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A B S T R A C T

Global information about ocean wind waves is crucial for understanding their role in the climate system, vali
dating model outputs, and assessing risks for shipping and marine structures. Recent advances in marine radar 
technologies have enabled accurate, high-resolution measurements of surface wind waves and their spectral 
characteristics. Making these measurements available in real-time opens a wide new range of products for many 
user communities. Here we introduce SeaVision, a ship-based monitoring system that, once integrated into a 
standard shipborne X-band radar, considerably improves real-time observational networks along major shipping 
routes. SeaVision automatically measures significant wave height, peak period and directional wave spectra at 
temporal resolutions down to seconds. First developed for research purposes in 2020, SeaVision passed an 
extensive period of validation using Spotter wave buoys and satellite data. Validation onboard research vessels 
was conducted for a wide range of latitudes, from the Arctic to Antarctica. SeaVision is fully operational, cost- 
effective, and capable of transmitting wave parameters continuously via satellite. Further developments of 
SeaVision allow for retrieving near surface wind speed, surface currents and ice parameters with the same 
resolution. Extensive installations of SeaVision (as well as similar systems) onboard commercial and research 
vessels allow for establishing a near-global observational network (as a part of GCOS and GOOS) largely 
exceeding capabilities of the present VOS network which over the last few decades are experiencing a dramatic 
decline and is also regionally complementing satellite missions. SeaVision will enhance coverage of the so far 
inadequately sampled global oceans.

1. Introduction

Reliable information about ocean surface waves is critically impor
tant for many scientific and practical needs. Being a key-component of 
the Earth System, wind waves serve as effective indicators of climate 
variability and change (Babanin et al., 2012; Cavaleri et al. 2012) and 
affect ocean-atmosphere energy and gas exchanges (Makin and Mas
tenbroek 1996; Gulev and Hasse 1998; Donelan et al. 2012; Mahrt et al. 
2022; Wu et al. 2024 among others). Moreover, marine storminess has a 
profound impact on operations of marine carriers and naval architecture 

(Liu et al. 2024).
Nowadays, wind wave spectral models provide global and regional 

wind wave hindcasts with high spatial and temporal resolution (Jiang 
and Mu 2019; Echevarria et al. 2019; Jiang 2020; Sharmar et al. 2021; 
Aouf et al. 2021; Lobeto et al. 2022; Erikson et al. 2022 among others). 
These model products, however, require extensive validation against 
observations. At the same time, wind waves remain sparsely observed 
compared to the other ocean surface meteorological variables, such as 
sea surface temperature or sea level pressure. Despite their importance, 
achieving a sufficiently dense observational network for waves has 
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always been challenging (Villas Boas et al. 2019).
Wind wave observations are available from several sources. Visual 

wave observations under the Voluntary Observing Ship (VOS) have the 
longest continuity (Gulev et al. 2003; Freeman et al. 2017; Liu et al. 
2022) and were extensively used for the development of wind wave 
statistics at global and regional scales, as well as for the evaluation of 
long-term changes in wind seas and swells (Gulev and Grigorieva 2004, 
2006) and the validation of satellite measurements (Grigorieva et al. 
2022).

Satellite altimetry offers large-scale coverage of significant wave 
height (SWH), but with coarse temporal resolution and no direct spectral 
information (Liu et al. 2016; Dodet et al. 2020). The accuracy of 
remotely sensed wave characteristics strongly depends on the retrieval 
algorithms used. Satellite wave algorithms still have to be inter
compared to each other and calibrated against alternative information 
(Dodet et al. 2022). Synthetic Aperture Radar (SAR) missions such as 
CFOSAT and Sentinel-1 provide directional spectra, but their coverage is 
limited in both time and space, and retrievals depend heavily on 
empirical transfer functions (Collard et al., 2005). Developing a system 
capable of simultaneously monitoring wind, currents, and waves re
mains a challenge, even for advanced radar remote sensing. Wave buoys 
provide highly accurate in situ measurements, making them the primary 
validation source for remote sensing data and numerical models. How
ever, they are extremely sparse, and their coverage remains mostly 
restricted to coastal regions and the tropical belt (Dodet et al. 2025).

In this respect shipborne radar technologies enabled the collection of 
accurate data of surface wind waves including their spectral character
istics. Since pioneering shipborne X-band radar-based wave measure
ments in the 1960s (Dremlyug 1961; Ijima and Takashi 1964) there has 
been impressive progress in the hardware and processing algorithms 
(see a detailed review by Huang et al. 2017). As a result, several com
mercial and scientific solutions were developed (see Table 1), which 
have proven to be effective and are deployed on some merchant and 
research vessels (Lund et al. 2012; Cornejo-Bueno et al. 2016; Chen et al. 
2019; Derkani et al. 2021; Collins et al. 2025) as well as on coastal 
structures (Hessner and Hanson 2010). The primary limitation of the 
wide implementation of these systems is the need for onboard installa
tion of an additional high-resolution radar, which greatly increases the 
cost of this technology. Recently developed coherent radar systems 
(Hwang et al. 2010; Carrasco et al. 2017; Ermoshkin et al. 2024) offer 
greater accuracy but are expensive and not used for routine navigation 
purposes. Moreover, all such systems rely on the short-pulse mode 
(Ziemer and Dittmer 1994; Dankert et al. 2005; Lund et al. 2014; 
Hessner et al. 2019), which provides the highest resolution (<10 m) but 

limits the operational range to 3 nautical miles – the mode used only in 
limited areas. Thus, adaptation of these systems for massive operations 
at different types of carriers remains a challenge; moreover, the very 
high cost of these systems is preventing their massive implementation.

Given the above-mentioned problems for the massive implementa
tion of commercial radar systems, the dual use of the standard X-band 
navigation radars already installed on all SOLAS-compliant vessels for 
continuous wave monitoring becomes a challenge. Operating according 
to the IMO standards at the resolutions different from specialized com
mercial systems, they, however, provide global coverage along all 
shipping routes and may be considered as still underutilized platforms 
for routine ocean surface wave observations.

In this study we introduce SeaVision, a low-cost system that adds 
real-time wave monitoring functionality to existing navigation equip
ment (Tilinina et al. 2022). SeaVision connects via a splitter, operates 
without interfering with navigational functions, and delivers fully 
automated processing of radar signals to provide significant wave 
height, peak period, and directional wave spectra. Most importantly, it is 
designed for real-time transmission of wave data via the Global Tele
communication System (GTS) — a unique capability among existing 
ship-based radar systems.

The pilot version of the SeaVision system was first introduced by 
Tilinina et al. (2022). In this study, we present a completely new version 
for which the processing algorithm has been completely redesigned 
allowing for retrieving directional spectra of the wind wave field. 
Importantly, the algorithm is now built-into a modified hardware, 
allowing for an en-route real-time mode compatible with different 
operational settings of navigation radars. In Tilinina et al. (2022) the 
validation of SeaVision was limited to three cruises in the North Atlantic 
and Arctic onboard two vessels and for wave heights up to 4 m. We now 
performed validations using our new algorithm and extended the anal
ysis to seven cruises, including those in the Southern Ocean and Central 
Atlantic waters, with wave heights reaching 8 m. This significantly 
broadens the range of environmental conditions under which the system 
has been tested, validated and to be used, including its performance in 
severe sea states.

