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Highlights 

What are the main findings? 

• A comprehensive comparison of acoustic, optical, LiDAR, radar-altimetric, wave-spectrum and 

other techniques reveals that no single method is universally optimal across all marine 

environments. 

• The review identifies the key factors controlling spatial resolution, vertical accuracy, and data 

reliability, highlighting how acquisition and processing choices directly influence bathymetric 

quality. 

What are the implications of the main findings? 

• Integrated multi-sensor approaches, combining acoustic, optical, LiDAR, and altimetric data, 

could represent the most effective strategy to enhance completeness and accuracy in seafloor 

mapping. 

• Improved acquisition technologies and autonomous platforms are expected to accelerate global 

bathymetric coverage, supporting initiatives such as Seabed 2030 and advancing marine 

geomatics applications. 

Abstract 

Bathymetric information is essential for navigation safety, coastal engineering, marine habitat 

mapping, seafloor characterization, and climate-related studies. However, despite major 

international efforts, to date, only 27.3% of the world’s ocean floor has been mapped in accordance 

with modern hydrographic standards, underscoring the need for more comprehensive and higher-

resolution seafloor data. This review provides an integrated assessment of the main techniques used 

for bathymetric data acquisition, examining their physical principles, operational constraints, data-

processing workflows, and accuracy drivers. The analysis covers acoustic methods, including single-

beam, multibeam, and interferometric sonars, optical approaches based on electromagnetic radiation, 

airborne LiDAR bathymetry, radar altimetry, and wave-spectrum-based techniques, together with a 

set of unconventional and emerging methods that offer additional flexibility in challenging or data-

poor environments. For each category, the review discusses achievable spatial and vertical resolution, 

environmental limitations, platform-dependent constraints, and the influence of water properties on 

measurement reliability. Attention is given to data-processing steps such as sound-speed correction, 

motion compensation, filtering, and interpolation, which strongly affect the quality of the final 

bathymetric product. A comparative synthesis highlights that no single technique is generally 

optimal: acoustic systems remain the most accurate and versatile, while optical and LiDAR methods 

excel in shallow, clear waters. The analysis indicates that synergistic use of complementary 

techniques, leveraging the strengths of each sensing principle, is essential to produce bathymetric 

datasets tailored to the specific requirements of diverse mapping applications. 

Keywords: bathymetry; multibeam echo sounder; single-beam echo sounder; acoustic remote 

sensing; airborne LiDAR bathymetry; satellite-derived bathymetry; radar altimetry; radar altimetry; 

wave-spectrum bathymetry 
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1. Introduction 

design, monitoring, and management of coastal engineering infrastructures [1,2]; characterizing 

and mapping the spatial distribution of benthic habitats [3]; documenting and safeguarding 

submerged archaeological sites [1]; providing essential information for defense and military 

operations [4]; and contributing to assessments of climate-change impacts on coastal and marine 

systems [5]. 

Depending on the intended application, bathymetric datasets must meet specific technical 

requirements for temporal, spatial, and vertical accuracy to ensure consistency, reliability, and 

suitability for downstream analyses. In this context, Hell et al. 2012 [6], based on a survey conducted 

among public agencies, academic institutions, and research organizations, propose a classification of 

the spatial resolutions most appropriate for different bathymetric applications, as illustrated in Table 

1. 

Table 1. Spatial resolution requirements for different application domains. Adapted from Hell et al. (2012) [6]. 

Application Spatial resolution [m] 
Vertical 

accuracy 
Notes 

Marine archaeology / 

Geotechnics 
Decimetres - 1 

0.1 m (shallow 

water), 0.25 m 

(elsewhere) 

Requires very high point 

density; high vertical accuracy 

required. 

Habitat Mapping / 

Natural Resources 
2 - 50 

For habitats and species, a 

resolution of >25 m is considered 

insufficient. 

Coastal planning / 

Infrastructure 
/ 

Hydrodynamic modelling 

/ Ocean circulation 
100 or coarser* 

Requires continuous and 

extensive coverage. Coarse 

resolutions acceptable for large-

scale studies. 

* In the case of coastal hydrodynamic circulation modelling, higher bathymetric resolutions are nevertheless 

required, typically on the order of 10 m [7]. 

Given the relevance of the topic, two key questions naturally arise: 

− Do the bathymetric datasets currently available meet the requirements of the wide range of 

existing applications? 

− Which acquisition and data-processing techniques can produce bathymetric information that is 

suitable for the intended application? 

The study was conducted as a scoping review, following the methodological framework of the 

PRISMA Extension for Scoping Reviews (PRISMA-ScR) [8]. The adopted methodology, including the 

PRISMA 2020 flow diagram (Adapted from: Gizachew et al. (2026) [9]), search strategy, inclusion 

criteria, considerations on methodological strategy, and the PRISMA 2020 Checklist, are described in 

the Supplementary Materials section. 

This review aims to provide a synthesis of the principal bathymetric acquisition methods, 

describing their data-collection and processing workflows, and examining the factors that influence 

spatial and vertical resolution, as well as measurement accuracy. The ultimate objective is to establish 

objective criteria to support the selection of the most appropriate technique in relation to the 

environmental characteristics of the study area and the required data-quality standards. Attention is 

given to acquisition modalities and processing strategies, as these elements play a decisive role in 

error propagation and, consequently, in the quality of the final bathymetric product. 
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A central reading key to this review is the depth-dependent applicability of each bathymetric 

technique. For this reason, the manuscript systematically recalls the underlying physical principles 

and governing equations of each method, clarifying the depth ranges in which they can provide 

accurate and reliable measurements. 

For ease of consultation, the review is organized into thematic sections. Section 2 provides an 

overview of the main actors, data sources, and operational levels involved in bathymetric data 

acquisition, establishing the contextual framework for the subsequent analysis of individual 

techniques. Section 3 examines acoustic techniques, which represent the core of high-accuracy 

seafloor mapping. Section 4 discusses optical bathymetry, including passive optical methods, 

photogrammetric approaches, and airborne LiDAR bathymetry. Section 5 presents wave-spectrum-

based bathymetry, while Section 6 addresses radar-altimetric approaches for large-scale 

observations. Section 7 introduces emerging and unconventional techniques. 

Sections 2 to 6 are organized according to an overall progression from techniques that provide 

higher spatial resolution and operate in shallower waters toward methods applicable over 

increasingly large depth ranges and usually providing lower spatial resolution. This reading key is 

not to be interpreted strictly, as each section may include multiple techniques with different 

performance characteristics. 

Within each methodological section, the principles of data processing are first described, 

followed by an examination of the factors influencing measurement reliability. 

Section 8 provides a comparative assessment of all methods, and Section 9 illustrates 

representative applications. Finally, Section 10 summarizes the main insights and offers guidance for 

selecting the most appropriate technique according to environmental conditions and accuracy 

requirements. 

2. Bathymetric Data Acquisition 

This section outlines the organizational and operational framework supporting modern 

bathymetric data acquisition. It reviews the main actors, data repositories, and initiatives involved, 

and describes how efforts ranging from global programs to local surveys influence the availability, 

resolution, and accessibility of bathymetric data. 

Indeed, bathymetric data acquisition is a multi-layered process involving a wide range of actors 

and operational levels (Figure 1), each with clearly defined roles and responsibilities [4]. A clear 

understanding of this system is essential for selecting appropriate data sources and identifying the 

most suitable information for the intended application. 

 

Figure 1. Actors and Operational Levels in Bathymetric Data Acquisition. 

Among the key global actors, the International Hydrographic Organization (IHO) [10] plays a 

central role in coordinating worldwide hydrographic activities. Its primary mission is to ensure 
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navigation safety by promoting the standardization and harmonization of hydrographic information 

and nautical charting. Beyond its technical and cartographic mandate, the organization also defines 

the regulatory and infrastructural framework for data collection and dissemination through the Data 

Centre for Digital Bathymetry (DCDB) [11], a global digital repository containing more than 70 

terabytes of bathymetric data. 

Another major international reference is the General Bathymetric Chart of the Oceans (GEBCO) 

[12] program, whose main objective is to provide a coherent and up-to-date global representation of 

the seafloor through the production of standardized Bathymetric Digital Elevation Models. GEBCO’s 

most recent product is the Type Identifier Grid GEBCO_2024, which specifies the data source for each 

grid cell at a geometric resolution of 15 arc-seconds (~500 m) [13]. GEBCO has also developed an 

experimental multi-resolution grid (up to 100 m), integrating higher-resolution bathymetric datasets 

where available. At present, this version is limited to selected pilot areas, including offshore regions 

of Australia, waters surrounding New Zealand, and the Hawaiian archipelago [14]. 

Supporting GEBCO’s activities is the Seabed 2030 initiative [15], which aims to facilitate the 

complete mapping of the global ocean floor by 2030 through the acquisition of new bathymetric data 

and the integration of existing datasets. After processing and quality control, the collected data are 

contributed to the DCDB and incorporated into GEBCO’s global grids. 

In addition to global organizations, a wide network of regional initiatives provides higher-

resolution bathymetric datasets for specific geographic areas. A selection of these initiatives is 

reported below, detailing each the geographic coverage, spatial resolution, and corresponding access 

portal (Table 2). 

Table 2. Regional initiatives, geographic coverage, spatial resolution, and portal access links. 

Name Geographic area Spatial resolution (m) Link 

European Marine Observation 

and Data Network Bathymetry 

(EMODnet Bathymetry) 

Europe, North-East Atlantic, 

Mediterranean, Baltic Sea, Black 

Sea 

~ 100  [16] 

AusSeabed  Australia 
For the AusBathyTopo 

series: 30, 100 or 250  
[17] 

Japan Agency for Marine-Earth 

Science and Technology 

(JAMSTEC) 

South and Western Pacific Ocean 
Several (contribution to 

Seabed 2030) 
[18] 

NOAA National Centers for 

Environmental Information 

(NCEI) 

United States 

From a few metres to 

hundreds, variables 

that can be consulted 

through the portal  

[19] 

International Bathymetric Chart 

of the Southern Ocean (IBCSO) 
Antarctica 500 [20] 

International Bathymetric Chart 

of the Arctic Ocean (IBCAO) 
Arctic Region 200 [21] 

Finally, the last operational level consists of local initiatives, which focus on geographically 

restricted areas, such as bays, harbors, coastal stretches, or environmentally sensitive marine zones, 

and produce very high-resolution bathymetric data. These initiatives are promoted by a diverse 

range of actors, including: i) research institutions; ii) government agencies; iii) national hydrographic 

offices, sometimes embedded within military structures, which operate primarily within Exclusive 

Economic Zones, and, in these cases, data access may be restricted for security reasons; iv) 

commercial surveying companies contracted by public or private entities; v) crowdsourced 

bathymetry, an approach promoted by the IHO that involves conventional vessels equipped with 

echo sounders and operated by professional crews. 
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In Europe, the three main communities responsible for providing bathymetric data are national 

hydrographic offices, research institutions, and private industry [22]. A selection of these initiatives 

is illustrated in Table 3, together with their geographic coverage, spatial resolution, and 

corresponding access portals. 

Table 3. Local Some local initiatives, geographic coverage, spatial resolution, and portal access links. 

Name Geographic area Spatial resolution [m] up to: Link 

Mareano Norway 5 [23] 

Istituto Idrografico della 

Marina (IIM)  
Italy 10 [24] 

Bundesamt für 

Seeschifffahrt und 

Hydrographie (BSH)  

Germany 50 [25] 

Despite extensive national and international efforts dedicated to acquiring new surveys, 

processing data, and continuously creating, archiving, and updating seafloor maps, only 27.3% of the 

global ocean floor has been mapped according to modern standards [15]. Considering that the global 

ocean covers 71% of the Earth’s surface, approximately 362 million km² [26] the area currently 

mapped amounts to roughly 98.8 million km². 

Moreover, high-resolution bathymetric sources, produced primarily by actors operating at the 

local level, are often difficult to access due to security restrictions, economic considerations, or 

national regulatory constraints [4]. In line with these limitations, Hell et al., 2012 [6] report that most 

users highlight low resolution and insufficient bathymetric coverage, particularly in shallow waters, 

along with data-access issues (especially in Sweden) and concerns related to accuracy, metadata 

completeness, and harmonization across datasets. 

Finally, bathymetry varies over time with periodicities ranging from daily to centennial scales, 

driven by site-specific hydrodynamic processes (e.g., erosion and sediment deposition) [27], 

geological mechanisms (e.g., post-rift thermal subsidence and dynamic uplift) [28], biological activity 

(e.g., formation of biogenic structures) [29], and/or anthropogenic interventions (e.g., dredging, land 

reclamation) [30]. This makes it necessary to analyze bathymetric datasets acquired at different times 

to assess temporal changes and derive a Digital Elevation Model of Difference [31]. 

2.1. Bathymetric Surveys Techniques 

Bathymetric surveys may be conducted using a variety of techniques, each characterized by 

differing capabilities in investigating water bodies with specific physical properties (e.g., depth, 

water clarity, and transmissivities), as well as by the spatial and temporal resolution they can achieve 

and the technological and operational resources they require. As a result, the selection of the most 

appropriate technique is inherently dependent on the characteristics of the operational environment 

and the specific objectives of the survey. Coastal and shallow-water settings (<50 m), for instance, 

constitute particularly complex environments influenced by wave energy, coastal hydrodynamics, 

and rapidly varying seabed morphology. These conditions typically demand high-resolution 

methods capable of delivering enhanced altimetric and planimetric detail to meet application-driven 

requirements [6]. 

