The 400 kHz frequency offers
improved resolution for capturing smaller features, though it covers a smaller area, increasing mapping time.
At 550 kHz, there is a balance, providing intermediate resolution and coverage. The highest resolution is
achieved at 700 kHz, capturing the smallest features but with the smallest coverage area, thus requiring
the most time for data collection. This frequency has the highest resolution among the given frequencies,
allowing it to capture even smaller features.

Figure 4: Bathymetry maps derived from multi-frequency MBES data

Fig. 5 shows the result of the multi-frequency backscatter mosaic with the different scattering results
captured at 200, 400, 550, and 700 kHz. Each frequency provides a different level of resolution and
penetration depth, which affects the detection of seabed features and sediment types. The 400 kHz frequency



542 Revue Internationale de Géomatique. 2025;34

offers higher resolution and scattering intensity than the 200 kHz, allowing it to capture smaller features
and surface textures. The 550 kHz provides a balance between resolution and coverage, while the 700 kHz
frequency delivers the highest resolution, enabling the detection of very fine textures.

Figure 5: Backscatter mosaics derived from multi-frequency MBES data

Importantly, different sediment types respond uniquely to various acoustic frequencies. Coarser
sediments such as sand and gravel typically generate stronger backscatter signals at lower frequencies
(e.g., 200 kHz) due to their higher surface roughness and greater acoustic reflectivity. In contrast, finer
sediments such as silt and mud tend to produce higher backscatter intensity at higher frequencies
(e.g., 550–700 kHz) because of their smaller grain size and compact nature, which enhances sound wave
scattering at short wavelengths [17]. Therefore, the variation in scattering intensity across frequencies in this
mosaic also indicates the presence of different sediment types in the study area, supporting more detailed
seabed classification.

3.2 Second-Derivative
The MBES dataset offers a comprehensive understanding of the underwater environment surround-

ing Waduk Selorejo. Through the analysis of this dataset, various derivatives are generated, including
aspect, curvature, ruggedness index, curvature, 32-bit backscatter mosaic, 8-bit backscatter mosaic, ARA
parameters, and GLCM texture features [18] (Table 1). These derivatives offer valuable insights into the
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study area, enabling the creation of a detailed bathymetric map that accurately represents the underwater
topography. The backscatter mosaic, which represents the intensity of the returned acoustic signals, provides
information on the seabed substrate and texture, with the 32-bit backscatter mosaic offering a more
detailed representation of the acoustic signal intensity and the 8-bit backscatter mosaic providing a more
visually appealing representation. Furthermore, the analysis of aspect, curvature, and ruggedness index, and
curvature derivatives provides a deeper understanding of the seabed morphology and geological structures.
Additionally, the application of texture-based analyses, including phi and characterization, correlation,
entropy, homogeneity, and mean, enables the identification and classification of different seabed substrates
based on their acoustic signatures. These findings are crucial in understanding the ecology and geology of the
study area, as they provide valuable information on the seabed and the sediment that it supports, ultimately
contributing to a more comprehensive understanding of the underwater environment and its ecosystems.

Table 1: Features of derivation from bathymetry and backscatter data mosaic 32-bit

First-derivative Second-derivative Spatial resolution Tool/Software
Aspect

0.5 m

Aspect tool (QGIS 3.12)
Bathymetric Slope Slope tool (QGIS 3.12)

Map Ruggedness index Ruggedness Index tool (QGIS 3.12)
Curvature Curvature tools (ArcGIS 10.8)

Backscatter Mosaic 8-bit

0.5 m

ArcGIS (10.8)
ARA characterization FMGT (7.8.4)

Backscatter ARA Phi FMGT (7.8.4)
Mosaic GLCM mean Co-occurrence Measures (ENVI 5.3)
32-bit GLCM homogeneity Co-occurrence Measures (ENVI 5.3)

GLCM entropy Co-occurrence Measures (ENVI 5.3)
GLCM correlation Co-occurrence Measures (ENVI 5.3)