The SeaVision system has been validated against Spotter buoy 
measurements and satellite altimetry on multiple cruises in diverse 
oceanic conditions, from the Arctic to the Southern Ocean. Its modular 
design and low cost enable scalable deployment across commercial and 
research vessels, addressing the critical gap in the in situ validation data 
for satellite missions and reanalysis products. As such, SeaVision has the 
potential to become a key component of the Global Ocean Observing 
System (GOOS) and Global Climate Observing System (GCOS).

Table 1 
Existing marine X-band radar systems for sea state parameters measurements. Accuracy estimates are taken from the official technical documentation provided for 
each system or peer review publications.

Name Need for additional radar 
installation

Additional sea 
parameters

Accuracy Reference

SWH (range) Peak period 
(range)

Peak 
direction

SeaVision 
IORAS, Russia

No Surface currents, sea 
ice

0.5 m (0.7 – 18 m) 0.5 s (0 – 25 s) 10◦ This study

WaMoS II 
Rutter Inc., Germany

Optionally Yes/No Surface currents 0.5 m (0.7 – 18 m) 0.2 s (4 – 16 s) 2◦ Reichert et al. 
1999

Waves 
Miros AS, Norway

No Surface currents 0.5 m (0.7 – 18 m) 0.5 s (3.2 – 5 s) 
10 % (5 – 13 s) 
20 % (13 – 25 s)

20◦ www.miros-group. 
com

SeaDarQ 
Nortek Group, Norway

No Oil spills, surface 
currents

N/A N/A N/A Greenwood et al. 
2018

WaveFinder 
Shindong Digitech, South 
Korea

N/A N/A 0.5 m (0 – 3 m)10 % (3 
– 20 m)

10 % (4 – 20 s) 10◦ Shin et al. 2020

Hereon coherent-on- 
receive radar 
Helmholtz-Zentrum, 
Germany

No, modification of standard 
radar required

N/A 0.21 m N/A N/A Horstmann et al. 
2021
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The paper is organized as follows. Section 2 presents the SeaVision 
architecture including the system design and signal processing algo
rithm. Section 3 presents results of the validation against wave buoys 
and satellite altimetry, including case studies. Section 4 compares Sea
Vision wave measurements with limited subsets of co-located visual VOS 
observations, thus underpinning Section 5 which discusses the potential 
of the SeaVision system for the global wind wave observing network. 
Conclusive Section 6 discusses the outlook and perspectives of further 
development.

2. System design and methods

2.1. SeaVision overview

SeaVision is a modular wave monitoring system composed of hard
ware and software components that extend the capabilities of standard 
marine X-band navigational radar without altering or interfering with its 
primary navigational function. It is designed as a compact digital pro
cessor that passively connects via a splitter to the radar output. Impor
tantly, SeaVision does not replace the navigational radar or affect its 
display, which continues to serve ship safety and navigation needs. 

Instead, SeaVision adds an independent processing and display unit, 
offering real-time visualization of wave parameters, directional spectra, 
historical trends, and optional overlays such as ship positions via AIS 
and sea ice charts. Processed data are stored locally and can be trans
mitted in standard formats via GTS. Raw radar video can also be 
recorded for validation or other research applications.

2.2. SeaVision hardware design

Every marine carrier is equipped with non-coherent X-band radars 
with horizontal-horizontal polarization, as mandated by IMO standards. 
Navigational radars are designed to detect surrounding obstacles (ships, 
platforms, buoys, etc.) within dozens of kilometers, providing a 2D 
image of the surrounding sea surface. At the same time, the radar signal, 
modulated by ripples on the sea surface, inherently carries information 
about wind waves.

An X-band marine radar detects sea surface roughness via Bragg 
scattering, where centimeter-scale ripples modulate the return signal 
and reveal wind-driven gravity waves (Horstmann et al. 2015). In calm 
conditions, the sea surface acts as a mirror, but even light wind generate 
enough ripples for detection. The radar’s spatial resolution L is given by 

Fig. 1. Schematics of the operation of the SeaVision system. Signal from the sea surface (green) is digitized using an analog-to-digital converter and is converted into 
time series of radar images. The retrieval algorithm using Fast Fourier Transform (FFT) transposes these time series into a 3D spectrum, on which the dispersion shell 
is detected. Then it is converted into a directional wave spectrum. Final set of parameters, including SWH, periods and directions, directional spectrum D(ω, θ) for 
given frequencies ω and directions θ, is transmitted through GTS.
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L = c⋅τ / 2, where c is the speed of light and τ is the pulse duration. 
Standard systems achieve a 7–10 m resolution, with shorter pulses of
fering higher resolution at the cost of a reduced range to 3 nautical miles 
(~5.6 km), which is too close for normal navigation.

At the hardware level, the core of SeaVision is an analog-to-digital 
converter, developed in collaboration with “Marine Complexes and 
Systems LLC”, which digitizes the analog radar output at 80 MHz. The 
data are extracted from the area with a 7.68 km radius around the vessel. 
As the radar antenna rotates, it transmits multiple signals along different 
azimuths. The beam width is typically ~1◦, determining the angular 
resolution. Each scan along a single azimuth is digitized into 4096 radial 
cells with 8-bit resolution (0–255). One full antenna rotation (~2.5 s) 
yields a complete 4096 × 4096 matrix referred to as a snapshot. A time 
series of such snapshots forms the basis of the wave analysis. In addition 
to the radar signal, the system directly receives information from the 
vessel’s navigation systems: speed and course relative to the ground, 
orientation, coordinates, and time. Using this data, the radar image is 
oriented to the north during the preprocessing stage. A general sche
matic of SeaVision operation is presented in Fig. 1. Information about 
SeaVision is added to Table 1 to be compared with the other commercial 
systems.

2.3. SeaVision wave parameters retrieval algorithm

Over the past four decades, numerous algorithms have been devel
oped for extracting wave parameters from X-band marine radar, with 
significant advancements in both spectral analysis and image-based 
processing techniques (Huang et al., 2017). However, many of these 
approaches were tailored for high-frequency or coherent radar systems, 
often relying on high-resolution hardware and intensive computation. In 
contrast, SeaVision is designed to operate on non-coherent navigational 
radars with limited onboard resources, requiring to implement simple, 
robust, and computationally efficient methods. While modern de
velopments in machine learning offer promising alternatives, especially 
for pattern recognition and adaptive filtering, these methods remain 
computationally demanding and less suitable for real-time operation on 
embedded systems. Therefore, we employ classical spectral methods 
that are not only well established but are also fast and lightweight in 
terms of memory use.

Our retrieval algorithm is based on the analysis of time series of radar 
snapshots collected during antenna rotation; processing details can be 
found in the Appendix. These snapshots are transformed into a three- 
dimensional wave number–frequency spectrum using a Fast Fourier 
Transform (FFT). From this spectrum, we extract the physical signal 
corresponding to the surface wave field by isolating the dispersion shell, 
which is identified using the linear dispersion relation for surface gravity 
waves following Young et al. (1985). Once the dispersion shell is 
determined, we compute the signal-to-noise ratio SNR, which represents 
the relative energy contained in the wave-consistent part of the spec
trum. To convert this normalized spectral energy into physical units, we 
apply the Modulation Transfer Function (MTF) introduced by Nieto-
Borge et al. (1999). Although we experimented with more complex MTF, 
including considering wind speed, humidity, wave age, these alterna
tives did not result in a significant improvement in retrieval accuracy 
under our operational constraints. Consequently, we adopted the classic 
MTF for its simplicity and proven reliability.