The evolution of measurement sensors used in bathymetric surveying over time is shown in 

Figure 2. 
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Figure 2. Classification of measurement sensors for bathymetric data acquisition. 

In the mid-nineteenth century, bathymetric measurements were performed using contact-based 

point sensors. Although these instruments played a foundational role in the early development of 

seafloor exploration, they were inherently slow, spatially discontinuous, and susceptible to 

inaccuracies arising from external factors such as the influence of marine currents [32]. 

A major technological transition occurred in the 1920s with the introduction of acoustic sensors, 

which enabled non-contact direct depth measurements based on the propagation and reflection of 

sound waves [32]. The evolution of non-contact techniques accelerated markedly during the 1990s, 

with the emergence of sensors exploiting distinct physical principles, most notably optical systems 

relying on electromagnetic radiation and radar systems employing radio waves. These advances 

facilitated faster, more continuous, and spatially extensive bathymetric surveys, while significantly 

reducing the systematic errors associated with earlier methodologies. 

In shallow-water environments, optical and radar sensors can also be employed to infer 

bathymetry by correlating wave characteristics, particularly those of wind-generated waves, with 

seabed morphology [33]; however, these are not the only waves observed in the data. The integration 

of multiple non-contact approaches enables coastal areas to be mapped under a broader range of 

environmental conditions, thereby improving the characterization of marine zones of high 

operational and scientific relevance [34]. 

Non-contact sensors may be deployed on platforms positioned at distances ranging from a few 

meters to several hundred kilometers, depending on the sensing technology and the objectives of the 

survey [35]. As platform distance from the seabed increases, the spatial extent of the surveyed area 

expands, whereas both spatial (Figure 3) and temporal resolution decrease. Consequently, for a given 

area of interest, sampling times are longer for techniques employing platforms located closer to the 

seabed. 
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Figure 3. The sensor-seafloor distance, the surveyed area, and the source footprint. Platforms: (a) satellite; (b) 

aircraft; (c) drone; (d) surface vessel; (e) autonomous surface vehicle; (f) autonomous underwater vehicle. 

The selection of the most appropriate platform for a given application must also account for 

logistical considerations, including operational costs, the accessibility of the survey area, and the 

potential requirement for specialized personnel (Table 4) [36,37]. 

Table 4. Cost, area accessibility, and the need for specialized personnel. 

Platform Operating Costs Area Access 
Need for Specialized 

Personnel 

Satellite Low Global Low 

Aircraft High 
Wide, but subject to 

restrictions 
High 

Drone Medium 
High, even in remote 

areas 
Medium 

Vessel High 
Limited, for safety 

reasons 
High 

Autonomous surface 

vehicle 
Medium 

High, even in remote 

areas 
Medium 

Autonomous 

underwater vehicle 
High 

High, even in remote 

areas 
High 

To identify the most effective solution, it is essential to have a comprehensive understanding of 

each technique, together with its operational advantages and limitations. 

3. Acoustic Bathymetry 

This section summarizes the main acoustic techniques used in bathymetric surveying, including 

single-beam, multibeam, and interferometric systems, and the principles behind depth measurement 

and uncertainty. It also outlines data processing steps (Section 3.1) and the key factors affecting 

accuracy and reliability (Section 3.2). 
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The operating principle of acoustic sensors is based on the propagation of sound waves through 

the aquatic environment. Among these instruments, echo sounders represent the most widely used 

devices for bathymetric measurements. An echo sounder consists of a transceiver unit that generates 

the electrical pulse transmitted to the transducer [35]. During transmission, the transducer acts as a 

projector, converting the electrical pulse into acoustic waves that propagate through the water 

column by inducing vibrations in the medium due to its slight compressibility. 

During propagation, the acoustic signal may undergo scattering caused by fish schools, 

submarines, wrecks, gas bubbles, algae, or other obstacles [38]. In the absence of significant 

interference, the signal reaches the seabed, where part of its energy is absorbed and part is reflected 

toward the echo sounder [39]. Upon reception, the transducer operates as a hydrophone, 

reconverting the returning acoustic wave into an electrical signal. This signal is then amplified, 

filtered, and digitized by the transceiver. 

The digitized data are processed by the acquisition software, which associates each received 

signal with the two-way travel time (Time of Arrival, TOA) according to a predefined beam angle 

[35] (Figure 4). 

 

Figure 4. Schematic representation of a survey vessel equipped with an echo sounder system, with the draft d 

and the bathymetric depth as retrieved by an echo sounder system 𝑧𝐸𝐸𝑆. 

To convert the two-way travel time into a depth measurement, it is necessary to know the speed 

of sound in water. This parameter is not constant; rather, it varies spatially and temporally as a 

function of temperature, salinity, and pressure. For this reason, bathymetric surveys employ sound-

velocity profilers or other instruments such as conductivity–temperature–depth probes, Expendable 

Bathythermograph or Moving Vessel Profilers, which allow the vertical profile of acoustic velocity 

along the water column to be measured [40,41]. 

Once the local sound speed and the TOA are known, the depth can be computed according to 

(1): 

𝑧𝐸𝐸𝑆 =
𝑣 𝑡

2
+ 𝑑 (1) 

where 𝑧EES (m) is the bathymetric depth as retrieved by an echo sounder system; 𝑣 (m/s) is the sound 

speed, whose typical values are around 1500 m/s [42]; 𝑡 (s) is the two-way travel time of the acoustic 

pulse; and 𝑑 (m) is the draft, defined as the vertical distance between the transducer face and the 

static waterline. The determination of the static waterline is obtained through the integration of 

observations from tide gauges, which continuously record sea-level variations and provide an 

altimetric reference [43]. 
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A fundamental role is played by inertial measurement units (IMUs), which record the dynamic 

motions of the platform (roll, pitch, and yaw). Integrating inertial data makes it possible to 

compensate for the geometric distortions introduced by vessel motion, thereby improving the 

stability and reliability of the acoustic measurements [44]. 

Finally, to spatially position each depth value z, a pair of is assigned, allowing the three-

dimensional location of every measured point to be defined. The determination of coordinates 

depends on the platform on which the sensor is installed. For echo sounders mounted on survey 

vessels or autonomous surface vehicles, spatial referencing is obtained through the integration of 

Global Navigation Satellite System (GNSS) and Inertial Navigation System data [45]. For autonomous 

underwater vehicles, positioning is generally estimated through Simultaneous Localization and 

Mapping procedures [46]. In high-resolution surveys, data are often acquired in a local reference 

system and subsequently georeferenced using ground-control points with known coordinates, 

ensuring geometric consistency and spatial accuracy in the generation of the final bathymetric model. 

Echo sounders can be classified into single-beam echo sounders (SBES) and multibeam echo 

sounders (MBES). SBES, developed between the 1920s and 1930s, measure depth along a single 

vertical line beneath the vessel’s keel. Technological advances between the 1950s and 1980s led to the 

development of MBES, which employ multiple acoustic beams arranged in a fan-shaped 

configuration, enabling the coverage of wide swaths of seafloor [47]. 

SBES are characterized by lower cost and simpler planning, deployment, and data processing. 

However, they require longer acquisition times, as multiple adjacent survey lines must be collected 

to cover large areas. Their cost-effectiveness makes them particularly suitable for small-scale surveys 

and shallow-water environments [47]. 

MBES, by contrast, involve higher costs and more complex data management and processing, 

requiring specialized personnel. Nevertheless, they significantly reduce acquisition time by covering 

broad areas in a single pass, with fields of view reaching up to 240°, while providing higher-

resolution and more accurate data [48]. These characteristics make MBES particularly suitable for 

deep-water surveys and for large-scale mapping of complex seafloor morphologies [49]. 

As an alternative, depth can also be measured using echo sounders based on interferometric 

principles, known as Phase-Differencing Bathymetric Sonar (PDBS). This acquisition mode differs 

from the previous ones in that it employs multiple hydrophones arranged in an array (Figure 5). 

 

Figure 5. Schematic representation of a survey vessel equipped with a Phase Differencing Bathymetric Sonar. 

Where draft d and the bathymetric depth, 𝜃(rad) is the angle of arrival of the reflected signal, and t1,t2,t3 indicate 

the arrival times of the echo from the seabed at the different hydrophones. 
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Because the seabed echo reaches each hydrophone at slightly different times, the system can 

measure the phase shift between the received signals and generate interference fringes. The analysis 

of these fringes allows the direction of arrival of the reflected signal to be determined. By combining 

the angle information with the two-way travel time and the sound speed in water, the bathymetric 

depth can be derived by a PDBS [50,51], according to (2): 

 𝑧𝑃𝐷𝐵𝑆 =
𝑣 𝑡

2
𝑐𝑜𝑠𝜃 + 𝑑 (2) 

where zPDBS (m) is the bathymetric depth retrieved by a PDBS, 𝜃(rad) is the angle of arrival of the 

reflected signal. 

Interferometric echo sounders, compared with time-of-flight systems, offer wider angular 

coverage, which increases survey productivity, particularly in shallow waters, while generally 

involving lower costs than other solutions. However, these systems also exhibit certain limitations: 

they provide lower point-wise accuracy, require higher computational resources, and are 

characterized by a blind zone at nadir (the nadir gap) [51]. Alongside echo sounders, other acoustic 

instruments have been developed for different purposes. Side-scan sonar (SSS) [52,53], for example, 

is used to obtain high￼resolution two￼dimensional images of the seafloor surface, enabling the 

detection of subtle morphological changes or the identification of objects that contrast with the 

surrounding substrate. Another instrument is the sub￼bottom profiler [54], which, being positioned 

below the water surface, allows for the investigation of sedimentary layers beneath the seabed 

surface. Unlike echo sounders, these systems do not directly estimate water-column depth; instead, 

they provide complementary information that is essential for the morphological and geological 

characterization of marine environments. 

3.1. Principles of Acoustic Bathymetry Processing 

The processing of raw acoustic data is a critical step in the generation of bathymetric maps and 

involves a sequence of correction, filtering, interpolation, and validation procedures. 

The workflow begins with the correction of the echo-sounder TOA to remove distortions caused 

by environmental, instrumental, and platform-motion [55]. These corrections rely on auxiliary 

observations collected during the survey, including sound-velocity profiles, tidal records, and inertial 

measurements from IMU/GNSS-INS systems [55–57]. Notably, Nadzir and Munthe (2025) [57] 

provide correction procedures for multibeam data that comply with current IHO standards. 

The subsequent filtering phase reduces data redundancy while preserving the dataset's 

statistical representativeness [58]. Historically, this step relied on manual identification of outliers, a 

time-consuming task that often exceeded the duration of the survey itself [59]. Modern approaches, 

however, enable more efficient and automated data reduction. Common techniques include: 

Grid reduction, which partitions the data into predefined cells and assigns each cell a 

representative value (mean, median, or mode) [60]; 

Clustering, which groups points based on spatial proximity or depth and selects a representative 

point for each cluster [61]; 

Geometric generalization algorithms, which remove redundant points while retaining those with 

the greatest deviation from reference polylines such as isobaths [58,62]; 

Self-Organizing Maps (SOM), which project the dataset onto a two-dimensional neural grid, 

enabling data reduction while preserving key morphological features of the seabed [63]; 

Hybrid approaches, such as the combination of SOM-based reduction (True bathymetric data 

reduction method) and generalization algorithms (e.g., Optimum Dataset), which allow flexible 

levels of reduction depending on local seabed complexity [64]. 

Interpolation follows, transforming discrete depth measurements into a continuous surface by 

estimating values in unsampled areas [65,66]. This step exploits spatial autocorrelation, whereby 

nearby points tend to exhibit similar depths [67,68]. In multibeam surveys, interpolation is mainly 

used to fill residual gaps, as acoustic swaths typically ensure near-complete coverage [40,69]. In 
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contrast, single-beam surveys rely heavily on interpolation due to the sparse and irregular 

distribution of measurements [67]. 

The final step is validation, which assesses the accuracy and reliability of the bathymetric surface 

in accordance with the IHO S-44 standard. As summarized by Nadzir and Munthe (2025) [57], the 

standard defines four accuracy orders based on depth range, required coverage, and allowable 

vertical tolerance (Table 5). 

Table 5. Accuracy thresholds established by the international IHO S-44 standard, which defines four orders of 

survey quality based on depth range, required seafloor coverage, and allowable vertical and horizontal 

uncertainty. Adapted from Nadzir and Munthe (2025) [57]. 

Order Survey coverage (%) Depth z (m) 
Vertical tolerance, TVU 

(m) 
Notes 

Special 

Order 
100 0 – 40  ± 2 m Critical areas (e.g., ports) 

Order 1a 100 0 – 100  ± (5 m + 5% · z) 
Areas with high 

requirements 

Order 1b < 100 0 – 100  ± (5 m + 5% · z) Partial coverage 

Order 2 < 100 > 100  ± (20 m + 10% · z) Greater depths 

3.2. Factors Influencing Measurement Reliability 

Echo-sounder measurements are shaped by the interplay between instrument-specific 

parameters and the environmental conditions during acquisition. These factors influence data 

reliability and determine whether the resulting bathymetry is suitable for a given application or not. 

The depth ranges that can be effectively surveyed depend on sound-wave absorption within the 

water column and on the duration of the acoustic pulse (or ping) [39]. For a given operating 

frequency, signal absorption increases with depth, progressively reducing vertical discrimination. 