3.3 Correlation between Derivative
Pearson’s correlation analysis was conducted to uncover the complex relationships between the

backscatter attributes, such as mean, homogeneity, entropy, and correlation, and the various features that
are extracted from the bathymetry and backscatter mosaic data, such as aspect, slope, ruggedness index,
and curvature. By looking at correlations among these traits, patterns, and interactions are found that
may indicate the underlying mechanisms or processes shaping the seabed ecosystem. Notably, certain
characteristics, such as the roughness index and slope, were found to be significantly associated with one
another, suggesting the presence of diverse seabed environments or habitats. The analysis was performed in
RStudio using the corrplot and RColorBrewer libraries in the R programming environment. The corrplot
package was used to compute and visualize the correlation matrix, while RColorBrewer provided customized
color palettes for better interpretability. The correlation analysis was performed using the cor function, and
results were visualized as correlograms using the corrplot() function. This procedure was repeated separately
for each of the four frequencies used in this study (e.g., 200, 400, 550, and 700 kHz) allowing an in depth
assessment of frequency specific relationships between the extracted features (Fig. 6).
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Figure 6: A correlogram was produced for each frequency (e.g., 200, 400, 550, and 700 kHz) in RStudio to display the
correlation matrix and highlight the correlations between derivatives

The correlation coefficient, which measures the relationship between variables, determines the strength
of the association. It is generally agreed upon that a correlation coefficient that is larger than or equal to
0.7, or less than or equal to −0.7, indicates a strong correlation, the correlation increases in strength as the
coefficient approaches 1 or −1. When the coefficient lies in the range of 0.5 to 0.7, or between −0.5 and −0.7,
it is said to have a moderate correlation. Conversely, a value between 0.3 and 0.5, or between −0.3 and −0.5,
indicates a weak association. It is often considered that there is no significant link when the coefficient is
less than 0.3 or more than −0.3. The method of determining the weak correlations between layers is carried
out once all 13 layers from the first and second derivatives have been correlated. After it is established that
some layers have weak relationships with one another, these layers are chosen to be merged or stacked. The
goal of this stacking or merging operation is to make the resulting classification model more predictive by
reducing the dimensionality of the data. The stacking layers (Table 2) are used as input data for the supervised
classification once they have all been constructed.

Table 2: A list of layer stacking for each frequency (e.g., 200, 400, 550 and 700 kHz)

Frequencies (kHz)
Stacking layer 200 400 550 700

Bathymetry / / / /
Slope / /

Aspect / / / /
Ruggedness

(Continued)
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Table 2 (continued)

Frequencies (kHz)
Stacking layer 200 400 550 700

Curvature / /
Backscatter Mosaic (32-bit) / / / /
Backscatter mosaic (8-bit) / / / /

ARA characterization /
ARA phi /

GLCM mean
GLCM homogeneity / / /

GLCM entropy / / /
GLCM correlation / / / /

3.4 Sediment Classification Map with Multi-Frequency
The sediment classification results obtained using a Random Forest machine learning method at four

different frequencies, 200, 400, 550, and 700 kHz, exhibit a distinct pattern. As the frequency increases,
the classification tends to identify finer sediment types. This trend is expected, as higher frequencies are
more sensitive to smaller particles. At the lowest frequency of 200 kHz, the classification is dominated
by coarser sediments such as gravel, coarse sand, and gravelly coarse sand, suggesting that the signal is
primarily influenced by these larger particles. In contrast, the 400 kHz frequency reveals a broader range of
sediments, including finer sands, silts, and even clay, indicating that the signal is beginning to capture the
presence of smaller particles. As the frequency increases further to 550 and 700 kHz, the classification is
predominantly composed of very fine silts, clays, and even sandy mud. This confirms that higher frequencies
are highly sensitive to finer sediments, providing more detailed information about sediment composition.
Notably, there is significant spatial variability in sediment classification at all frequencies, highlighting the
heterogeneity of the sediment distribution and indicating that sediment type varies across the area being
studied (Fig. 7).

The sediment classification results obtained using the Support Vector Machine (SVM) method at four
different frequencies, 200, 400, 550, and 700 kHz exhibit a distinct pattern. As the frequency increases,
the classification becomes more detailed, transitioning from coarser to finer sediment types. At the lowest
frequency of 200 kHz, the classification is dominated by coarse-grained sediments like “Gravel” and “Coarse
Sand”, suggesting that the signal is primarily influenced by larger particles. In contrast, at higher frequencies,
finer-grained sediments like “Fine Silt”, “Clay”, and “Sandy Clay” become more prevalent, indicating that the
signal is capturing the presence of smaller particles.