SeaVision is specifically designed to function in both stationary and 
underway modes, including at cruising speeds. The system has been 
tested on data collected while the vessel was moving at up to 17 knots. 
However, such speeds introduce additional complexity due to Doppler 
shifting. In the current implementation, we do not attempt to decompose 
the total Doppler term into its separate components, such as ship ve
locity, current speed, and others. Instead, we estimate the overall 
Doppler shift from the location of the dispersion shell on the frequency 
domain and apply a correction to convert the observed spectra into a 
stationary reference frame. While this approach does not yet allow 

estimating the surface current velocity at high vessel speeds (which is 
also measured with errors), it provides sufficient accuracy for the fre
quency spectrum correction. By knowing the speed of the vessel, we 
limit the estimate of the Doppler term from above.

Since the raw radar signal is not a direct measure of wave height, the 
estimation of significant wave height (SWH, Hs) requires calibration. We 
follow the approach proposed by Seemann et al. (1997) and later refined 
by Nieto-Borge et al. (2008), using a linear formula 

Hs = A + B
̅̅̅̅̅̅̅̅̅̅
SNR

√
, (1) 

where A and B are calibration coefficients that depend on the specific 
radar model and its configuration, including antenna height, amplifier 
settings, and transmitter power. In contrast, wave direction, periods, 
and normalized spectra are available immediately after startup, as they 
do not require such tuning. Our experience shows that one month of 
SeaVision operation in the open ocean is generally sufficient to accu
mulate an adequate dataset of co-located points with altimeter tracks for 
calibration.

2.4. Limitations of SeaVision measurements

SeaVision, like any radar-based wave observing system, is subject to 
limitations associated with the impact of environmental conditions and 
with those associated with the system design. Environmental factors 
complicating radar image processing (equally for specialized commer
cial systems and SeaVision) include the presence of rain, sea ice, and 
nearby vessels within the scanning radius. Vessels appear as bright point 
targets on the radar display, interfering with the procedure of identifi
cation of contrast-enhanced sea-surface segments (part of the algo
rithm). This problem can be mitigated by cross-referencing Automatic 
Identification System (AIS) data to exclude overexposed sectors. Sea ice, 
while an obstacle for retrieving open-ocean wind wave characteristics, 
represents a valuable scientific signal itself. The radar imagery obtained 
during Antarctic cruises enables confident discrimination of sea ice with 
varying concentrations and structures, including broken ice. Recent 
advances in computer vision and machine learning methods now allow 
for the automatic generation of high-resolution ice maps from shipborne 
X- and S- band radars, the accuracies exceeding 90 % (Westbrook et al., 
2025). Research of wave–ice interactions still remains limited, although 
X-band radar offers unique capabilities for analyzing wave behaviour in 
the presence of broken ice. Several studies (Collins et al. 2018; Kodaira 
et al. 2021) have demonstrated that ship-based observations can effec
tively capture wave propagation and attenuation in the marginal sea ice 
zone, including swell penetration and reduction of wave amplitude. 
Such observations are essential for calibrating and validating wave–ice 
interaction models and for improving forecasts of sea ice and wave 
conditions along maritime routes.

Rain also poses a limitation for X-band radar observations, as water 
droplets markedly scatter and attenuate the radar signal, obscuring the 
sea surface and hampering accurate retrievals. Recent studies propose 
effective algorithms for rain detection and mitigation based on texture 
analysis and deep learning models (Yang et al. 2021; Sun et al. 2022; Liu 
et al. 2023), and these approaches may be integrated into the SeaVision 
processing chain. However, our datasets contain <2 % of rainfall or 
snow episodes, suggesting that rain is not a dominant error source in our 
analysis.

The most important design-associated limitation of SeaVision is 
associated with the spatial resolution of standard navigation radars. 
While most scientific marine radar studies rely on the Short Pulse (SP) 
mode, achieving a range resolution below 10 m, operational bridge ra
dars are typically used in Medium Pulse (MP) and Long Pulse (LP) 
modes, for which the effective resolution is an order of magnitude 
coarser. Fig. 2 illustrates how radar images change across SP, MP, and LP 
modes, using observations collected on 07:54—08:40 UTC 12 May 2024 
near Cape Agulhas when SWH reached 4 m Validation experiments 
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during the AI65, AF50, and AF52 expeditions confirmed that SeaVision 
retrieval metrics degrade significantly in MP and LP modes. To improve 
SWH estimates under such conditions, we incorporated collocated wind 
speed data from onboard automatic weather stations (Airmar 220WX on 

R/V Akademik Ioffe and Milos 520 with WAA-151 anemometer on R/V 
Akademik Fedorov). For these cruises, significant wave height was 
retrieved using an empirical parameterization: 

Fig. 2. Radar backscatter recorded by SeaVision within a radius of 2.5 km from the R/V Akademik Fedorov in units proportional to the intensity of the received signal, 
taken on 4 May 2024 in the Indian Ocean near Cape Agulhas. All images are oriented to the North. (a) SP mode with 8 m range resolution. (b) MP mode – 40 m (c) LP 
mode – 180 m.

Fig. 3. (a) Map of the research cruises of R/Vs Akademik Sergey Vavilov (ASV), Akademik Ioffe (AI), and Akademik Fedorov (AF) with Spotter buoy measurement 
stations (circles). Data of the AF50 and AF52 cruises of R/V Akademik Fedorov are divided into 4 stages. Legend shows the number of co-located stations with Spotter 
buoy Nbuoy, with satellite altimeters in a 200 km circle of ship passage Nalti, total number of SeaVision measurements NSV the number of 11-minute segments used for 
sampling. The number of measurement points after sampling is indicated in brackets. (b) SWH reconstructed from SeaVision data (color). Altogether panel (b) 
consists of 5537 single wave measurements, circles of different size show the number of single SeaVision measurements over 50 km ship passage.
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Hs = A + B
̅̅̅̅̅̅̅̅̅̅
SNR

√
⋅U, (2) 

where U is the true wind speed measured by the shipborne weather 
station. Thus, the use of SeaVision in combination with a weather station 
can significantly improve the results of determining SWH in MP and LP 
modes. In Section 3.3 we provide a comparative analysis of capabilities 
of SeaVision in different pulse modes. A detailed description of all al
gorithm procedures is provided in Appendix A.

3. Results

3.1. SeaVision data collection

During the period from 2020 to 2025 the SeaVision system was 
installed onboard of 3 research vessels (R/V) and used in different 
climate conditions in the Arctic, Atlantic and Southern Oceans (Fig. 3). 
Table 2 shows information about 7 cruises during which SeaVision was 
used and extensively calibrated. During the in-phase calibration period 
SeaVision was adopted to the three different navigation radar models 
(Table 2). Altogether collected SeaVision data amounted to 1000 h of 
observations providing 2900 individual measurements of the wave field. 
Calibration of SeaVision was performed using Sofar Spotter wave buoys 
(https://www.sofarocean.com/products/spotter). As many as 109 radar 
measurements were collocated with deploying a Spotter buoy in a 
drifting ship mode. Each drift measurement lasted between 30 min and 8 
h. To expand the dataset, all stations were divided into 30-minute seg
ments, resulting in a total of over 700 segments used for system 
calibration.