Conversely, at constant depths, higher frequencies attenuate more rapidly because their shorter 

wavelengths interact more strongly with the medium. Shorter pulse durations further enhance 

vertical resolution, enabling finer detection of seabed features. 

Echo sounders typically operate across a broad frequency spectrum, from 12 kHz to 710 kHz 

(corresponding to wavelengths of roughly 125 mm to 2 mm) [70]. This range allows different tradeoffs 

between resolution, penetration, and accuracy, supporting a variety of applications and depth 

intervals [35]: 

• 12–50 kHz: suitable for depths exceeding 1500 m; 

• 50–200 kHz: used for depths between 200 m and 1500 m; 

• >200 kHz: used for depths shallower than 200 m. 

While Hodúl et al. (2018) [71] highlight that echo sounders are generally not deployed in coastal 

waters shallower than 4 m. 

In this context, multifrequency systems offer a compromise between range, beamwidth, and 

accuracy [40], making them advantageous when surveys must span multiple depth zones with 

varying detail requirements. 

Spatial resolution is governed by platform speed and sampling interval [72]. Reducing vessel 

speed or increasing sampling frequency increases data density and improves seabed representation. 

Water depth and acoustic beamwidth also influence the size of the insonified footprint: at constant 

depth, wider beams enlarge the footprint and reduce spatial resolution; at constant beamwidth, 

increasing depth has the same effect. Brandt and Lehmann (2025) [73] report minimum achievable 

resolutions of 9–35 cm at 10 m depth. 

Measurement accuracy is affected by several factors, including instrument performance, 

operating frequency, and the assumptions embedded in processing models [40,55]. A common source 

of error is the assumption of constant sound speed in the water column. As shown by Menna et al. 
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(2018) [70], a temperature change of just 1 °C increases sound speed by 4.6 m/s at 0 °C and by 2.5 m/s 

at 21 °C. Accurate bathymetry, therefore, requires sound-velocity profiling. 

Sampling frequency also plays a key role. Higher frequencies improve resolution and thus 

accuracy but reduce penetration depth [39]. Lower frequencies penetrate further but may introduce 

uncertainties in specific environments. For example, in shallow waters, low-frequency signals may 

overestimate depth because they penetrate unconsolidated sediments and return echoes from deeper 

layers [35]. 

Given the several interacting factors, defining accuracy a priori is challenging. Ferreira et al. 

(2022) [35] provide a detailed assessment of uncertainty, closely linked to accuracy, as reducing 

uncertainty improves measurement reliability across different echo-sounder models, depths, and 

operating frequencies. Their results show, for instance, that a 200 kHz single-beam system typically 

exhibits a vertical uncertainty of about 1 cm ± 0.1% of measured depth, whereas a 200 kHz multibeam 

system can achieve uncertainties on the order of 1 mm. 

Within this framework, acoustic systems remain applicable across the full depth spectrum: 

operational constraints may limit their use in shallow waters of few metres, while suitable frequencies 

allow echo sounders to reach several thousand metres. Multibeam sonars ensure high-resolution 

mapping even at great depths, whereas interferometric systems provide enhanced swath coverage 

and efficiency in shallow environments. 

4. Optical Bathymetry 

This section outlines optical bathymetric techniques, focusing on passive sensing and airborne 

LiDAR in shallow, clear waters. It highlights key principles, including light attenuation and 

water-column effects, and introduces passive methods (Section 4.1) and LiDAR (Section 4.2). A joint 

subsection addresses data processing and factors affecting reliability, defining the conditions and 

limitations of optical depth estimation. 

The bathymetry estimation from optical data relies on the propagation of electromagnetic 

radiation within the visible spectrum (455–750 nm). As light travels through the water column, it 

undergoes absorption, scattering, and backscattering due to interactions with optically active 

substances. The properties of these particles, such as their size, shape, and chromatic composition, 

produce wavelength-dependent attenuation, which alters the intensity of the signal detected by the 

sensor and ultimately affects data quality [74]. 

Optical sensors can be broadly categorized as passive or active, depending on the source of 

radiation. Passive sensors working in the visible spectrum measure radiation reflected by surfaces, 

according to their reflectance characteristic. Among the most advanced passive approaches are 

spectrally derived bathymetry and photogrammetry [75]. Active sensors, in contrast, emit 

electromagnetic radiation toward the target and record the reflected return. A well-established 

example of this class is Airborne LiDAR Bathymetry (ALB). 

4.1. Passive Optical Bathymetry 

This subsection introduces passive optical bathymetry, explaining how sunlight interactions 

with the water column and seafloor can be used to infer depth. It outlines key principles such as light 

attenuation, water properties, and bottom reflectance, and presents radiometric and 

photogrammetric approaches. It also highlights sensor types, processing methods, and the main 

conditions and limitations affecting reliability. 

Bathymetric measurements derived from passive optical sensors can be acquired using standard 

digital cameras equipped with RGB detectors or with radiometric multispectral or hyperspectral 

sensors [75]. Hyperspectral imaging generally offers superior performance due to its higher spectral 

resolution and the larger number of available bands at suitable wavelengths [76]. 

Depending on the platform on which they are mounted, RGB cameras may provide either an 

external or an underwater view of the scene. Underwater imaging requires the use of dedicated 

submersible digital cameras, typically operable down to approximately 15 m, or standard digital 
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cameras housed in waterproof enclosures, which allow operations at greater depths [70]. These 

systems offer advantages in terms of portability, lens interchangeability, and lower cost. However, 

they are prone to lens aberrations, making geometric calibration necessary; in addition, when 

consumer-grade cameras are used (compact, DSLR/mirrorless, smartphones), radiometric calibration 

is also required [77]. 

Multispectral and hyperspectral cameras, by contrast, provide multiple spectral channels, even 

hundreds in the case of hyperspectral systems, greatly enhancing the ability to discriminate subtle 

variations in the recorded signal and improving bathymetric retrieval [78]. These benefits, however, 

come at a significantly higher cost and lower spatial resolution. 

Bathymetric information extracted from imagery acquired by passive optical sensors can be 

obtained through radiometric or photogrammetric approaches. 

4.1.1. Principles of Data Processing for Radiometric Derived Bathymetry 

The radiometric approach is based on the inverse relationship between recorded 

electromagnetic radiation and water depth. Spectral sensors typically provide the most informative 

measurements in the blue and green regions of the spectrum (455–577 nm), where light attenuation 

in the water column is lowest, while the red, red-edge and near infrared components exhibit lower 

and wavelength-decreasing water column penetration [76,79]. 

This relationship can be described through radiative transfer models that represent, with 

varying degrees of complexity, the physical processes governing the propagation of electromagnetic 

radiation in the water column. In particular, the spectral radiance measured by the sensor can be 

expressed as the combined contribution of atmospheric, surface, water-column, and bottom 

interactions. Legleiter et al. (2009) [80] formalized this relationship in terms of radiance; expressed in 

terms of reflectance, it can be written as Equation (3). This formulation represents a conceptual 

simplification of the air–water radiative transfer, rigorously described by the radiative transfer 

equations of Chandrasekhar (1950) [81] for the atmosphere and Preisendorfer (1961) [82] for aquatic 

environments, linked through boundary conditions at the water surface that govern reflection and 

transmission between the two optical domains [83] (3): 

 𝑅𝑇(𝜆) = 𝑅𝐵(𝜆) + 𝑅𝐶(𝜆) + 𝑅𝑆(𝜆) + 𝑅𝑃(𝜆) (3) 

where: 

• 𝑅𝑇(𝜆) (-) is the total reflectance recorded by the sensor, 

• 𝑅𝐵(𝜆) (-) is the bottom reflectance (some typical values are goe given by Legleiter et al., 2009) 

[84], 

• 𝑅𝐶(𝜆) (-) is the water-column reflectance, 

• 𝑅𝑆(𝜆) (-) is the surface-reflected component, 

• 𝑅𝑃(𝜆) (-) is the atmospheric direct and diffuse reflectance. 

The reflectances 𝑅𝐶(𝜆) , 𝑅𝑆(𝜆) , and 𝑅𝑃(𝜆)  are estimated through atmospheric, surface, and 

water-column corrections, allowing isolation of the portion of the signal directly related to depth. The 

term 𝑅𝐵(𝜆) representing bottom reflectance, it depends on the optical and physical properties of the 

substrate [85]. 

Following the Lambert–Beer law, Philpot (1989) [86] formalized a physically based relationship 

between bottom reflectance and depth in optically homogeneous waters (Equation 4), governed by 

the exponential decay of light with depth (4): 

 𝑅(0−)(𝜆) = 𝑅∞(𝜆) + [𝑅𝐵(𝜆) − 𝑅∞(𝜆)]𝑒−2𝑘𝑑(𝜆)𝑧𝑅
 (4) 

where: 

• 𝑅(0−)(𝜆) (-) is the reflectance just-below-surface, 

• 𝑅∞(𝜆) (-) is the infinitely deep-water reflectance (i.e., when the bottom does not contribute), 

• 𝑘𝑑(𝜆) (1/m) is the diffuse attenuation coefficient, 
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• 𝑧𝑅  (𝑚)  is the bathymetric depth retrieved by radiometric data. The factor 2 accounts for 

attenuation along both the downward (surface–bottom) and upward (bottom–surface) optical 

paths. 

Inverting Equation (4) yields depth as: 

 
𝑧𝑅 = −

1

2𝑘𝑑(𝜆)
𝑙𝑛 (

𝑅(0−)(𝜆) − 𝑅∞(𝜆)

𝑅𝐵(𝜆) − 𝑅∞(𝜆)
) 

(5) 

The diffuse attenuation coefficient 𝑘𝑑(𝜆)  is an apparent optical property that varies widely 

across regions [87]. It describes the rate at which reflectance decreases along the optical path and is 

influenced by optically active substances, intrinsic optical properties of the water, and surface 

illumination conditions such as solar zenith angle and sea-surface state [88–90]. It can be estimated 

through in situ measurements of vertical reflectance profiles, empirical or semi-empirical 

remote-sensing algorithms, or neural-network models capable of learning nonlinear relationships 

between optical properties and environmental variables [89]. 

Typical values in blue wavelengths (at 490 nm) range from 𝑘𝑑(490) < 0.25m−1 in oligotrophic 

ocean waters to 𝑘𝑑(490) > 1 m−1 in turbid coastal waters. 

Building on the physically based formulation (Equation 4), semi-theoretical, semi-empirical, and 

data-driven inversion models have been developed since purely theoretical models require 

numerous physical and optical parameters that are difficult to measure directly in operational 

settings [76]. 

Semi-theoretical inversion models combine radiative-transfer theory with empirical 

relationships derived from calibration data [76]. Among semi-empirical models, the most widely 

used are the log-ratio and multiband regression approaches, which serve as benchmarks for accuracy 

assessment [5]. 

Log-ratio model [91] 

 
𝑧𝑅 = 𝑚1

𝑙𝑛 (𝑙 𝑅𝑏)

𝑙𝑛 (𝑙 𝑅𝑔)
− 𝑚0 

(6) 

where: 

• 𝑚1 (-) is a scaling constant, 

• 𝑚0 (𝑚) is an offset corresponding to 𝑧 = 0, 

• 𝑙 (-) is an empirical constant, 

• 𝑅𝑏 (-) and 𝑅𝑔 (-) are reflectances in the blue and green bands. The parameters 𝑚1and 𝑚0 are 

derived by calibration. 

Multiband regression model [92,93] 

 
𝑧𝑅 = ℎ0 + ∑ ℎ𝑖

𝑛

𝑖=1

𝑙𝑛 (𝑅𝑖 − 𝑅∞) 
(7) 

where: 

• ℎ0 and ℎ𝑖  (m) are empirical coefficients estimated by calibration depths, 

• 𝑅𝑖 (-) is the reflectance in band 𝑖, corrected for atmospheric effects and sun-glint, 

Nocera et al. 2026 model [94]: 

 𝑙𝑛(⟨𝑅(0−)⟩ − 𝑅∞) = 𝑙𝑛(𝑅𝐵 − 𝑅∞) − 2𝑚𝐾𝑑
𝑧𝑅2

− 2𝑞𝐾𝑑
𝑧𝑅 (8) 

Where the kd is assumed to vary linearly with depth: 

• mKd (1/m2) quantifies the rate of change of kd per unit depth (i.e., the slope of the Kd(z) 

relationship), 

• qKd (1/m) represents the value of kd at the depth where the water column approaches zero (i.e., 

the intercept of the kd(z) relationship), 

• ⟨𝑅(0−)⟩ (-) is the reflectance just below the surface, averaged over the spectrum and time. 
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Statistical and data-driven models 

These approaches do not explicitly model optical physics but instead identify empirical, often 

nonlinear, relationships between spectral reflectance and depth, based on calibration data [95]. 

Common examples include Principal Component Analysis (PCA) and Artificial Neural Networks 

(ANNs). 

PCA transforms correlated spectral bands into independent components. The first principal 

component (PC1), which captures most of the spectral variance, is typically the most strongly 

correlated with depth. A linear regression between PC1 and calibration depths is then used to 

estimate bathymetry [96]. 