The 400 kHz frequency adds more detail to the classification, with the appearance of “Fine Silt” and
“Very Fine Sand” classes, while still detecting some larger materials. The 550 kHz frequency offers an even
finer distinction, with the emergence of “Sandy Mud” and “Medium Sand-Gravelly Muddy Sand” classes,
suggesting the presence of muddy sediments mixed with sand and gravel. Finally, the highest frequency
of 700 kHz uncovers the most intricate details, with the presence of “Silty Clay” and “Sandy Clay” classes,
indicating a significant presence of fine-grained, clay-rich sediments. The results can be attributed to the
differences in penetration depth and wave interactions among the frequencies. Higher frequencies have a
shallower penetration depth, making them more sensitive to subtle variations in texture and composition
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within fine-grained sediments. The SVM method has effectively captured these differences, providing a more
comprehensive understanding of the sediment composition and structure (Fig. 8).

Figure 7: Sediment map classified by using Random Forest

3.5 Accuracy Assessment
According to the results of the accuracy assessment (Tables 3 and 4), the Support Vector Machine

(SVM) classification performs better overall than the Random Forest classification for most frequency types.
SVM performs incredibly well at 400 kHz with an accuracy of 90%, but struggles at 550 kHz with an
accuracy of 73%. The accuracy varies depending on the type of frequency. This frequency dependence implies
that each frequency type’s unique properties have an impact on the categorization methods. A closer look
reveals that there are notable differences in accuracy amongst the classes. The algorithms can discriminate
between the “Gravel” and “Coarse Sand-Sandy Gravel” classifications, since they are consistently identified
with high accuracy across all frequency types. On the other hand, the “Clay” and “Silty Clay” groups have
lower accuracy rates and are more difficult to classify. The differences in accuracy between classes could be
explained by the intrinsic qualities of each class, with some being easier to distinguish from others. Table 5
shows the result of classified samples from different frequencies (e.g., 200, 400, 550 and 700 kHz). The
numbers from the table are representative of each sediments class from FMGT ARA characterization library.
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Figure 8: Sediment map classified by using Support Vector Machine

Table 3: Result of accuracy assessment based on Support Vector Machine classification

Algorithm Frequencies Classes PA (%) UA (%) OA (%) Kappa
SVM

200 kHz
Gravel 50% 100%

Coarse sand-sandy gravel 100% 14% 54% 23%
Gravelly coarse sand 67% 25%

400 kHz

Clay 100% 100%
Fine silt 100% 100%

Very fine sand 100% 100%
Gravelly coarse sand 33% 100%

Medium sand 100% 100% 73% 64%
Coarse sand-gravelly sand 60% 43%
Coarse sand-sandy gravel 0% 0%

Coarse silt 100% 100%
Gravel 90% 75%

(Continued)
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Table 3 (continued)

Algorithm Frequencies Classes PA (%) UA (%) OA (%) Kappa

550 kHz

Gravel 100% 100%
Coarse sand-gravelly sand 100% 55%

Medium sand-gravelly
muddy sand

20% 100% 62% 35%

Medium sand 17% 100%
Gravelly coarse sand 0% 0%

700 kHz

Fine sand 100% 100%
Fine silt 100% 100%

Sandy mud 100% 100%
Sandy clay 100% 100%

Very fine silt 100% 100% 100% 100%
Clay 100% 100%

Medium silt 100% 100%
Silty clay 100% 100%

Note: PA = Producer accuracy, UA = User accuracy, and OA = Overall accuracy.