For the calibration at the drifting stations Sofar Spotter buoys were 
deployed on a 400-meter tether from the drifting R/V and each buoy 
recorded its own motion. These series were then processed using spec
tral analysis to obtain frequency wave spectra, SWH, peak and mean 
wave period, direction and directional spreading. Additionally, direc
tional wave spectra from buoy data were reconstructed using the 
Extended Wavelet Directional Method (Peláez-Zapata et al. 2024).

3.2. Calibration of seavision against spotter buoy data

Fig. 4 demonstrates the results of the case study in the Bay of Biscay 
(48◦N, 14◦W) during 09:07—17:25 UTC 24 Dec 2023 when 4-meter 
waves were observed. The 8-hour time series was collected onboard 
R/V Akademik Ioffe (Fig. 4a). The R/V remained in a drifting mode 
within a one-kilometer radius, with the buoy being continuously trailing 
behind the stern (Fig. 4b). A moving 30-minute window with 10-minute 
intervals for averaging was used for data processing. The resulting 1D 
frequency and directional spectra for time period 12:30—13:00 UTC 

derived from the buoy data and SeaVision record demonstrate a close 
agreement with each other (Fig. 4c). Box-plots built for 1-hourly seg
ments (Fig. 4d) show that differences between buoy and SeaVision re
cords for SWH varied from few centimeters to a maximum of 20 cm. Bias 
in the peak period is typically within few tens of a second with a 
maximum of 0.6 s. Biases in mean periods and directions (Fig. 4d) are 
comparable to those identified for the peak values. The presence of two 
peaks in the spectrum complicates the analysis of Tp, so after 16 h the 
buoy began to register shorter period waves carrying more energy. 
Altimeter measurements from Sentinel-3B at 11:42 UTC within 80 km of 
the R/V and the buoy location also recorded 4-meter height waves 
(Fig. 4), supporting the validity of SeaVision measurements.

Another case study (Fig. 5) shows 30-minute time series of mea
surements in the central Atlantic (Fig. 5a). Fig. 5b shows that the dis
tance between the buoy and the R/V changed over 30-minute time: the 
R/V tracker was mounted on the bow, while the buoy was deployed off 
the stern. Initially, they were about 150 m apart, but by the end of the 
time series, the distance increased to 450 m as the buoy slowly moved 
along the rope. Fig. 5c demonstrates high agreement between the 
retrieved wave spectra from Spotter and SeaVision, which both are 
peaking at 0.8 Hz and 1.3 Hz. The directional spectrum derived from 
SeaVision (Fig. 5c) shows even some greater details compared to the 
Spotter-derived spectrum. Box-plots (Fig. 5d) confirm a good agreement 
in SWH and mean direction estimates with <0.1 m bias in SWH and 4 
degrees in direction. Mean periods (Fig. 5d) are also in a good agreement 
with the bias being smaller than 0.5 s.

The overall results of the validation of SeaVision are presented in 
Fig. 6 and Table 3. During calibration, the entire dataset was divided for 
training and testing in a proportion of 3:1 to make both samples suffi
ciently representative. We also tested a wide range of proportions (from 
3:1 to 19:1) and the results were robust. The scatter plot built from all 
1174 cross-validation measurements (Fig. 6a) demonstrates that in the 
range of <3 m wave height the averaged SWH bias between SeaVision 
and Spotter wave buoy is close to zero while for higher waves SeaVision 
tends to slightly underestimate the buoy wave height. The reason for this 
is likely associated with a shadowing effect, when the well-developed 
waves start to interact with each other affecting the radar signal prop
agating at grazing angles (Buckley et al. 1994, 1998). Radar systems 
may tend to underestimate the spectral energy at low frequencies and 
overestimate the energy at high frequencies (Borge et al. 2004; Mag
nusson et al. 2021). This requires a separate study, potentially involving 
the analysis of wind speed and wave age. The presence of multiple wave 
systems at a given location can lead to some discrepancies in the esti
mates of peak period and direction, both between instruments and 
across different temporal segments at the same station. Note that we also 
set a threshold of 70 cm on the minimum wave height since smaller 

Table 2 
Research cruises whose data are used in this work. The short names of the cruises correspond to the research vessels (R/V): ASV is Akademik Sergey Vavilov, AI is 
Akademik Ioffe and AF is Akademik Fedorov.

Short 
cruise 
name

Region Distance 
sailed, km

Number of Spotter buoy 
measurements (number of 30- 
min segments)

Number of 
collocations with 
altimeter

Number of SeaVision 
measurements

Total time of 
measurements, hours

Radar model

ASV50 North 
Atlantic

10,465 26 (96) 279 376 528 JRC JMA–9110–6XA

AI57 North 
Atlantic

7745 11 (97) 101 119 JRC JMA–9122–6XA

AI58 Arctic 10,611 16 (127) 186 368
AI63 Tropical 

Atlantic
20,792 30 (197) 239 177

AI65 Tropical 
Atlantic

19,076 26 (657) 962 1371

AF50 Atlantic, 
Antarctic

65,508 0 1654 1893 443 Sperry Marine 
BridgeDeck E 250

AF52 Atlantic, 
Antarctic

68,518 0 535 1233 377

TOTAL 148,361 109 (1174) 3956 5537 1348
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Fig. 4. Validation case study in the Bay of Biscay (48◦N, 14◦W; 09:07—17:25 UTC 24 Dec 2023): (a) Location of the station (black dot) and the R/V route (black line) 
with the segment of track of the satellite altimeter (Sentinel-3B). (b) Zoom on the region of the station measurements, showing the R/V track (black line) and the 
Spotter track (colour). (c) Reconstructed frequency spectra F(ω) derived from the Spotter buoy (black) and SeaVision (blue) and reconstructed directional spectra D 
(ω, θ). (d) Box-plots of the 1-hourly segments of wave parameters (SWH Hs, mean period Tm01 and direction θm) estimated from Spotter (yellow) and SeaVision (blue) 
data with altimetry data for SWH (red dot).
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Fig. 5. Validation case study in the Central Atlantic (8◦N, 19◦W; 15:48—16:21 UTC 12 Oct 2022): (a) Location of the station (black dot) along the R/V route (black 
line). (b) Zoom on the region of the station measurements, showing the R/V track (black line) and the Spotter track (color). (c) Reconstructed frequency spectrum F 
(ω) derived from Spotter (black) and SeaVision (blue) data and reconstructed directional spectra D(ω, θ) (d) Box-plot of SWH Hs, mean period Tm01 and direction θm 
estimated from Spotter (yellow) and SeaVision (blue) data.

Fig. 6. (a) Scatter plot of SWH measured by buoy and retrieved by SeaVision algorithm for waves exceeding 70 cm, N is the number of validation segments. (b) Cross- 
correlation between directional spectra reconstructed from SeaVision and Spotter, averaged over the entire validation dataset. The contour line represents the 
threshold equal to half the maximum of the cross-correlation between the SeaVision system and the buoy (solid) and the autocorrelation of the buoy (dashed).
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waves were not resolved by the SeaVision at all. Limitation placed on the 
minimum wave height follows from surface roughness requirements. It 
can be shown that wind speeds of 3–5 m s⁻¹ give a threshold for 
obtaining high-quality data (Ezhova et al. 2023).