ANNs consist of interconnected nodes arranged in input, hidden, and output layers. The input 

layer receives spectral reflectances, hidden layers apply nonlinear activation functions weighted by 

trainable parameters, and the output layer produces the estimated depth. The network iteratively 

adjusts its weights through backpropagation to minimize the error between predicted and observed 

depths [97]: 

 

𝑧𝑅
𝐴𝑁𝑁𝑠 =

∑ (
𝑧𝑖

1 − 𝑝𝐹𝑀𝑉𝑖
)𝑘

𝑖=1

∑ (
1

1 − 𝑝𝐹𝑀𝑉𝑖
)𝑘

𝑖=1

 

(9) 

where: 

• 𝑧𝑅
𝐴𝑁𝑁𝑠  (m) is the estimated depth, 

• 𝑧𝑖 (m) are depth of training points, 

• 𝑝𝐹𝑀𝑉𝑖  (-) is the probability associated with the point, obtained by Fuzzy Majority Voting [97]. 

4.1.2. Principles of Data Processing for Photogrammetric Derived Bathymetry 

The photogrammetric approach exploits the principles of optical imaging and projective 

geometry to reconstruct the three-dimensional coordinates of seafloor points from stereoscopic 

imagery. Accurate depth retrieval requires image pairs with substantial forward overlap, typically 

between 70% and 80%, to ensure robust tie-point extraction and reliable bundle adjustment [98]. 

In aquatic environments, bathymetry can be derived by combining the collinearity equations 

with Snell’s law [99]. 

The collinearity equations [100] define the geometric relationship between the object point, the 

camera perspective center, and its corresponding image point. 

The collinearity equation must be adapted to account for light refraction at the air–water 

interface. This phenomenon is governed by Snell’s law [101], describing the change in propagation 

direction experienced by a light ray crossing two media (air and water) with different refractive 

indices (10, 11): 

 
𝜃𝑤1 = 𝑠𝑖𝑛−1 (

sin(𝜃𝑎1)

𝑛
) 

 

(10) 

 
𝜃𝑤2 = 𝑠𝑖𝑛−1 (

sin(𝜃𝑎2)

𝑛
) 

 

(11) 

where: 

• 𝜃a1 and 𝜃a2 (rad) are incidence angles, calculated from off-nadir angles of each 

• 𝜃w1 and 𝜃w2 (rad) are the corresponding refraction angles in water. 

• 𝑛 (-) is the refractive index 
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The magnitude of refraction depends on several water-column properties, including 

temperature, salinity, density, and suspended constituents, as well as on the incidence angle and the 

instantaneous roughness of the water surface [102]. 

If refraction is not explicitly corrected, causes the reconstructed depth to be systematically 

underestimated, leading to the so-called apparent depth, a well-known bias in underwater 

photogrammetry (Figure 6). 

 

Figure 6. Light Refraction at a Air-Water Interface. 

Although refraction also introduces a horizontal displacement, its magnitude is generally small 

and often negligible for most geomatic applications [103]. 

The refractive indices and light velocities relevant to bathymetric photogrammetric processing 

are summarized in Table 6. 

Table 6. Refractive Indices and Light Velocities in Media Relevant to Bathymetric Photogrammetry. 

Medium Refractive index (-) Speed of light (m/s) 

Air 1.0003 2.999 × 108 

Water 1.33 2.26 × 108 

Glass 1.5 - 1.9 2.00 × 108 

The reconstruction of bathymetry requires compensating for the geometric distortions 

introduced by light refraction at the air–water interface. When the water surface represents the only 

refractive boundary, the depth can be corrected using a two-medium model [99], as illustrated in 

Figure 6. Under this assumption, the relationship between the apparent depth and the true depth is 

expressed by (12): 

The two-medium correction can be expressed as: 

 𝑧𝑃 =
𝑡𝑎𝑛 𝜃𝑎1 + 𝑡𝑎𝑛 𝜃𝑎2

𝑡𝑎𝑛 𝜃𝑤1 + 𝑡𝑎𝑛 𝜃𝑤2

 𝑧𝑎 (12) 

where: 

• 𝑧𝑃  (𝑚) is the bathymetric depth retrieved by collinearity equations 

• 𝑧𝑎(m) is the apparent depth derived from uncorrected photogrammetry. 

Equation (12) is fully consistent with Snell’s law and provides a physics-based correction that 

links the apparent geometry observed in the images to true underwater geometry. Its accuracy 

depends on the correct estimation of the incidence and refraction angles, which are governed by the 

refractive indices and light velocities of the media involved parameters discussed in the preceding 

section. 

In more complex scenarios, a multi-medium correction becomes necessary. Under calm water 

conditions, this occurs when the water column exhibits stratification with varying refractive indices, 
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typically due to temperature or salinity gradients [104] (Figure 7, panel a), or when the imaging 

system operates underwater and the camera is enclosed within a housing equipped with a flat or 

dome-shaped port (Figure 7, panel b). Dome ports generally ensure superior optical and 

photogrammetric performance, as demonstrated by Menna et al. [2017] [105], because they minimize 

refraction-induced distortions and preserve the validity of the collinearity model more effectively 

than flat ports. 

 

 

(a) (b) 

Figure 7. Light refraction: (a) stratified water column with layers exhibiting different refractive indices; (b) 

underwater imaging system with the camera enclosed in a housing equipped with either a flat or dome-shaped 

port. 

Beside physically based refraction models, geometric, empirical, and data-driven approaches 

have been proposed to correct apparent depths derived from photogrammetry. These methods 

provide alternative solutions when the physical properties of the water column are unknown, when 

environmental conditions complicate the application of multi-medium models, or when operational 

constraints require simplified correction strategies. 

Woodget et al. [2015] [106] assume that for small incidence angles (<10°) Snell’s law can be 

approximated linearly. Under this assumption, the true depth becomes directly proportional to the 

apparent depth according to Equation (13): 

 𝑧𝑃 = 𝑛𝑤  𝑧𝑎 (13) 

where 𝑛𝑤(–) the refractive index of water. 

Dietrich [2017] [107] introduces an iterative multi-camera approach. For each camera position, 

the horizontal distance and elevation difference relative to the target point are computed, allowing 

the incidence angle to be estimated. Snell’s law is then applied to derive the corresponding refraction 

angle and the corrected depth for each camera viewpoint. The final depth is obtained by averaging 

the corrected values, as expressed in Equation (14): 

 𝑧𝑃 = 𝑧𝑤𝑠 − 𝑧̄ (14) 

where 𝑧𝑤𝑠(m) is the water-surface elevation and 𝑧̄(m) is the mean corrected depth derived from all 

cameras observing the point. 

Partama [2017] [108] proposes an empirical linear-regression model that relates apparent depths 

to reference measurements acquired with independent sensors. The relationship is expressed as: 

 𝑧𝑃 = 𝑝 𝑧𝑎 + 𝛽 (15) 

where 𝑝(–) is an empirically derived correction factor and 𝛽(–) is an offset term, often set to zero. 

Agrafiotis et al. [2019] [1] introduced machine-learning-based correction methods. In their work, 

Support Vector Regression models are trained using bathymetric LiDAR data as ground truth. Once 

calibrated, the model is applied to photogrammetrically derived depths in areas lacking direct 

measurements, enabling spatially consistent correction even in heterogeneous environments. 

From an operational perspective, because the collinearity alone does not allow the 

reconstruction of underwater topography, depth retrieval requires homologous points identified in 
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stereoscopic imagery and accurate knowledge of both interior and exterior orientation parameters. 

Interior orientation is obtained through camera calibration, while exterior orientation is typically 

determined using Ground Control Points (GCPs) [100,109]. When GCPs lie on dry land, standard 

photogrammetric procedures can be applied. However, when GCPs fall within the water body, their 

apparent positions are affected by refraction and must be corrected accordingly [104,109]. 

Advances in digital photogrammetry have also led to the widespread adoption of automated 

computer-vision workflows such as Structure-from-Motion (SfM) [110] and Dense Image Matching 

[111,112]. These techniques integrate camera calibration, orientation, and dense point-cloud 

generation within a unified pipeline using large sets of overlapping images. Refraction correction can 

be applied either as a post-processing step or integrated directly into the workflow [1,107,113], 

enabling an operationally efficient reconstruction of submerged topography. 

Within this framework, optical bathymetry remains inherently constrained to shallow, optically 

clear waters. Radiometric approaches, including empirical multispectral methods and physics-based 

models, typically operate from the shoreline to a few tens of metres, with their effective depth range 

controlled by light penetration, water turbidity, and bottom reflectance. Photogrammetric 

techniques, which rely on geometric reconstruction rather than spectral response, exhibit similar 

depth limitations: although they can achieve high spatial detail in very clear waters, their 

performance rapidly degrades as water depth increases due to loss of image contrast and bottom 

visibility. Beyond these shallow ranges, increasing absorption and scattering severely restrict the 

applicability of all optical methods. 

4.2. LiDAR Bathymetry 

This subsection outlines active optical bathymetry, focusing on airborne LiDAR applications in 

shallow, relatively clear waters. It introduces laser–water interaction principles and key system 

characteristics, along with processing steps for extracting depth from return signals. It also 

summarizes factors affecting reliability and highlights the main conditions and limitations of LiDAR-

based bathymetry. 

4.2.1. Principles of LiDAR Bathymetry Processing 

LiDAR systems measure depth by estimating the time-of-flight of a laser pulse, either directly 

(timing the return) or indirectly (comparing waveform shapes). The distance between the sensor and 

the target is obtained by multiplying the ToF by the speed of light and dividing by two (two-way 

travel path) [114]. 

In bathymetric applications, the interaction of the laser pulse with the air–water interface 

induces refraction (Section 4.1.2), altering both the propagation direction and velocity. As a result, 

the total travel time of the bottom return is the sum of the propagation times in air and in water (16): 

 
𝑇𝑏 = 𝑇𝑠 + 𝑇𝑤 (16) 

where: 𝑇𝑏(s) is the total two-way travel time of the bottom return, 𝑇𝑠(s) is the two-way travel time of 

the surface return, and 𝑇𝑤(s) is the two-way travel time in water. 

Because seawater is significantly denser than air, the speed of light in water is lower; therefore, 

for the same path length, 𝑇𝑤 , is greater than 𝑇𝑠 . If refraction is not accounted for, depth is 

systematically overestimated, producing an apparent depth larger than the true one [115]. 

By incorporating refraction into the ranging equation, under calm sea conditions, depth can be 

expressed as [116] (17): 

 𝑧𝐿𝑖 =
1

2
 

𝑐

𝑛𝑤

 𝑇𝑤𝑐𝑜𝑠 𝜃𝑤 =
1

2
 

𝑐

𝑛𝑤

 (𝑇𝑏 − 𝑇𝑠)𝑐𝑜𝑠 𝜃𝑤 (17) 

where: 𝑧𝐿𝑖  (𝑚) is the bathymetric depth retrieved by LiDAR data, 𝑐(m/s) is the speed of light in air, 

and 𝜃𝑤(rad) is the refracted angle relative to the surface normal. 
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Two main categories of bathymetric LiDAR systems are commonly used [117]: Dual-frequency 

Bathymetric LiDAR and Single-photon Bathymetric LiDAR. 

Dual-frequency systems (Figure 8) emit a green or blue-green laser pulse (532 nm), used to 

measure the bottom return, 𝑇𝑏 ; and an infrared pulse (1064 nm), used to measure the surface return, 

𝑇𝑠 [117]. The sensor records the temporal evolution of the reflected optical intensity in two acquisition 

modes [118,119]: i) a discrete-return mode, in which only the times at which the received intensity 

exceeds a predefined threshold are stored; and a full-waveform mode, in which the complete 

temporal profile of the reflected signal is digitized. Each point of the waveform represents the 

cumulative contribution of reflections from the surface, water column, and seabed. 

 

Figure 8. Schematic representation of ToF ranging. 

The full-waveform (FWF) acquisition enables more effective discrimination between surface and 

bottom returns but is more sensitive to noise [120,121]. 

The FWF processing can be performed either in real time or during post-processing [122]. The 

procedure consists of decomposing the recorded optical signal to identify the individual returns 

associated with the water surface, water column, seafloor, and noise components (Figure 9). 

 

Figure 9. LiDAR waveform. Adapted from He et al., 2024 [78]. 

This decomposition enables a more accurate separation of overlapping echoes and improves the 

characterization of the bottom return, particularly in environments with strong turbidity or complex 

backscattering conditions. 

Waveform-processing algorithms can be broadly classified into three main categories: 

• the echo detection, which does not consider the radiometric properties of the targets but focuses 

solely on identifying echo positions through direct indicators such as an intensity threshold, the 

zero-crossing of the second derivative [123], or the Average Square Difference Function [124]; 

• the deconvolution, which aims to isolate the surface or bottom response by removing the 

transmitted-waveform component from the received signal. Representative methods include 

Wiener filter deconvolution [125] and Richardson–Lucy deconvolution [126]; 
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• the mathematical approximation, which fits analytical functions to the waveform to determine 

target locations. Gaussian decomposition is the most widely adopted approach, as 

approximately 98% of an echo signal can be represented by a combination of Gaussian curves 

[120]. Other functional forms, such as lognormal, Weibull [127], or quadrilateral functions [128], 

have also been explored to model the water-column response. 

Single-photon bathymetric LiDAR represents a recent technological advancement compared to 

conventional multifrequency bathymetric systems. It employs high-frequency laser micro-pulses and 

detectors that are two to three orders of magnitude more sensitive than those used in traditional 

systems [129]. The technology is characterized by low weight and cost, high operational flexibility, 

and excellent vertical accuracy [121], although it is more susceptible to noise [130]. 