Table 4: Result of accuracy assessment based on Random Forest classification

Algorithm Frequencies Classes PA (%) UA (%) OA (%) Kappa

RF

Gravel 86% 95%
200 kHz Coarse sand-sandy gravel 100% 50% 85% 53%

Gravelly coarse sand 67% 50%

400 kHz

Clay 100% 100%
Fine silt 100% 100%

Very fine sand 100% 100%
Gravelly coarse sand 100% 100%

Medium sand 100% 100% 100% 100%
Coarse sand-gravelly sand 100% 100%
Coarse sand-sandy gravel 100% 100%

Coarse silt 100% 100%
Gravel 100% 100%

550 kHz

Gravel 100% 100%
Coarse sand-gravelly sand 100% 100%

Medium sand-gravelly
mudy sand

100% 100% 100% 100%

Medium sand 100% 100%
Gravelly coarse sand 100% 100%

Fine sand 100% 100%
Fine silt 100% 100%

Sandy mud 100% 100%

(Continued)
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Table 4 (continued)

Algorithm Frequencies Classes PA (%) UA (%) OA (%) Kappa
Sandy clay 100% 100%

700 kHz Very fine silt 100% 100% 100% 100%
Clay 100% 100%

Medium silt 100% 100%
Silty clay 100% 100%

Note: PA = Producer accuracy, UA = User accuracy, and OA = Overall accuracy.

Table 5: Results of classified samples from RF and SVM with different frequencies

Classified sample

Data ID Labeled sample Random Forest Support vector machine

200 kHz 400 kHz 550 kHz 700 kHz 200 kHz 400 kHz 550 kHz 700 kHz 200 kHz 400 kHz 550 kHz 700 kHz
1 1 20 1 7 2 20 1 7 2 20 1 7
2 1 16 4 16 1 16 4 16 2 16 4 16
3 1 10 4 15 1 10 4 15 1 10 4 15
4 1 2 4 17 1 2 4 17 1 2 4 17
5 1 6 4 18 1 6 4 18 1 6 4 18
6 1 4 5 20 1 4 5 20 2 4 4 20
7 1 2 4 20 1 2 4 20 1 4 4 20
8 1 3 4 20 1 3 4 20 1 4 4 20
9 1 3 4 20 1 3 4 20 1 4 4 20
10 1 4 6 20 1 4 6 20 1 4 4 20
11 1 4 6 20 1 4 6 20 1 1 4 20
12 1 1 4 20 1 1 4 20 3 1 4 20
13 1 1 2 14 1 1 2 14 3 1 4 14
14 2 1 6 20 1 1 6 20 3 1 4 20
15 1 1 6 20 1 1 6 20 1 1 4 20
16 3 1 4 20 3 1 4 20 3 1 4 20
17 1 2 5 20 3 2 5 20 3 1 4 20
18 1 1 4 20 1 1 4 20 3 1 4 20
19 1 1 5 20 2 1 5 20 2 1 4 20
20 1 1 6 20 1 1 6 20 1 4 4 20
21 1 12 4 20 1 12 4 20 1 12 4 20
22 2 20 1 7 2 20 1 7 2 20 1 7
23 1 1 6 19 1 1 6 19 2 1 6 19
24 2 1 5 19 2 1 5 19 2 1 4 19
25 1 4 5 20 1 4 5 20 2 4 4 20
26 1 4 4 20 1 4 4 20 3 1 4 20

Note: 1=Gravel, 2=Gravelly Coarse Sand, 3=Coarse Sand-Sandy Gravel, 4=Coarse Sand-Gravelly Sand, 5=Medium.
Sand-Gravelly Muddy Sand, 6 =Medium Sand, 7 = Fine Sand, 8 = Silty Sand, 9 =Muddy Sand, 10 = Very Fine Sand,
11 = Clayey Sand, 12 = Coarse Silt, 13 = Sandy Silt, 14 =Medium Silt, 15 = Sandy Mud, 16 = Fine Silt, 17 = Sandy Clay,
18 = Very Fine Silt, 19 = Silty Clay, 20 = Clay.

4 Discussions
The incorporation of multi-frequency MBES technology, ground-truth data, and machine learning

algorithms to create a sediment map for Waduk Selorejo, Indonesia, was explored in this study. This research
represents one of the first attempts to employ these techniques for sediment classification in a freshwater
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reservoir. The results of the study demonstrate the effectiveness of using multi-frequency MBES data and
machine learning algorithms to identify and classify different sediment types.