Statistical comparison metrics (Table 3) imply the Root Mean Square 
error (RMSE) being about 0.44 m of the mean values for SWH and 0.5 s 
for the peak period. Comparisons performed for the mean periods and 
directions (also shown in Table 3) report very similar biases and RMSE 
to those derived for the peak values. These discrepancies are similar to 
those observed in analogous systems (Table 1) and are inherent into the 
method itself (Al-Habashneh et al. 2018), resulting from a minimum 
resolution of approximately 10 m, a temporal resolution of 2.5 s, and the 
use of incoherent radars. These limitations can be reduced by applying 
an advanced MTF (Nieto-Borge et al. 2004, Chen et al. 2015, Cherny
shov et al. 2018) and accounting for the vessel motion (Chen et al. 
2019), wind speed and direction. However, this would require signifi
cant computational resources and additional equipment, such as an in
ertial measurement unit and a weather station.

Analysis of our case studies above demonstrate the high consistency 
of directional wave spectra derived from SeaVision and buoy measure
ments. To evaluate the consistency between normalized directional 
spectra from buoys Db (ω, θ) and SeaVision DSV (ω, θ) we computed their 
cross-correlation across all co-located records. Fig. 6b shows that peak 
spectral energy exhibits no systematic bias in direction but is slightly 

shifted towards lower frequencies, indicating an overestimation of wave 
periods by the navigation radar. This shift likely arises because the 
system operates at the limit of spatial resolution. Radar systems are less 
capable of detecting short-period wind waves that do not satisfy the 
Nyquist criterion compared to the detection of relatively long waves. As 
a result, the cross-correlation pattern exhibits an asymmetry along the 
frequency axis. There is also a small scatter in the directional energy 
distribution. This is probably due to the high degree of dependence of 
radar image anisotropy on wind speed (Lund et al. 2012; Lund et al. 
2014), which is not present in the buoy data.

3.3. SeaVision operation in “along the route” mode

The results of the validation against buoy data allows for considering 
extensive measurements in operational real-time mode when the Sea
Vision package inherently provides underway wind wave monitoring 
without interfering with any navigational tasks on the bridge. In 
contrast to timeseries obtained from one point, wave parameters 
measured along-the-way using radar should be less affected by sampling 
variability (Bitner-Gregersenet al. 2020).

The use of SeaVision in recording mode along the ship route was 
conducted during all cruises (Table 2) between the buoy stations. 
Collected raw data amount to about 23 GB for each 1-hourly segment, 
but automatically post-processed data are reduced to <2 MB for the 
storage strategy of every 10 min. During the cruises of R/V Akademik 
Fedorov in 2024 and 2025, the SeaVision system was configured as fully 
autonomous. Observations were conducted during the north-south 
Atlantic meridional transect and in the Southern Ocean, where alter
native wave measurements are extremely sparse (Gulev et al. 2007; 
Babanin et al. 2019).

Fig. 7 presents a 36-hour record of a storm event off the coast of East 

Table 3 
Statistics of the validation of SeaVision algorithm against Spotter buoy data, 
parameter definitions are in the Appendix.

Hs, m Tp, s Tm01, s θp, ◦ θm, ◦ σp, ◦ σm, ◦

Bias 0.02 − 0.1 − 0.1 0 − 0 − 10 8
RMSE 0.44 0.5 0.4 10 7 18 11

Fig. 7. (a) Underway SeaVision measurements in the Cooperation Sea (Antarctica) on 7 Mar 2024 and in the Cosmonauts Sea 8 Mar 2024 (black dots) with satellite 
altimeters tracks (color) within a 100 km distance. (b) Directional wave spectra at 15:42 UTC 7 Mar 2024, according to CFOSAT (left) and SeaVision (right) data. As 
CFOSAT does not identify the wave direction, the mirroring symmetric spectral pattern is masked by light grey. (c) Time series of wave and wind parameters 
reconstructed using SeaVision (blue) and R/V weather station (black) data. Colors indicate the radar operational mode during data acquisition (green is 8 m spatial 
resolution, yellow is for 40 m, red is for 180 m).
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Antarctica with 7-meter highest SWH, captured at a vessel speed of 15 
knots (8 m s⁻¹). The storm evolution was characterized by a growing 
surface wind speed from 10 to 25 m s-1 in the period 10:00–20:00 UTC 7 
Mar 2024 after which the wind speed remained higher than 15 m s-1 

until 02:00 UTC 8 Mar 2024 declining during the next 10 h. SeaVision 
shows that in response to high winds the waves increased from 2.4–2.9 
m to the peak values of 6.8–7.2 m registered at 23:00 7 Mar 2024 and 
04:00 UTC 8 Mar 2024. Wind wave periods were in the range between 
10 and 16 s progressively increasing during 7–8 March 2024.

During 36 h of measurements, there were as many as 10 cases when 
the altimeters were within a 100 km distance from the R/V. The com
parison of SWH estimations (Fig. 7c) demonstrates a strong agreement, 
particularly for the closest crossovers (Fig. 7a) with the differences 
ranging from 10 cm to 80 cm. Remarkably, for the very high wave of 
about 5.8 m (06:00 UTC 8 Mar 2024) the difference with altimeter data 
is <20 cm. The analysis was based on Level 3 data from the Copernicus 
Marine Service (CMEMS, 2025a). During the AF50 cruise, the real-time 
mode was temporally disrupted and configured manually. Thus, 45-min
ute SeaVision measurements were performed at different radar pulse 
modes at locations collocated with satellite altimeter tracks to optimize 
the data storage. When exceptionally high waves were visually 
observed, recordings were conducted using the pulse mode selected by 
the officers or mates (typically the medium pulse mode). This explains 
discontinuities in the cruise track in Fig. 7a.

Additionally, at 15:42 UTC on March 7, 2024, the CFOSAT mission 
satellite provided measurements at a point 56 km from the R/V location 
(CMEMS, 2025b). These measurements also provide spectral wave pa
rameters retrieved from this satellite. Fig. 7b presents a comparison of 
the two directional wave spectra obtained from CFOSAT (with 180◦

ambiguity) and SeaVision, showing consistency and even somewhat 
greater spectral detail in the SeaVision data. It should be noted that 
SeaVision receives a narrower spectrum than a scatterometer or Spotter 
buoy (Fig. 4c and Fig. 5c). This is due to the different nature of the 
measurement methods and the assumptions behind their respective 
processing algorithms.

SeaVision operates under the standard radar modes of short pulse 
(SP), medium pulse (MP), and long pulse (LP), which differ in spatial 
resolution and backscatter quality. The degradation of radar image 
resolution with increasing pulse length is illustrated in Fig. 2. For 
routine navigation, MP mode is typically employed, making it the pri
mary setting for SeaVision data acquisition. Despite these differences in 
resolution, SeaVision demonstrates stable performance across modes, 
highlighting the robustness of the retrieval algorithm and the potential 
for dual use of ship radars in both navigation and ocean wave moni
toring (Fig. 7c).