Operationally, the system emits a single green or blue-green laser pulse, from which information 

on both the water surface and the seabed is derived. The air–water interface is indirectly modeled 

from reflections in the green channel, based on photon counts recorded by the sensor [121,129]. The 

sensor measures the arrival time of the i-th photon, enabling the construction of a discrete histogram 

of photon density as a function of ToF. Because the number of photons reflected from the water 

surface is typically much higher than background noise and seabed returns, the maximum occurrence 

frequency provides a robust estimate of the surface ToF 𝑇𝑠 [129]. To mitigate the presence of noise 

photons within the extracted surface layer, clustering and adaptive filtering techniques are 

commonly applied [129,131]. 

After isolating photons below the water surface, the most widely used method for estimating 

the seabed ToF 𝑇𝑏   is density-based denoising, which assumes that seabed returns form spatially 

coherent clusters relative to noise photons [132]. For instance, Ma et al. (2020) [133] apply an adaptive 

threshold based on the minimum number of neighboring points within a given distance to 

distinguish valid photons from noise. A comprehensive overview of interface-discrimination and 

depth-retrieval techniques is provided by Jung et al. (2025) [131]. 

4.3. Factors Influencing Measurement Reliability 

Bathymetric measurements derived from optical sensors are strongly influenced by the 

interaction between the instrument’s parameters and the environmental conditions at the time of 

acquisition. These directly affect data reliability and determine the suitability of each technique for 

specific applications. 

The range of depths that can be effectively surveyed depends on the intensity of the detected 

signal, which in turn is controlled by both sensor sensitivity and environmental characteristics. In 

LiDAR systems, the ability to discriminate the return signal is primarily governed by light 

attenuation within the water column, target-surface properties, acquisition geometry, sensor 

sensitivity, signal-to-noise ratio, and laserpulse duration, with short pulses enhancing the separation 

of closely spaced returns [134]. In passive optical systems, signal discrimination is mainly a function 

of water column light attenuation and illumination distribution [135]. 

In both acquisition modalities, the dominant physical process affecting measurement reliability 

is the wavelength-dependent attenuation of electromagnetic energy. The spectral bands with the 

greatest penetration capability are those in the blue and green regions (Sections 4.1 and 4.2). This 

behavior is controlled by the size, shape, and optical properties of optically active substances, 

including phytoplankton, non chlorophyllous particles, and colored dissolved organic matter 

(CDOM). 

Phytoplankton and non chlorophyllous particles influence both absorption and scattering 

processes. Phytoplankton consists of unicellular algae; as its concentration increases, spectral 

reflectance in the blue region decreases, approaching values typical of the green band. Non 

chlorophyllous particles may be of organic origin (microorganisms, bacteria, viruses) or inorganic 

origin (silicates and carbonates of biological or terrestrial provenance). Increasing concentrations of 

these particles shift the reflectance peak toward the yellow–orange region. CDOM, which originates 
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from the degradation of organic material such as phytoplankton, contributes exclusively to 

absorption processes within the water column. 

Radiation attenuation is also directly related to the concentration of optically active substances: 

higher concentrations increase water column turbidity and enhance the attenuation of 

electromagnetic energy [74]. 

Optically active substances attenuate the intensity of the signal detected by both active and 

passive optical sensors according to an exponential decay law (4), thereby determining the maximum 

depth that can be effectively surveyed [74]. 

Two main operational categories of LiDAR systems can be distinguished [70]: 

• Shallow water systems (<10 m), which employ lowerplower-powerpulses and higher 

measurement frequencies, resulting in finer spatial resolution; 

• Deepwater systems (10–50 m), which use higher power pulses and lower measurement 

frequencies, leading to coarser spatial resolution. 

The reported depth ranges should be regarded as indicative values applicable under clear-water 

conditions. 

At depths shallower than 2 m, it becomes particularly challenging to separate the signal reflected 

by the seabed from that originating at the water surface [136]. 

For passive optical systems based on photogrammetric techniques, bathymetry can be retrieved 

down to approximately 20 m in clear waters [137]. For passive radiometric approaches, the 

operational depth range typically extends to 25–30 m [138], although these values should be regarded 

as indicative, as the effective penetration depth is strongly influenced by the spatial and temporal 

variability of optically active substances. For instance, in high-energy coastal environments 

characterized by elevated suspended sediment concentrations, radiometric passive systems are 

generally limited to depths between 0 and 6 m [138], whereas LiDAR systems may reach depths of 

up to 10 m [139]. 

Duplančić Leder et al. (2023b) [140] report depth ranges identified by Earth Observation and 

Mapping for the radiometric approach across different oceanographic settings: Red Sea (20–30 m), 

Gulf region (5–15 m from north to south), Mediterranean Sea (20–30 m), Baltic Sea (2–15 m from north 

to south), Caribbean Sea (20–30 m), U.S. West Coast (5–15 m), and the Pacific region (20–30 m). 

The spatial resolution of optical systems is determined by acquisition geometry and sensor 

characteristics. In LiDAR systems, it is directly influenced by point cloud density [141], which 

depends on scanning frequency, platform speed, scanner field of view, and flight altitude. Increasing 

altitude allows larger areas to be covered but reduces point density and, consequently, spatial 

resolution [142]. In passive optical systems, spatial resolution corresponds to pixel size, which 

increases with sensor altitude, thereby reducing spatial detail [143]. 

The accuracy of bathymetric measurements derived from optical sensors is influenced by a 

combination of geometric, radiometric, and environmental factors, among which refraction is 

particularly critical. In passive photogrammetric systems, refraction at the water surface alters the 

propagation direction of the imaging rays, leading to depth underestimation (Section 4.1.2). In 

bathymetric LiDAR systems, refraction slows the speed of light in water and may result in depth 

overestimation (Section 4.2). Additional factors affecting accuracy in passive optical systems include 

sun glint, surface roughness, substrate reflectance properties [95], nonuniform illumination, and 

meteorological variability [135]. For radiometric techniques, the robustness of the model used to 

convert radiometric information into depth estimates plays a key role. In LiDAR systems, further 

sources of uncertainty include surface roughness [139], point cloud density [141], signal to noise ratio, 

and the correct separation of contributions from the surface, water column, seabed, and noise 

[120,121]. 

Typical vertical uncertainty for bathymetric LiDAR ranges between ±0.15 and ±0.30 m, while 

horizontal uncertainty generally falls between ±2.5 m and ±3.5 m [49]. For passive radiometric 

systems, vertical uncertainty is typically below 5% of the maximum depth, with values on the order 
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of ±0.5 to ±1.3 m [144]. Finally, for passive photogrammetric systems, mean vertical uncertainty is 

approximately ±2 m within the 5–20 m depth range [78]. 

5. Wave Spectrum Bathymetry 

This section outlines wave-spectrum methods for bathymetry retrieval based on wave 

propagation over varying seafloor topography. It highlights the link between wave properties and 

water depth, summarizes data processing (Section 5.1), and identifies key environmental factors 

affecting accuracy. These elements define the potential and limitations of this approach, especially in 

shallow, dynamic coastal areas. 

In this context, both coastal X-band radars have been employed for high-resolution monitoring 

[145], as well as C-band SAR sensors [146]. 

The Wave Spectrum Bathymetric (WSB) method provides an indirect approach to estimating 

bathymetry by analyzing wave spectrum. These spectra can be extracted from synthetic aperture 

radar (SAR) imagery, passive optical imagery, or even coastal video photogrammetry, allowing 

bathymetric information to be inferred from the pattern of surface waves [78]. 

The method is based on the analysis of wave propagation in shallow and intermediate waters, 

defined respectively by a bathymetric depth, z(m), to wavelength, L(m), ratio smaller than 1/20, and 

by 1/20 < z/L < 1/2 [147]. Under these conditions, wave propagation is modulated by water depth 

[148], which governs processes such as shoaling and refraction. Shoaling leads to wave steepening, 

characterized by increasing wave height and decreasing wavelength, whereas refraction induces a 

rotation of the wavefront as waves propagate over variable bathymetry [149,150]. 

From a mathematical perspective, the propagation of surface waves is described by the 

dispersion relation [151], Equation (18): 

 (2𝜋𝑓)2 = 𝑔𝑘𝑡𝑎𝑛ℎ (𝑘𝑧𝑊𝑆𝐵) (18) 

Where zWSB (m) is the bathymetric depth retrieved by WSB, f (1/s) is the wave frequency; g (m/s²) is 

gravitational acceleration; and k = 2𝜋/L (1/m) is the wavenumber. 

Wave spectrum analysis enables the extraction of the main wave characteristics from imagery 

by applying a two dimensional Discrete Fourier Transform [152]. This transformation converts the 

spatial (or temporal) intensity representation into the frequency domain [153], from which the 

dominant wavelength (19), L, and propagation direction (20),  (rad), can be quantified by the peak 

of maximum spectral intensity [27]: 

 𝐿 =
2𝜋

𝑘
=

2𝜋

√𝑘𝑥
2 + 𝑘𝑦

2
 (19) 

where kx and ky (1/m) are the wavenumbers in the x and y directions, respectively. 

 
𝜃𝑑𝑖𝑟 = 𝑎𝑟𝑐𝑡𝑎𝑛 (

𝑘𝑦

𝑘𝑥

) 
(20) 

where θdir (rad) is the dominant wave direction. 

5.1. Principles of Wave Spectrum Bathymetry Processing 

In passive optical remote sensing imagery, the observed signal is radiometric in nature, and pixel 

intensity represents radiance or reflectance in a specific spectral band. Wave patterns become visible 

through the Sun Glint effect, generated by the specular reflection of solar radiation on the slopes of 

surface waves [154], producing pixels with higher reflectance values. The reflection depends on the 

relative geometry between the sensor, the wave propagation direction, the solar azimuth, and the 

solar elevation angle [154]. Under fixed acquisition geometry, radiometric variations are correlated 

with the slope and elevation of the water surface [155]. The Near Infrared band is particularly 

effective for wave studies because radiation in this range is strongly absorbed by water, and the 
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observed radiometric signal contains information exclusively from the water surface layer, with 

minimal influence from water column optical properties [156]. 

In SAR imagery, pixel intensity represents the radar backscatter coefficient, which depends on 

the geometric and dielectric properties of the sea surface. Increased surface roughness, typically 

associated with rougher sea states, produces higher radar backscatter, appearing as brighter regions 

in SAR images. Consequently, SAR imagery displays alternating areas of high and low backscatter 

corresponding to wavefront positions [138]. Radar backscatter from the ocean surface is commonly 

described using a two scale scattering model combining the Kirchhoff model, applicable to largescale 

undulations and low incidence angles (≈ 0°–20°), and the Bragg model, dominant for small scale 

roughness and intermediate to high incidence angles (≈ 20°–70°) [157]. Since spaceborne SAR sensors 

typically operate within this latter range, Bragg scattering represents the primary contribution to the 

observed backscatter [157,158]. Applying the WSB method to SAR data also requires knowledge of 

environmental conditions, particularly wind fields and tidal currents, as wind speed and direction 

influence the generation and modulation of surface roughness, affecting radar backscatter. This 

contribution must be estimated and removed to isolate the modulation associated with wavefronts, 

also in frequent conditions characterized by the coexistence of long waves (swell) and wind-

generated waves. 

Operationally, the analysis begins with the wavenumber spectrum of the dominant wave in 

deep water, allowing the determination of the wavenumber k [27]. Since the dispersion equation in 

deep water is independent of depth (21), the wave frequency (thus the period) can be derived and 

assumed constant during propagation, as it depends on the forcing mechanism generating the wave 

[151]: 

 ( 2𝜋𝑓)2 = 𝑔𝑘  (21) 

Subsequently, the wavenumber spectrum of the dominant wave in shallow water is analyzed to 

estimate the new value of k. Given the frequency and the shallow water wavenumber, the general 

dispersion equation (18) can be inverted [159] to derive bathymetry (22): 

 
𝑧𝑊𝑆𝐵 =

1

𝑘
𝑎𝑟𝑐𝑡𝑎𝑛ℎ (

(2𝜋𝑓)2

𝑔𝑘
) 

(22) 

Alternatively, for video or imagery acquired with short temporal intervals, wave celerity can be 

estimated (23). Combined with the dominant wavenumber spectrum, this enables bathymetry 

retrieval in intermediate and shallow waters (24) [147]: 

 𝐶2 =
𝑔

𝑘
𝑡𝑎𝑛ℎ (𝑘𝑧𝑊𝑆𝐵) (23) 

where C (m/s) is wave celerity. 

 
𝑧𝑊𝑆𝐵 =

1

𝑘
𝑎𝑟𝑐𝑡𝑎𝑛ℎ (

𝐶2𝑘

𝑔
) 

(24) 

For waves with significant height greater than ≈1 m and under fixed sun–wave–sensor geometry, 

ideally, wave propagation does not involve net horizontal mass transport but only the propagation 

of the wave form. Consequently, Sun Glint reflections remain tied to instantaneous surface slopes 

and move with the wave [158]. This displacement can be observed in image sequences or video 

products. In multispectral satellite imagery (e.g., Sentinel-2, SPOT, Pleiades), different spectral bands 

are acquired at slightly different times, resulting in a known temporal offset between bands [147]. 

Similarly, a video can be interpreted as a dataset composed of multiple frames acquired over a 

specific time interval [155]. 