The sediment classification results obtained using the RF and SVM methods at four different frequencies
(200, 400, 550, and 700 kHz) exhibit a distinct pattern. As the frequency increases, the classification tends to
identify finer sediment types, which is expected since higher frequencies are more sensitive to smaller par-
ticles. Furthermore, the outputs demonstrated significant spatial variability in sediment distribution across
all frequencies, highlighting the heterogeneous nature of the reservoir floor and suggesting that sediment
deposition in freshwater reservoirs is influenced by a combination of hydrodynamic, geomorphological, and
anthropogenic factors [19–21].

The use of multi-frequency MBES data and machine learning algorithms offers several advantages over
traditional sediment classification methods. Firstly, the high-resolution bathymetric and backscatter data
provided by the MBES system allow for a more detailed understanding of the underwater environment.
Secondly, the machine learning algorithms can handle large datasets with multiple variables, making them
ideal for analyzing the complex relationships between the MBES data and sediment characteristics. To ensure
statistical robustness in variable selection, a Pearson correlation coefficient analysis was conducted to identify
and retain only the most relevant and non-redundant input features. This step minimized multicollinearity
and ensured that the selected variables contributed meaningfully to the classification models. Finally,
the use of multi-frequency data enables the identification of finer sediment types, which is essential for
understanding the ecological and geological processes in freshwater reservoirs.

The findings of this study have several implications for sediment management and conservation in
freshwater reservoirs. The sediment map generated from this research can be utilized to identify areas with
high sedimentation rates based on the geographical distribution of fine-grained sediments such as silt and
mud, categorised using multifrequency MBES data. These areas are often associated with low hydrodynamic
energy zones, such as those near river inlets, deeper basin regions, and areas with minimal water flow. The
view is further reinforced by analyzing reservoir-specific features such as input direction, water circulation
patterns, and bathymetric depressions, all of which affect sediment transport and deposition [22,23]. This can
guide management decisions regarding sediment removal and habitat restoration. Additionally, the study’s
results can be employed to develop more effective conservation strategies for freshwater reservoirs, such as
identifying regions with high biodiversity and ensuring their protection from excessive sedimentation that
may degrade habitat quality and ecological function.

Although this study primarily focuses on sediment mapping for reservoir management, the integration
of multi-frequency MBES data and detailed backscatter analysis may also have potential applications in
hydrographic chart production. The spatial distribution of sediment types, particularly when classified using
robust machine learning algorithms, provides supplementary information that can enhance environmental
layers in hydrographic products. For instance, seabed type and roughness can inform decisions related to
anchorage, underwater construction, or ecological zoning. While this study does not directly aim to produce
hydrographic charts, the methodology and findings presented may support future efforts to enrich hydro-
graphic surveys with sedimentological insights, particularly in freshwater or inland navigation contexts.

5 Conclusions
This study utilized multi-frequency multibeam echosounder (MBES) technology, ground-truth data,

and machine learning algorithms to create a sediment map for Waduk Selorejo, Indonesia. The results
demonstrate the effectiveness of using multi-frequency MBES data and machine learning algorithms to
identify and classify different sediment types, including gravel, coarse sand, fine sand, silt, and clay. The
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study’s findings highlight the importance of considering the frequency-dependent characteristics of MBES
data and the advantages of using machine learning algorithms for analyzing complex datasets.

Consequently, this study concludes that the Random Forest and Support Vector Machine algorithms
are useful in categorizing the distribution of sediment types in freshwater reservoirs. As this is an initial
study conducted to develop sediment maps in the study area, further research is required in the future, which
should incorporate various machine learning algorithms and explore the application of sediment maps in
freshwater reservoir management and conservation. Creating an accurate map of sediment distribution is
crucial for understanding the ecological and geological processes in freshwater reservoirs, particularly in the
face of human activities and environmental changes.

It is important to note that the ground truth data used in this study was limited, as direct sediment
sampling from the field was not available. Instead, sediment classification relied on representative samples
derived from Angular Range Analysis (ARA), which served as pseudo ground truth data for model training
and validation. While this approach provided valuable insight, the absence of field-verified sediment samples
may affect the accuracy and reliability of the classification results. Future work should incorporate field-
verified sediment samples to enhance classification accuracy and improve the reliability of sediment maps
for practical decision making.
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