A dedicated experiment during the AI65 cruise provided an oppor
tunity to assess this robustness directly. During the station, when R/V 
and Spotter buoy were drifting, SeaVision measurements were first 
taken in SP mode. Immediately afterward, the vessel resumed naviga
tion at speeds up to 9 knots (4.5 m s⁻¹), sequentially collecting data in 
MP and LP modes. Since each radar measurement covered approxi
mately 10 min, the total half-hour period ensured that sea state condi
tions remained effectively stable, allowing direct validation of underway 
MP and LP data against the stationary buoy reference. In total, 23 buoy- 

collocated points were obtained and used to calibrate the SeaVision al
gorithm. Both the classical linear formula (1) and an extended approach 
accounting for wind speed (2) were tested. For radar model installed 
onboard R/V Akademik Ioffe SP mode corresponds to 10.5 m in range, 
MP – 45 m, LP – 120 m

The results (summarized in Table 4) show significant improvements 
when wind speed is incorporated, particularly for the LP mode where the 
initial bias was most pronounced. Interestingly, the bias sign differed 
between SP and LP, but the unified calibration without mode-specific 
adjustments yielded an acceptable accuracy across all settings. This is 
especially important given that the MP mode, which dominates navi
gational use, exhibited performance metrics superior to those of the 
classical parametrization (Table 4). When analyzing these improve
ments, we must take into account the large differences in sample sizes; 
however these findings confirm that SeaVision retrievals remain reliable 
across different radar operational modes, reinforcing its applicability for 
global-scale deployment where radar settings may vary from ship to 
ship.

An overall intercomparison of all underway SeaVision measurements 
was performed for all 28 TB SeaVision wave data consisting of >1200 h 
of measurements. Co-location uncertainties in both time and space place 
an obvious constraint on direct comparisons. While altimeters tracks 
provide SWH averaged over several kilometers, SeaVision captures wave 
height at a much finer resolution (~40 m in MP mode).

The results of the overall comparison of SeaVision underway mea
surements with co-located altimeter data (Fig. 8a) demonstrate very 
good agreement, with no significant bias but scattering characterized by 
RMSE of 0.67 m. A key challenge in analyzing collocation measurements 
is the increase in estimated errors with expanding the spatial search 
window (Fig. 8b). Therefore, it is essential to balance the required 
number of points with acceptable error bounds. Altimetry data pro
cessing algorithms also introduce an error of approximately 20 cm 
(Taburet et al. 2023), which contributes to the total RMSE. The standard 
approach is to use a 50 km spatial window for crossover analysis, which 
can be extended to 200 km in cases of sufficiently homogeneous wind 
fields (Ezhova et al. 2024). In this study, a larger window was chosen to 
increase the sample size.

4. Comparison with co-located visual VOS data

We also provided a comparison of SeaVision wave measurements 
with limited sub-sets of visual VOS observations. Visual wind wave 
observations are consolidated in the International Comprehensive 
Ocean-Atmosphere Data Set (ICOADS, Freeman et al. 2017, Liu et al. 
2022). These data represent visual estimates of wind sea and swell 
heights with observational accuracy of 0.5 m (0.5 m increments) as well 
as sea and swell periods with a reported accuracy of 1 s and directions 
(reported accuracy is 10 degrees). Here the comparison was performed 
for SWH which was computed from the VOS observations according to 
Gulev et al. (2003) as the highest of the two components. Alternative 
(and somewhat more accurate) estimates of SWH could be derived from 

sea height hw and swell height hs as SWH =
(

h2
w + h2

s

)1/2 
or using a 

combined approach, accounting for sea and swell directions (Gulev and 
Hasse 1998; Gulev et al. 2003). However, in the used subsets of visual 
observations the information about sea and swell was present in <3 % of 
reports, thus a simplified algorithm was used. Quality control of visual 
wave observations was applied according to Gulev et al. (2003) and 
included multiple quality checks based upon statistical measures, joint 
consideration of heights and periods and of surface wind and wave pa
rameters (wave age). The two sub-sets of visual wave observations were 
analyzed (Table 5). One included visual observations performed by of
ficers of the R/V where SeaVision data were collected and another 
included visual observations of VOS in the vicinity of R/Vs carrying 
SeaVision equipment. For the first subset we considered separately ob
servations fully collocated in space and time (225 observations) and 

Table 4 
Results of comparison of classical (1) and extended (2) empirical parametriza
tion for SWH for different X-band radar operation modes during AI65 buoy- 
collocated measurements, NRMSE is normalized RMSE.

Radar mode SP MP LP

Calibration formula Eq. (1) Eq. (2) Eq. (1) Eq. (2) Eq. (1) Eq. (2)
RMSE, m 0.44 0.35 0.63 0.24 0.42 0.38
NRMSE 0.18 0.14 0.19 0.10 0.24 0.16
Bias, m − 0.16 − 0.16 − 0.02 − 0.03 0.19 0.15
Correlation 0.75 0.86 0.63 0.92 0.42 0.86
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those collocated in space but collected within ± 2 h time window taken 
(129 observations). For VOS observations by the neighboring commer
cial ships we considered observations collected within ± 2 h time win
dow and within 30 km and 200 km distances from the R/V holding 
SeaVision (Table 5).

Table 5 shows that SeaVision SWH measurements fit reasonably well 
to visual estimates. For reference we show in Table 4 also statistics of 
comparison with Spotter buoy data (Section 3.1) and with satellite 
altimeter data (Section 3.3). Visual observations report 0.2–0.3 m 
smaller SWH compared to SeaVision while for the VOS data collected 
within 30 km distance the bias was zero. Normalized RMSE is slightly 
larger for VOS vs SeaVision comparison than for comparison of SeaVi
sion data with altimetry and Spotter buoy and correlations are very close 
for the comparisons with VOS and with satellite data. Fig. 9 shows a Q-Q 
plot of SeaVision and VOS data collected within 200 km distance and ±
2 h time window. Interpretation of the Q-Q plot should account for 
different observational precisions of VOS estimates and SeaVision 
measurements. Nevertheless, Fig. 8 clearly shows that SWH estimates 
reported by VOS are close to SeaVision measurements with underesti
mation of about 0.2 m even for distances within 200 km. This bias is 
smaller than observational accuracy of visual measurements estimated 
using semivarigram approach by Gulev et al. (2003).

Overall, comparison of SeaVision measurements with a limited 
subset of visual VOS data demonstrates that the two data sources are 
quite consistent with each other and further validation using larger 
subsets of VOS observations can provide robust relationships between 
VOS and SeaVision data.

Fig. 8. (a) Scatter plot of SWH obtained by altimeter and retrieved by SeaVision algorithm, N is the number of validation segments. (b) Dependence of SWH 
estimation RMSE and NRMSE on the distance between the measurements point of the SeaVision and the altimeter, grey filling shows total number of samples co- 
located with altimetry data.

Table 5 
Results of comparison of SWH measured by SeaVision with the other data sources.

Data source Spotter buoy Satellite altimetry Visual observations

Collocation fully 
collocated

30 km distance,  
±2 h time window

200 km distance,  
±2 h time window

Fully collocated in 
space and time

Collocated in space,  
±2 h time window

30 km distance,  
±2 h time window

200 km distance,  
±2 h time window

All VOS 
observations

Number of pairs 1174 550 3956 225 129 26 277 631
RMSE, m 0.44 0.50 0.78 0.69 0.75 0.63 0.79 0.75
NRMSE 0.20 0.21 0.29 0.35 0.28 0.21 0.34 0.33
Bias, m 0.02 0.09 0.05 − 0.34 − 0.23 0.00 − 0.20 − 0.26
Correlation 0.75 0.75 0.74 0.58 0.75 0.75 0.60 0.62

Fig. 9. Q-Q plot of SWH estimated by SeaVision versus reported by VOS for ±2 
h time window and a maximum vessel separation of 200 km. The top and right 
panels show the probability density distribution of SWH from SeaVision and 
VOS respectively.
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5. SeaVision potential for a global wind wave observing system

SeaVision opens an avenue for developing a truly global wind wave 
operational observing system. This is an extremely important challenge 
given the rapidly declining health of the existing open ocean observing 
systems, first of all the VOS (Kent et al. 2019; Smith et al. 2019). For 
many decades VOS wind wave observations provided a critically 
important source of wind wave data in the open ocean. However, the 
1990s marked an obvious sunset of the earlier ‘golden age’ of the VOS 
observing system. Fig. 10 demonstrates how the number of VOS 
reporting on GTS and contributing to the ICOADS declined from 
5500–7800 ships in the late 1970s and 1980s to <3000 in the late 1990s 
and continued to further decrease to about 2000–2200 in the 2010s.