Thus, when imagery is acquired with a known temporal interval, wave celerity can be estimated 

using a space–time cross–correlation approach applied to pairs of images or consecutive video 

frames. The maximum of the cross correlation function identifies the most probable displacement of 

the wavefront, from which phase celerity can be derived, given the temporal delay between images 

[153,155,158]. 
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5.2. Factors Influencing Measurement Reliability 

The accuracy of bathymetric estimates obtained through WSB arises from the interplay between 

wave characteristics, environmental conditions, and sensor- and processing related parameters. 

Understanding these factors allows delineating the operational limits of the method and interpreting 

its performance across diverse coastal settings. 

A primary constraint on WSB accuracy is the wavelength of the observed waves, which governs 

the maximum depth at which dispersion effects are detectable: i) long waves enable the retrieval of 

deeper bathymetry, while ii) short waves restrict the method to shallow water. 

Shallow, intermediate, and deep water definitions are wavelength dependent (Section 5). The 

significant wave height is equally critical: in SAR systems, waves with 𝐻𝑠 < 1.4 m are typically not 

detectable [160], limiting the extraction of a correct wave spectrum. 

The seabed slope further modulates the depth range: steeper bathymetries enhance the 

sensitivity of the wavenumber–depth relationship, whereas gentle slopes reduce the observable 

variation in wavenumber. Consequently, the maximum retrievable depth is site specific, controlled 

by: i) the dominant wavelength; ii) the forcing factors that generated the wave field; and iii) the seabed 

morphology. 

Reported values typically reach 50–60 m [153] and may extend to 100–200 m in areas with 

pronounced seabed gradients [161]. 

Spatial resolution is governed by the acquisition geometry, particularly the sensor–surface 

distance, and by the size of the analysis windows used for the two dimensional Fourier transform. 

Larger windows improve the stability of the dominant wavenumber estimate but reduce spatial 

detail, requiring a balance between spectral robustness and cartographic resolution [147]. 

WSB accuracy is influenced by both theoretical assumptions and sensor specific limitations. The 

method relies on the assumption of linear wave propagation, a simplification that may introduce 

errors under nonlinear conditions, wave–current interactions, or complex sea states [151]. 

For optical imagery, accuracy depends on the visibility of wave patterns, which is strongly 

affected by the sun–wave–sensor geometry, thus, the occurrence of Sun Glint; and the atmospheric 

conditions such as cloud cover or haze. These factors, indeed, diminish the radiometric contrast of 

wave slopes, thus reducing the quality of the extracted spectrum [155,156]. 

In SAR imagery, accuracy is controlled by radar backscattering, including the wind induced 

surface roughness responsible for Bragg scattering. Variations in wind speed and the presence of tidal 

currents may obscure the wave signal, making the estimation and removal of the wind contribution 

a main source of uncertainty [27]. 

Concluding, the accuracy of WSB cannot be defined a priori, as it depends on sea state, sensor 

characteristics, and processing strategies. Indicative values are mean error: 18% ± 0.3–47%, with the 

highest accuracy reached at ≈12 m depth [27]. 

Within this framework, wave-spectrum bathymetry is inherently restricted to shallow, wave-

dominated coastal environments, where wave transformation is strongly controlled by seafloor 

morphology. These approaches are typically effective from the shoreline to depths of a few tens of 

metres, beyond which wave dispersion becomes increasingly insensitive to bottom topography, 

thereby limiting the applicability of wave-based inversion techniques. 

6. Radar‒Altimetric Bathymetry 

This section outlines radar-altimetric bathymetry, explaining how satellite measurements of 

sea-surface height relate to seafloor topography. It summarizes key principles, signal corrections 

(Section 6.1), and the use of geoid and gravity variations to infer large-scale structures, highlighting 

the method’s strengths and limitations. 

Radar altimeters operate by transmitting microwave pulses toward the ocean surface and 

measuring ToF between the satellite and the sea surface, as schematically illustrated in Figure 10. 
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(a) (b) 

Figure 10. Schematic representation of the operating principle of a satellite radar altimeter: a) the relationships 

between the satellite orbit, reference ellipsoid, geoid, mean sea level, and instantaneous sea surface; b) enlarged 

view detailing the geodetic and oceanographic variables used in the bathymetry extraction process, including 

satellite height, altimeter range, geoid undulation, sea level anomaly, mean dynamic topography, and depth 

parameters. Line colors indicate the different surfaces and quantities represented: yellow for topography, blue 

for the instantaneous sea level, red for the altimeter range measurement, cyan for the mean sea level, and violet 

for the geoid. 

By relating the ToF to the propagation speed of electromagnetic radiation through the 

atmosphere, the system retrieves the satellite to surface range ℎ (𝑚) [162]. 

The satellite’s orbital height 𝐻 (𝑚) , defined as the geocentric distance between the satellite and 

the Earth’s center, is determined through a combination of laser ranging, radio-tracking, and GNSS 

observations, achieving centimetric accuracy [162]. The difference between 𝐻 and ℎ  yields the 

instantaneous value of the sea surface geocentric height, ℎ𝑠  (𝑚), (25): 

 ℎ𝑠 = 𝐻 − ℎ = 𝑆𝐿𝐴 + 𝑀𝐷𝑇 + 𝑁 + 𝐸𝑟 (25) 

• the Sea Level Anomaly (SLA) (m) represents the deviation of the instantaneous sea surface from 

the mean sea level computed over a reference period. It captures dynamic variability associated 

with currents, thermal expansion, seasonal and interannual oscillations, and meteorological 

forcing; 

• the Mean Dynamic Topography (MDT) (m) is the long-term mean difference between the mean 

sea surface and the geoid, reflecting the stationary component of ocean circulation driven by 

wind stress, density gradients, and other geophysical forcings; 

• the geoid undulation, 𝑁 (𝑚), is the vertical separation between the geoid and the reference 

ellipsoid; when dynamic oceanographic signals such as the MDT and SLA are removed, this 

surface approximates the long-term mean sea level. 

• 𝐸𝑟 (𝑚) is the geocentric distance of the reference ellipsoid. 

The averaging of ℎ𝑠  over sufficiently long temporal windows allows the retrieval of the 

combined contribution of geoid undulations and mean dynamic topography with respect to the 

ellipsoid [163]. This relationship can be expressed as: 

 𝑆𝐿𝐴 = ℎ𝑠 − (𝑀𝐷𝑇 + 𝑁 + 𝐸𝑟) (26) 

that is, the fundamental equation of radar-altimetric bathymetry, which enables large-scale depth 

estimation through the inversion of sea-surface height anomalies modulated by seafloor topography. 

𝑁 is related to the distribution of Earth’s mass through Bruns’ formula (27) and the fundamental 

equation of physical geodesy (28) [164,165]: 
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 𝑁 =
𝑇

𝛾
 (27) 

where 𝑇(1/s2) is the gravitational potential, and 𝛾(m/s2) is the normal gravity. 

 
Δ𝑔 = −

∂𝑇

∂𝑟
−

2𝑇

𝑅
 (28) 

where Δ𝑔(m/s2) is the gravity anomaly, ∂𝑇/ ∂𝑟(m/s2) is the radial derivative of T, and 𝑅 (m) is Earth’s 

radius. 

Mass -excess regions relative to the ellipsoid, such as midocean ridges or seamounts, produce 

positive gravity anomalies that elevate the equipotential surface, whereas mass deficit regions, such 

as deep basins or abyssal plains, generate negative anomalies, resulting in a local depression of 

𝑁 [164]. 

These perturbations manifest as changes in the direction of the gravity vector, known as the 

deflection of the vertical, which corresponds to the slope of the sea surface. This quantity is typically 

expressed in microradians, with a deflection of 1 µrad corresponds to approximately 1 mm of sea 

surface height variation per kilometer in plane distance [166]. 

6.1. Principles of Radar-Altimetric Bathymetry Processing 

To infer seafloor topography from gravity anomalies, two main classes of inverse approaches 

are commonly adopted: the frequency domain and spatial domain approaches [167,168]. Among 

these, two methodologies are particularly widespread in the literature: the Smith & Sandwell (S&S) 

frequency domain method and the gravimetric–geological method (GGM), which operates in the 

spatial domain. 

In the S&S method [167,169], gravity anomalies are transformed into the frequency domain 

using the Fourier transform. For wavelengths between 15 and 200 km, gravity anomalies are linearly 

related to bathymetry [170] according to Parker’s formulation [171] ( 29). 

 𝐺(𝑘) = 𝑍(𝑘)𝐻𝑓(𝑘) = 2𝜋𝐺𝑢Δ𝜌 𝑒−2𝜋𝑘𝑧𝑅𝐴
𝐻𝑓(𝑘) (29) 

Where zRA (m) is the bathymetric depth retrieved by a Radar Altimetric, 𝐺(𝑘)  (-) is the Fourier 

transform of the gravity anomaly Δ𝑔 , 𝐻𝑓(𝑘)  (-) is the Fourier transform of seafloor topography, 

𝑍(𝑘)(-) is the isotropic admittance function, 𝐺𝑢(m³/(kg·s²)) is the gravitational constant, Δ𝜌(kg/m³) is 

the density contrast between rock and seawater. 

At longer wavelengths, the gravity–topography relationship becomes nonunique due to 

lithospheric thickness, whereas at shorter wavelengths the gravity signal is attenuated and noise 

dominated, limiting bathymetric recovery [166]. 

The GGM method [26,165,167] separates observed gravity anomalies into short and long 

wavelength components. Short wavelengths reflect local variations in basement topography, whereas 

long wavelengths represent deeper mass distributions with gradual spatial variability. The short 

wavelength component, directly linked to bathymetry, is described by the Bouguer slab 

approximation [172] (30): 

 Δ𝑔 = 2𝜋𝐺𝑢Δ𝜌 𝑧𝑅𝐴 (30) 

Recent developments have introduced machine learning based models to enhance bathymetric 

prediction. For example, Kim et al. (2024) [173] propose an approach aimed at improving the accuracy 

of GGM derived bathymetry. 

6.2. Factors Influencing Measurement Reliability 

The accuracy of radar altimetry-derived bathymetry depends on the interaction between 

instrumental characteristics, orbital configuration, data processing strategies, and environmental 

conditions. Understanding these factors is essential for assessing data quality and identifying suitable 

application domains. 
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A first consideration concerns the depth range that can be reliably inferred, which depends on 

the relationship between seafloor topography and marine gravity anomalies at wavelengths between 

15 and 200 km [170]. Within this spectral band, satellite altimetry provides a fundamental 

contribution to global seafloor mapping, enabling the reconstruction of major large-scale 

morphological structures. 

Spatial resolution is primarily controlled by the density and distribution of satellite ground 

tracks. Along track resolution depends on the spacing between consecutive measurements, whereas 

cross track resolution is strongly influenced by orbital geometry [174]. Typical horizontal resolutions 

range from 6 to 9 km [175], although values between approximately 1 and 12 km may be achieved 

under suitable conditions [170]. 

Accuracy is influenced by multiple factors spanning acquisition and processing stages. These 

include the instrumental accuracy in measuring the satellite–sea surface range [49], the quality of 

oceanographic models used to estimate and remove dynamic sea surface signals (e.g., tides, 

geostrophic currents, waves, seasonal variability) [162], and the performance of gravity field 

modelling and inversion procedures [49]. 

Geophysical properties of the subsurface, such as sediment thickness, rock density, and local 

geological complexity; also affect the gravity–topography relationship. The technique performs best 

in deep ocean settings, where sediment cover is thin, and seafloor morphology is relatively smooth, 

such as abyssal plains and continental margins [170]. Typical accuracy values range from 125 to 250 

m [176], while under optimal conditions, accuracies on the order of 70 m may be achieved [166]. 

Within this framework, radar-altimetric bathymetry is inherently suited to the deepest portions 

of the global ocean, where long-wavelength sea-surface anomalies generated by seafloor topography 

can be detected and inverted. While its coarse spatial resolution prevents meaningful use in shallow 

or coastal waters, radar altimetry remains uniquely capable of providing large-scale bathymetric 

information over abyssal depths of several thousand metres, where no other remote sensing 

technique is operationally feasible. 

7. Emerging and Unconventional Techniques 

This section outlines non-conventional and complementary bathymetric techniques that can 

extend traditional methods in challenging environments. It introduces alternative approaches based 

on different physical principles, including optical triangulation, thermal sensing, and 

water-penetrating radar, and summarizes their processing requirements and typical performance 

(Sections 7.1–7.3). Together, these methods highlight opportunities to improve bathymetric coverage 

in complex, shallow, or data-poor settings, while remaining limited to specific environmental 

conditions and not suited for large-scale mapping. 

7.1. Principles of Optical Triangulation Derived Bathymetry 

Laser light-sheet triangulation operates by projecting a planar or linear laser beam, typically in 

the green or blue spectral region, onto the target surface [114]. The light reflected or scattered by the 

illuminated area is recorded by a camera (Figure 11) positioned at a known baseline distance, 𝑏 , and 

viewing angle, 𝛼, relative to the laser source. Given the fixed geometry between the projector and 

the camera, the three-dimensional coordinates of the illuminated points can be reconstructed through 

trigonometric relationships. These coordinates must be corrected for refraction effects, which arise as 

electromagnetic radiation propagates across media with different refractive indices [115]. 

Underwater operation is also possible. In this case, the imaging unit is enclosed within pressure 

resistant housing, while the laser and camera are mounted obliquely relative to the optical window. 

This configuration ensures that the projected and observed rays intersect at an angle close to 

orthogonality, thereby maximizing depth sensitivity and minimizing geometric distortions [177]. 

Owing to their ability to resolve sub-millimetric variations over very short depth ranges 

(typically <0.5 m), these systems are mainly used in marine biology, plankton studies, and 

underwater holographic imaging [178]. By accepting a gradual reduction in accuracy, the operational 
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depth range can be extended to approximately 2.5 m, still outperforming ToF systems, and up to 20 

m when using very long baselines (1.24 m), although with reduced precision. These sensors can also 

be mounted on Remotely Operated Vehicle (ROV) platforms and deployed to depths of up to 4000 

m; however, the sensor to target distance remains inherently limited [114]. 

 

Figure 11. Schematic representation of optical triangulation. 

7.2. Principles of Thermal Derived Bathymetry 

In lacustrine environments characterized by limited hydrodynamics and depths ranging from 

10 to 70 m, it has been demonstrated that bathymetry exerts a significant control on the lake’s surface 

thermal response [157,179,180]. This relationship forms the basis for using surface temperature 

measurements to estimate an effective depth, defined as the depth at which a lake thermodynamic 

model (e.g., FLake) accurately reproduces the observed evolution of surface temperature [181,182]. 

The physical principle relies on the inversion of equation (31), relating the variations in surface 

temperature (K/s) to bathymetry through the surface energy balance [181]: 

 𝛥𝑇 =
𝑄net

𝜌𝑤  𝐶𝑝  𝑧𝑇
 (31) 

Where zT (m) is the bathymetric depth retrieved by thermal data, 𝑄net(W/m²) is the net surface heat 

flux, 𝜌𝑤(kg/m³) is water density, and 𝐶𝑝(J/(kg·K)) is the specific heat capacity. 

The effective depth is estimated as the value of 𝑧  that minimizes the difference between 

observed and model simulated surface temperature, thereby ensuring the best representation of the 

lake’s thermal dynamics. A depth of approximately 25 m has been shown to minimize the overall 

mean error between simulated and observed temperatures [181]. 

More recent applications have extended the use of thermal data to coastal environments by 

combining temperature information with spectral reflectance through blackbox machine learning 

approaches, such as neural networks [183,184]. Although these studies show promising correlations 

between surface temperature and bathymetry, such approaches currently remain complementary to 

established techniques, indicating an exploratory research direction that requires further 

methodological development. 

7.3. Principles of Water-Penetrating Radar Bathymetry 

WPR enables the extraction of bathymetric information from radargram analysis, which records 

the intensity and two-way travel time of microwaves reflected from the water surface and the 

lakebed. Bathymetry is computed as the difference between the WPR–water surface distance and the 

WPR–lakebed distance, both derived from travel time measurements and corrected for the 

propagation velocity of electromagnetic waves, which depends on the electromagnetic properties of 

the media traversed [185,186]. 

The effectiveness of WPR is strongly influenced by electrical conductivity and dielectric 

permittivity. Low conductivity and low dielectric permittivity, such as those found in ice; allow 
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deeper penetration. In freshwater bodies, higher electrical conductivity and the high relative 

dielectric permittivity of water make bathymetric extraction more challenging. Nevertheless, recent 

operational applications have successfully employed WPR in shallow lakes (≈2.5 m depth) with 

conductivities on the order of 200–340 µS/cm, using frequencies typically between 40 and 120 MHz 

[186]. Due to the strong attenuation of electromagnetic signals, the use of WPR is severely limited in 

marine and coastal environments; consequently, it remains a niche technique, applicable primarily 

in shallow freshwater settings [78]. 

8. Discussion 

This section compares the reviewed bathymetric techniques, outlining their strengths, 

limitations, and applicability across different environments. It evaluates acoustic, optical, LiDAR, 

radar-altimetric, wave-spectrum, and complementary methods in terms of depth range, operational 

conditions, and data quality, providing guidance for selecting the most appropriate approach based 

on survey needs and constraints. 

The comparison among the different bathymetric acquisition techniques highlights their 

respective strengths and limitations, providing essential guidance for selecting the most appropriate 

methodology. This choice is inherently non-unique and depends strongly on the characteristics of the 

operational environment as well as on the specific objectives of the survey. 

To facilitate this comparison, Table 7 summarizes, for each acquisition technique, the main 

characteristics of the resulting bathymetric data together with the associated physical and operational 

factors, whose detailed descriptions have been presented in the preceding sections. 
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Table 7. Summary of the main characteristics, physical drivers, and operational factors associated with each bathymetric acquisition technique. 

Technique 
Primary Data Source 

/ Physical Principle 
Spatial Resolution Vertical Accuracy 

Environmental 

Constraints 

Operational 

Constraints 
Strengths Limitations 

SBES 
Acoustic ToF along a 

single beam 

Low–medium 

(point-based) 
High (cm–dm) 

Sensitive to sound 

speed variability, 

turbidity, and 

stratification 

Slow coverage; requires 

a vessel; GNSS/INS 

integration 

Cost-effective; 

simple 

operation; 

reliable depth 

Sparse sampling; long survey 

times; limited in complex 

morphology 

MBES 

Acoustic ToF with 

fan-shaped beam 

array 

High (decimetric–

metric) 

Very high (cm–

dm) 

Affected by sound 

speed profile, sea 

state, and turbidity 

High cost; requires 

expertise; large data 

volumes 

Full coverage 

mapping; high 

detail; robust 

accuracy 

Expensive; complex 

processing; limited in very 

shallow water 

PDBS 

Phase difference 

measurement across 

the hydrophone 

array 

Medium–high Medium 

Sensitive to noise, 

nadir gap, seabed 

roughness 

Moderate cost; high 

computational load 

Wide swath in 

shallow water; 

efficient 

coverage 

Lower point accuracy; blind 

zone at nadir 

Radiometric Derived 

Bathymetry 

Light attenuation & 

spectral response 

Medium–high (1–30 

m) 
Medium (dm–m) 

Requires clear 

water; limited 

depth (≤20–30 m) 

Requires atmospheric 

correction; sun glint 

mitigation 

Wide coverage; 

low cost; 

frequent 

revisits 

Strongly water dependent; 

lower accuracy than acoustic 

Photogrammetry 

Derived Bathymetry 

Multi-view geometry 

+ Snell correction 
High (cm–dm) 

High in clear 

water 

Requires high water 

clarity; calm surface 

Drone/aircraft 

deployment; GCPs 

needed 

Very high 

resolution; 

ideal for 

shallow, clear 

waters 

Refraction correction critical; 

limited depth 

LiDAR Bathymetry 
Green laser ToF + 

waveform analysis 
High (0.5–5 m) High (dm) 

Requires clear 

water; depth limit 

~50 m 

High cost; aircraft 

required 

Rapid 

coverage; high 

accuracy; 

seamless topo 

bathy 

Limited by turbidity; 

expensive 

Radar Altimetry 

Bathymetry 

Radar ToF + gravity 

topography 

inversion 

Very coarse (100 m–

several km) 
Low (meters) 

Works globally; 

insensitive to 

turbidity 

Satellite-based; requires 

geophysical inversion 

Global 

coverage; 

essential 

offshore 

Not suitable for 

coastal/shallow waters; 

coarse resolution 
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Wave Spectrum 

Bathymetry 

Wave dispersion & 

celerity inversion 
Medium (10–100 m) Medium (m) 

Requires visible 

wave patterns; 

limited in calm or 

stormy seas 

Requires 

SAR/optical/video data; 

complex inversion 

Useful in 

intermediate 

depths; large 

area mapping 

Sensitive to wave conditions; 

indirect method 

Thermal-Based 

Bathymetry 

Surface 

temperature–depth 

coupling via energy 

balance 

Low–medium Low–medium 

Requires thermally 

stratified lakes; 

limited 

hydrodynamics 

Requires thermal time 

series; model 

calibration 

Useful in lakes; 

complementary 

information 

Not generalizable; 

exploratory technique 

Water Penetrating 

Radar Bathymetry  

EM wave reflection 

from the water 

surface and bed 

Very high (cm–dm) High (dm) 

Requires low 

conductivity; 

effective only in 

freshwater 

Operates in very 

shallow waters with 

low salinity and low 

electrical conductivity; 

performance degrades 

rapidly in turbid, 

conductive, or wave-

disturbed conditions. 

Enables non-

contact depth 

estimation in 

extremely 

shallow zones 

Strongly limited by water 

conductivity, surface 

roughness, and bottom 

reflectivity; applicable only 

over restricted depth ranges 

and provides lower accuracy 

than acoustic or optical 

methods 

Optical 

Triangulation Derive 

Bathymetry 

 

Multi-view optical 

imagery; depth 

inferred from 

geometric 

triangulation and 

image 

correspondences 

Multi-view optical 

imagery; depth 

inferred from 

geometric 

triangulation and 

image 

correspondences 

Moderate; 

strongly 

dependent on 

image matching 

quality and 

availability of 

reference scales 

 

Requires clear, 

shallow waters; 

sensitive to 

turbidity, surface 

reflections, and 

illumination 

variability 

Requires stable imaging 

geometry, accurate 

camera calibration, and 

ground control points; 

limited scalability over 

large areas 

Low-cost data 

acquisition; 

suitable for 

very shallow or 

complex 

nearshore 

environments; 

effective where 

radiometric 

methods fail 

Limited depth range (<10–20 

m); performance highly 

dependent on environmental 

conditions; labor-intensive 

georeferencing; not suitable 

for large-scale mapping 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 June 2026 doi:10.20944/preprints202606.0385.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202606.0385.v1
http://creativecommons.org/licenses/by/4.0/


 32 of 48 

 

A comparative analysis (Table 7) highlights that each bathymetric technique entails a specific 

trade-off between accuracy, spatial resolution, maximum investigable depth, and the environmental 

or operational factors that influence measurement reliability. 

Satellite radar altimeters enable global coverage of the ocean floor but are limited in spatial 

resolution and vertical accuracy [115]. Consequently, satellite altimetry is not suitable for applications 

requiring high precision, such as those related to navigation safety [187]. Altimetric data are more 

appropriate for regional to global scale analyses. A notable example is their use in generating baseline 

bathymetric grids subsequently refined with higher accuracy datasets, as in the GEBCO_2014 global 

bathymetric model [188]. 

Acoustic bathymetric techniques currently represent the most established approach for seafloor 

mapping, owing to their high accuracy and operational robustness, and they constitute the reference 

standard for numerous applications [189]. These systems provide reliable measurements across a 

wide depth range and are applicable in both shallow and deep waters, including highly turbid 

environments where optical techniques are severely constrained [190]. However, the use of acoustic 

systems also presents several challenges, motivating the development and adoption of alternative or 

complementary techniques [138]. Acoustic measurements are sensitive to variations in the physical 

properties of the medium, such as temperature and salinity, as well as to sea state conditions and 

platform dynamics [95]. From an operational and economic perspective, acoustic surveys require 

high-cost instrumentation, vessel deployment, specialized personnel, and long acquisition times. 

Even when using unmanned platforms such as ROVs or autonomous systems, a support vessel is 

typically required, further increasing operational costs [35]. In shallow waters (<50 m), the reduced 

swath width of acoustic systems significantly increases acquisition time and labor requirements, 

affecting overall efficiency [138]. Additionally, growing environmental concerns regarding the use of 

sound in marine ecosystems, given that many fish species and marine mammals rely on acoustic cues 

for navigation and communication, have raised issues related to the potential ecological impact of 

sonar, making authorization procedures more complex in some countries (“Habitat Directive – 

Environment – European Commission,” 2026) [191]. 

Active optical techniques represent one of the most established methods for mapping shallow 

waters, offering good accuracy, wide spatial coverage, and high operational efficiency. These 

techniques are particularly suitable for surveying coastal areas that are difficult to access using 

traditional methods, such as rugged coastlines, complex rocky environments, or coral reefs, while 

also ensuring seamless coverage across the land–sea interface [70]. As active systems, they can 

operate independently of solar illumination, providing high operational flexibility. However, the 

limited penetration of electromagnetic radiation in water restricts their applicability to clear and 

shallow water environments. In highly turbid waters or at greater depths, measurement accuracy 

decreases markedly. Moreover, compared with multibeam sonar, bathymetric LiDAR generally 

provides lower spatial resolution. Finally, the high operational costs associated with airborne 

platforms and specialized instrumentation may limit large-scale deployment [192]. 

Passive optical techniques based on radiometric approaches are particularly effective in shallow, 

clear-water coastal environments. However, bathymetric accuracy degrades rapidly with increasing 

depth, primarily due to the attenuation of electromagnetic radiation within the water column, as 

discussed in Section 4.3 [135]. These methods also perform poorly in turbid waters and in the 

presence of submerged vegetation, which significantly alters the spectral response of the seabed [78]. 

Overall, the achievable accuracy is lower than that of active techniques such as bathymetric LiDAR 

and multibeam sonar [187]. Nevertheless, their low operational cost supports their use in a variety of 

applications. 

An alternative passive approach is optical photogrammetry, which is particularly suitable for 

very shallow waters (<20 m), where radiometric methods often become ineffective due to 

environmental heterogeneity, uncertain atmospheric corrections, or the absence of in situ depth 

measurements [71,75]. Additional advantages include relatively low costs [135]. However, metric 

reconstruction of bathymetry using photogrammetry requires known reference scales (e.g., a 
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reference length), obtained through stereo system calibration or through seabed control points 

acquired using traditional surveying techniques or sonar systems [193]. Georeferencing and 

validation procedures are often time and resource demanding and are difficult to scale over large 

areas, limiting the applicability of this technique primarily to spatially restricted environments [194]. 