Several factors contribute to this trend. The shipping industry saw a 
consolidation toward larger carriers (especially tankers and container 
ships), resulting in fewer vessels overall. The installation of automated 
weather systems on many ships in the 1990s reduced the need for bridge 
officers to submit manual/visual observations — including visual wind 
wave data — leading to even sharper reductions in report frequency. 
Similar declines were reported for visual cloud cover observations 
(Aleksandrova et al. 2018). Fig. 10a shows that the number of ships 
reporting visually observed waves declined even at a faster pace 
compared to the total number of VOS. If we consider the number of 
individual reports (no figure shown), there will be even a tendency of an 
increasing total number of VOS reports after 2000. However, this in
crease is the result of the massive installation of automated weather 
stations reporting a very limited set of the parameters (mostly SLP and 
air temperature). At the same time the number of extended individual 
VOS reports with wind wave information continues to decline.

The current number of commercial ships forming everyday ship 
traffic on the world ocean amounts to slightly over 106,000 vessels 
(Atlas Magazine, 2024), while the UN Trade and Development 
(UNCTAD, 2024) gives a slightly lower number of 102,000 vessels. 

Considering fishery ships, these estimates account for only motorized 
decked vessels with the deadweight tonnage (DWT) higher than 100, as 
the total number of fishing ships exceeds 3 million (FAO, 2024). 
Assuming SeaVision or similar system being installed on at least 10 % of 
all carriers reporting during 30 % time of the year (estimate based on 
VOS), this will result in >120 million 10-minute reports of wave pa
rameters including 2D spectra per year. Scaling this number to 6-hourly 
time intervals (VOS ship reporting frequency) this gives an equivalent of 
about 3 million reports per year largely exceeding the capacity of VOS 
even in the 1980s.

This loss translates into a significant decrease in data density. 
Figs. 10b, 10c show that the number of VOS wave reports in the North 
Atlantic and North Pacific declined from 150–600 to 40–100 per month 
per 2◦-box between 1970s-1980s and 2000s-2020s. The decline in the 
Southern Ocean was from few tens to 0–5 per month per 2-degree box. 
Overall the annual number of wind wave reports declined from 2–2.2 
million a year during the 1980s to <400,000 in the recent years. Note 
that the decline in the number of reports is even stronger compared to 
the change in the number of reporting ships, as many officers and mates 
stopped to use a standard 6-hourly reporting time switching to less 
frequent reporting (typically 12-hourly). Moreover, if we consider re
ports containing full sets of wind wave variables (heights, periods and 
directions of wind waves and swell), the annual estimates will be even 
about 40–50 % smaller (Grigorieva et al. 2022).

In recent years, the deployment of Sofar Spotter buoys (Raghukumar 
et al., 2019) has partially alleviated the decline of in situ wind wave 
observations following the declining tendency of VOS observations in 
general. Spotters are compact, solar-powered platforms capable of 
transmitting real-time measurements of SWH, mean and peak wave 
periods, wave direction and spreading, atmospheric pressure, sea sur
face temperature (SST), and wind speed and direction via the Global 
Telecommunication System (GTS) at intervals of 30 to 60 min. Since 
their first deployment in 2017, the Spotter network has expanded to 

Fig. 10. (a) Historical changes in the number of VOS contributing observations to ICOADS and the number of VOS reporting wind wave observations. (b) The total 
number of VOS reports (per 2-degree box per month) in the period 1970–1990. (c) The number of VOS reports containing wave information (per 2-degree box per 
month) in the period 2000–2023.
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approximately 500–600 active buoys, primarily concentrated along 
major mid-latitude ocean currents and coastal regions (https://weather. 
sofarocean.com). High-resolution datasets, including hourly wave 
spectral records for the 2019–2022 period, are publicly available.

Despite these advantages, Spotter buoys remain insufficient for 
filling the observational gap left by VOS. Their spatial distribution is 
highly uneven, with sparse coverage across the central ocean basins, 
polar regions, and the Southern Hemisphere. This limited deployment 
footprint hampers their utility for global wind wave monitoring. Addi
tionally, the operational lifetime of Spotter buoys is constrained: while 
nominal lifetimes range from several months to a few years, actual du
rations are often shorter due to exposure to harsh sea states, biofouling, 
power limitations, and accidental recovery or loss. This restricts long- 
term, consistent data collections in remote regions where retrieval and 
maintenance are challenging.

The National Data Buoy Center (NDBC) presently maintains a 
network of approximately 1000 moored buoys globally (https://www. 
ndbc.noaa.gov/). However, only few of these buoys are equipped with 
wave sensors. Most NDBC buoys are located near coastal zones, limiting 
their capability for open-ocean wave climate monitoring. These limita
tions emphasize that the current buoy networks — although valuable — 
are still insufficient to meet the requirements for global-scale wind wave 
observing.

In this respect the potentially massive installation of the SeaVision 
packages onboard of commercial vessels will significantly contribute to 
the increasing sampling density of wave observations of the global 
ocean. At the projected low cost of SeaVision (or similar systems) they 
become attractive for the owners of marine carriers. Importantly, such a 
system onboard commercial ships will be beneficial for officers, as it also 
allows for providing additional valuable real-time information about the 
marine environment, such as sea ice, surface currents and potentially oil 
spills.

For transmitting the SeaVision data on GTS standard formats and 
requirements are available (WMO 2023) to ensure rapid and reliable 
submission to real-time users. Thus, the massive implementation of 
SeaVision onboard of commercial vessels can establish in the future a 
global observational network of wind waves as a part of GCOS and 
GOOS of the World Meteorological Organizations (WMO) and Inter
governmental Oceanographic Commission (IOC). GCOS Implementation 
Plan (Zemp, 2022) considers the ocean sea state among the so-called 
Essential Climate Variables (ECV). ECVs according to GCOS are those 
that critically contribute to the characterization of Earth’s climate. For 
instance, for the wave height GCOS defines requirements (Ardhuin et al. 
2019) which are not currently satisfied by observing systems. Both 
operational systems GOOS and GCOS provide the necessary infrastruc
ture to collect and distribute these products in real-time to end-users. 
SeaVision data will cover the presently existing deficit both in areal 
and temporal coverage of the ocean. In the end this will support 
improving products that describe at a qualitatively high and uniform 
level the state of the ocean, an important part of the Earth system.

6. Conclusions

We presented SeaVision, an automated, cost-effective system 
attachable to standard shipborne navigation radars, enabling the 
continuous and real-time measurement of wind wave parameters, 
including directional spectra. Using onboard processing of radar back
scatter and optional GTS transmission, SeaVision supports customizable 
data resolution and volume, allowing seamless integration into existing 
maritime operations.