Wave spectrum based bathymetric techniques represent an alternative approach for 

reconstructing coastal bathymetry. These methods are particularly advantageous in contexts where 

optical techniques face significant limitations. Unlike optical bathymetry, WSB methods do not 

depend on water clarity or seabed reflectance, making them suitable for turbid environments or areas 

with variable optical properties [27]. A further advantage is the ability to acquire data using SAR 

sensors under cloud cover, at night, and in most weather conditions, except during intense 

precipitation, unlike optical sensors, which are strongly affected by cloud cover and solar 

illumination [195]. WSB methods are also effective in detecting largescale geomorphological features 

and in highly dynamic environments, such as sandbanks and shoals, where bathymetry undergoes 

frequent and rapid changes [187]. However, their applicability and accuracy are strongly influenced 

by sea-state conditions, particularly wind direction and intensity, as well as by acquisition geometry 

[157]. Under low significant wave heights, wavefield visibility may be limited, compromising 

bathymetric estimation reliability [160]. Furthermore, WSB derived products generally exhibit lower 

spatial resolution and accuracy than those obtained with acoustic and optical techniques, limiting 

their use in high-precision operational applications such as navigation risk assessment [187]. 

In addition to the main methodological families, emerging and unconventional techniques offer 

complementary solutions in environments where traditional acoustic, optical, or altimetric 

approaches face significant limitations. Optical-triangulation-derived bathymetry provides a 

geometric alternative for very shallow waters or complex nearshore settings, although its 

applicability is constrained by illumination conditions and the need for well-defined image 

correspondences. Thermal-derived bathymetry exploits temperature-related surface patterns to infer 

depth indirectly, making it suitable for specific hydrodynamic contexts but inherently limited by the 

transient nature of thermal contrasts. Water-penetrating radar techniques represent a promising 

frontier for mapping extremely shallow or turbid waters, although their performance remains 

strongly dependent on substrate properties and electromagnetic penetration capabilities. While these 

methods generally offer lower accuracy than established acoustic or active optical systems, they 

expand the range of feasible survey conditions and can provide valuable supplementary information 

in data-poor or operationally challenging environments. 

A comparison of the depth domains accessible to the different bathymetric methodologies 

(Figure 12) highlights how the operational ranges of each technique are intrinsically constrained by 

the physical principles on which they are based. The logarithmic depth scale accentuates the 

pronounced variability in applicability, revealing a clear transition from shallow-water approaches, 

such as optical, radiometric, thermal, and LiDAR methods, to deeper-water solutions, including 

acoustic systems, wave-spectrum inversion, and radar-altimetric bathymetry. These ranges should 

be regarded as indicative rather than absolute, since the effective penetration depth is influenced by 

multiple factors, including the specific implementation of processing algorithms within each 

methodological category. Overall, the depth-dependent variability observed reinforces the need for 

a context-driven selection of bathymetric techniques and supports the broader conclusion that no 

single method can adequately address the full spectrum of marine environments. 
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Figure 12. Operational depth ranges of common bathymetric techniques, displayed on a logarithmic depth scale. The 

shoreline depth (0 m) is not represented due to the logarithmic axis; consequently, the 1 m depth is shown with a dashed 

line. The reported ranges are indicative rather than strict, as they depend on several factors, including local water properties 

and the specific implementation of the algorithms within each methodological category. 

Selecting the most appropriate bathymetric technique, therefore, requires a careful balance 

between accuracy, spatial resolution, cost, and operational conditions. In this context, integrated and 

multi-sensor approaches are becoming increasingly established. Their primary objective is to fuse 

observations from heterogeneous sources to enhance the accuracy, completeness, and spatial 

continuity of the final bathymetric model, as well as to improve operational robustness [36,64]. 

However, during data processing, it is essential to compensate for typical multi-source discrepancies, 

such as temporal acquisition differences, spatial misalignments, and heterogeneous coverage. 

A notable example of an integrated approach is the combination of satellite optical imagery with 

echo-sounder measurements. In this context, in situ data are used to calibrate satellite-based 

depth-retrieval algorithms, enabling the wide spatial coverage of satellite imagery to be combined 

with the high reliability of acoustic point measurements [94]. Another example is the integration of 

bathymetric LiDAR with multibeam echo sounders, which improves overall survey accuracy and 

ensures continuous coverage from shallow to deeper waters [196]. Finally, at broader spatial scales, 

the integration of satellite altimetry with multibeam bathymetry has proven particularly effective in 

improving depth estimation in poorly surveyed areas, contributing to a more coherent and reliable 

representation of seafloor morphology [26,188]. 

9. Conclusions 

The present review has examined the main sensors and techniques used for bathymetric data 

acquisition and extraction, the underlying physical principles, and the processing workflows that 

influence achievable depth ranges, spatial resolution, and accuracy. The primary objective was to 

provide a comparative framework to support the selection of the most appropriate technique based 

on objective criteria such as sensor specifications, environmental characteristics, accuracy 

requirements, spatial resolution, and intended application, ultimately contributing to overcoming 

current knowledge gaps. 

This review has examined the main bathymetric acquisition techniques based on acoustic, 

optical, and radar sensing, highlighting their respective principles, capabilities, and limitations. 
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Satellite radar altimetry enables global seafloor coverage through the relationship between sea 

surface height and gravity-driven seafloor features, although with relatively low spatial resolution 

and vertical accuracy. 

Acoustic methods, based on sound wave travel time and supported by ancillary data and 

processing steps, remain the most accurate and robust solution for seafloor mapping, despite high 

operational costs, particularly in shallow environments. 

Optical techniques provide effective alternatives in shallow waters. Active systems such as 

bathymetric LiDAR offer a balance between accuracy, coverage, and efficiency, while passive 

radiometric and photogrammetric approaches represent cost-effective solutions, though generally 

with lower accuracy and greater sensitivity to environmental conditions. 

Wave Spectrum Bathymetry emerges as a complementary approach, enabling depth estimation 

from surface wave characteristics and offering advantages in turbid waters, albeit with lower 

resolution and accuracy compared to acoustic and optical methods. 

Finally, non-conventional techniques, including thermal and ground-penetrating radar 

approaches, may support bathymetric retrieval in specific environments but remain limited in scope 

and not suitable for large-scale applications. 

Overall, the analysis highlights that no single technique is universally optimal, and that the 

selection of the most appropriate method depends on depth range, environmental conditions, 

operational constraints, and required data quality. 

An outcome of this review is that each technique exhibits a characteristic depth range of 

applicability: acoustic systems remain the only solution capable of providing reliable measurements 

from very shallow waters to abyssal depths, with multibeam sonars ensuring high-resolution 

mapping across the full depth spectrum; passive and active optical methods are restricted to shallow, 

optically clear environments, typically from the shoreline to a few tens of metres, where water clarity 

allows sufficient light penetration; airborne or satellite LiDAR bathymetry extends this range further, 

but remains fundamentally limited by water turbidity and attenuation; radar-altimetric approaches 

operate at the opposite end of the spectrum, enabling coarse-resolution bathymetric inference over 

deep-ocean basins where no other remote technique is feasible; and wave-spectrum methods apply 

only in shallow, wave-dominated coastal zones, where wave transformation is strongly controlled 

by seafloor morphology. 

Despite the wide range of techniques analyzed, this review highlights several limitations in both 

the literature and available data. Accuracy metrics are often inconsistent, reported in different ways, 

and difficult to compare due to variations in data acquisition, environmental conditions, spatial 

scales, and processing methods. This variability makes it challenging to evaluate accuracy objectively, 

applicability range, and to establish standardized benchmarks for comparing bathymetric 

approaches. 

Overall, this review highlights that the most effective bathymetric solutions do not rely on a 

single technology, but rather on integrated multisensor approaches capable of overcoming the 

limitations of individual techniques and improving the accuracy, completeness, and spatial 

continuity of the resulting bathymetric models. 

Future developments are expected to increasingly focus on the integration of multi-source data, 

supported by emerging technologies such as unmanned surface vehicles, miniaturized sensors, and 

advances in satellite LiDAR bathymetry, which together have the potential to further enhance the 

efficiency and scalability of bathymetric reconstruction. 

These approaches have the potential to reduce operational costs, increase acquisition flexibility, 

and improve spatial coverage, thereby contributing to closing the current knowledge gap and making 

bathymetric mapping more efficient and accessible. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

Acronym Expansion 

ALB Airborne LiDAR Bathymetry  

ANNs Artificial Neural Networks  

CDOM colored dissolved organic matter  

DCDB Data Centre for Digital Bathymetry  

FWF full-waveform  

GCPs Ground Control Points  

GEBCO General Bathymetric Chart of the Oceans 

GGM gravimetric–geological method 

GNSS Global Navigation Satellite System 

IHO International Hydrographic Organization   

IMU inertial measurement unit 

MBES multibeam echo sounders 

PC1 first principal component  

PCA Principal Component Analysis 

PDBS Phase-Differencing Bathymetric Sonar 

ROV Remotely Operated Vehicle 

S&S Smith & Sandwell  method 

SAR synthetic aperture radar  

SBES single-beam echo sounders 

SfM Structure-from-Motion  

SOM Self-Organizing Maps  

SSS Side-scan sonar  

TOA Time of Arrival 

ToF time-of-flight  

WPR Water-Penetrating Radar  

WSB Wave Spectrum Bathymetric  

 

Symbol Variable Units 

C wave celerity (m/s) 

Cp specific heat capacity (J/(kg·K) 

c speed of light in air (m/s) 

𝑑  draft (m)  

Er geocentric distance of the reference ellipsoid (m) 

f wave frequency (1/s) 

G(k)  Fourier transform of the gravity anomaly Δg (-) 

Gu gravitational constant (m3/(kg·s2)) 

g gravitational acceleration (m/s2) 

H satellite’s orbital height  (m) 

Hf(k) Fourier transform of seafloor topography (-) 

h satellite-to-surface range  (m) 

h0 empirical coefficient (m) 
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hi empirical coefficient (m) 

hs instantaneous value of the sea surface geocentric height (m) 

k wavenumber (1/m) 

kd(λ) diffuse attenuation coefficient (1/m) 

kx wavenumber in the x direction (1/m) 

ky wavenumber in the y direction (1/m) 

L wavelength (m) 

l empirical constant (-) 

MDT Mean Dynamic Topography  (m) 

m0 offset corresponding to z = 0 m (m) 

m1 scaling constant (-) 

mkd quadratic attenuation coefficient (1/m2) 

N geoid undulation  (m)  

n refractive index (-) 

nw refractive index of water (-) 

p empirically derived correction factor  (-) 

pFMVi probability associated with the point, obtained by Fuzzy Majority Voting (-) 

Qnet net surface heat flux (W/m2) 

qkd linear attenuation coefficient (1/m) 

R Earth’s radius (m)  

<R0-(λ)> reflectance just below the surface, averaged over the spectrum and time (-) 

R0-(λ) reflectance just-below-surface (-) 

R∞(λ) infinitely deep-water reflectance  (-) 

Rb reflectances in the blue band (-) 

RB(λ) bottom reflectance (-) 

RC(λ) water-column reflectance (-) 

Rg reflectances in the green band (-) 

Ri reflectance in band i, corrected for atmospheric effects and sun-glint (-) 

RP(λ) atmospheric direct and diffuse reflectance (-) 

RS(λ) surface-reflected component (-) 

RT(λ) total reflectance recorded by the sensor (-) 

SLA Sea Level Anomaly  (m) 

T gravitational potential  (1/s2) 

Tb total two-way travel time of the bottom return (s) 

Ts two-way travel time of the surface return (s) 

Tw two-way travel time in water (s) 

𝑡 way travel time (s) 

𝑣 sound speed (m/s) 

Z(k) isotropic admittance function (-) 

z water depth (m) 

𝑧̅ mean depth  (m) 

za apparent depth  (m) 

zEES bathymetric depth retrieved by an echo sounder system (m) 

zi depth of training points (m) 

zLi bathymetric depth retrieved by LiDAR data (m) 

zP bathymetric depth retrieved by photogrammetric data (m) 

zPDBS bathymetric depth retrieved by a PDBS (m) 

zR bathymetric depth retrieved by radiometric data (m) 

zRA bathymetric depth retrieved by a Radar Altimetric (m) 

zRANNs estimated depth  (m) 

zT bathymetric depth retrieved by thermal data (m) 

zWBS bathymetric depth retrieved by WSB (m) 

zws water-surface elevation (m) 

ϐ offset term (-) 

γ normal gravity (m/s2) 

Δg the gravity anomaly (m/s2) 

ΔT variations in surface temperature  (K/s) 

Δρ density contrast between rock and seawater (kg/m3) 

∂T/∂r radial derivative of T (m/s2) 
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θ angle of arrival of the reflected signal (rad) 

θa1 incidence angles between the incoming rays and the surface normal in air at left (rad) 

θa2 incidence angles between the incoming rays and the surface normal in air at right (rad) 

θdir dominant wave direction (rad) 

θw refraction angles in water (rad) 

θw1 refraction angles in water at left (rad) 

θw2 refraction angles in water at right (rad) 

ρw water density (kg/m3) 
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