While standard navigation radars have some limitations associated 
particularly with the cut-off of resolution compared to separately 
installed commercial systems, their advantage is their availability on 
every vessel and thus the potential increase of usable platforms to pro
vide massive additional observations. Our work shows that these limi
tations could be partly minimized using calibration of measurements 

taken in different pulse modes (Section 3.3, Table 4).
Through case studies in diverse ocean environments and validation 

against Spotter buoys and satellite altimetry, we demonstrated the 
capability of SeaVision to provide high-quality in situ wave observa
tions. With over 1000 h of archived data, the system has proven robust 
across variable sea states and vessel types.

Given the continued decline of ship-based visual observations (VOS) 
and limited global buoy coverage, SeaVision offers a scalable alterna
tive. Its potential for widespread deployment aboard merchant vessels 
positions it as a valuable contributor to global ocean observing systems 
such as GOOS and GCOS, addressing Essential Climate Variables (ECVs) 
like sea state.

Further developments of SeaVision to be provided in the near future 
will include the possibility to retrieve surface wind, surface currents, 
detecting oil spills and charting sea ice (for which SeaVision is set 
already). Wind direction is determined by identifying the azimuth and 
range of the brightest region in the radar image (Dankert et al. 2003; 
Lund et al. 2012; Vicen-Bueno et al. 2013). Sea ice detection is based on 
averaging time series and compiling snapshots (Ermoshkin and Molkov, 
2022), making it well-suited for machine learning applications, while 
drift speed estimation has already been established (Lund et al. 2018a). 
Surface currents are derived by analyzing the Doppler shift in the 
dispersion relation (Young et al. 1985; Lund et al. 2015; Lund et al. 
2018b). SeaVision has also been used to detect internal wave signatures 
by analyzing surface roughness variance (Lund et al., 2013; Celona et al. 
2021; Kozlov et al. 2023), a process that, like the detection of oil slicks 
(Li et al. 2022) and artificial slicks (Ermoshkin et al. 2019), will be 
further automated.

SeaVision thus represents a promising path toward a truly global, 
shipborne in situ network for real-time remote sensing of the ocean 
surface.

Data availability

The SeaVision dataset, available at https://sail.ocean.ru/EzhovaS 
eaVision/, includes 10-minute mean wind wave characteristics such as 
significant wave height (SWH), peak wave period, and mean wave di
rection, as well as directional wave spectra with 25 frequency bins and 
36 directional bins. The dataset spans the period 2020–2025 and is 
regularly updated. Built-in software realizing all stages of pre-processing 
and SeaVision algorithms in the form of Python codes and platform in
dependent executable files are also available on the SeaVision portal.

All SeaVision outputs are provided as NetCDF files, each corre
sponding to one cruise. These files are supplemented with weather sta
tion data (surface temperature, SST, sea level pressure, humidity, wind 
speed) and with visual observations of the present and past weather and 
environmental conditions such as precipitation, wind state, visibility, ice 
conditions.. The full archive currently comprises approximately 150 
terabytes, with individual files ranging from 4 to 40 GB. Researchers 
interested in accessing the full raw radar dataset may contact Alexander 
Gavrikov at gavr@sail.msk.ru to request access.

A curated subset of SeaVision data is openly accessible through the 
PANGAEA repository Gavrikov et al. (2021) (for cruises before 2022) 
and has been expanded in Ezhova et al. (2025).
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Appendix A. Description of SeaVision algorithm

The SeaVision algorithm (as noted above, Section 2) consolidates different advantages of several algorithms for the radar image processing 
reviewed by Huang et al. (2017). The algorithm allows for retrieving from the raw radar images providing basic variables of wind waves (height, 
period and direction) as well as 1D and directional spectra. Fig. A1 shows the flowchart of the algorithm whose details are described below.

Fig. A1. Flowchart diagram of SeaVision algorithm.

A.1. Initial processing of the radar images
Let I (t, ρ, θ) be the initial time series of the intensity of the radar signal reflected from the sea surface in polar coordinates, where ρ is the range and 

θ is the azimuth, t is time. The raw radar image is highly anisotropic in azimuth (Lund et al. 2014; Støle-Hentschel et al. 2024). Following the 
methodology (Lund et al. 2014) a segment of size 384 × 384 px (corresponding to 720 × 720 m), is extracted and converted into Cartesian coordinates. 
Typically, the most representative segment is the one where wave crests are orthogonal to the radar beam. For real-time processing, a sequence of 256 
radar images is used, updating cyclically with each antenna rotation. If necessary (e.g., for averaging), the algorithm can be loaded with any dataset.

A.2. Wave direction estimation
First, the original dataset I (t, ρ, θ) is restricted to the range ρ ∈ (ρ1, ρ2), where ρ1 = 765 m, ρ2 = 1485 m (Fig. A2a), because it contains the highest 

contrast signal (Ezhova et al. 2024). Then the data are divided into 36 equal azimuthal segments, with qi = i ‧ 10◦, i ∈ {0, 35} (Fig. A2b). For each 
segment, azimuthal integration is performed (Fig. A2c): 

R(t, ρ) =
∫θi+1

θi

I(t, ρ, θ)dθ. (A1) 

After that we compute the variance si(t) over the range (ρ1, ρ2) (Fig. S1d): 
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s2
i (t) =

1
ρ2 − ρ1

∫ρ2

ρ1

⎛

⎝Ri(t, ρ) −
1

ρ2 − ρ1

∫ρ2

ρ1

Ri(t, ρ)dρ

⎞

⎠

2

dρ. (A2) 

The estimated wave direction θ* (with 180◦ ambiguity) is determined as: 

θ* = 10∘⋅i* = 10∘⋅argmax
i

(∫

si(t)dt
)

. (A3) 

To resolve the 180◦ ambiguity, a Hovmöller diagram is computed for Ri* (t, ρ) (Fig. A1e). The inclination of wave crest projections (either positive 
or negative) indicates that waves moved closer or further away from the radar. This inclination is estimated using a 2D Fourier transform that 
computes the ω-k spectrum (Fig. A2f).

Fig. A2. (a) Single radar image in polar coordinates across the entire available region, with the selected range (ρ1, ρ2). (b) Extracted range with 36 azimuthal 
segments (dashed yellow). (c) Azimuthal integration for each segment si(ρ), 36 color lines correspond to each segments. (d) Variance of the summed signal for each 
segment R(θ). (e) Hovmöller diagram of the summed signal for the selected azimuth θ* (orange on a and b). (f) ω-k pattern of the Hovmöller diagram, showing the 
maximum point (circle) and the fitted dispersion curve (dashed line).

A.3. Processing of the selected square
To compute the wave spectrum, a 384 × 384 px (720 × 720 m) segment is extracted from each of the 256 snapshots, centered at 0.5(ρ₁ + ρ₂) = 600 

px (1125 m) along the azimuth θ* (Fig. A3a). The segment is then transformed into Cartesian coordinates (x, y), where y is aligned with azimuth θ* and 
x is orthogonal to it (Fig. A3b). A 2D FFT is applied then in space domain, being followed by a Welch transform in time (Tilinina et al. 2022). At this 
stage the resulting 3D spectrum S(ω,k,θ), where ω is the temporal frequency, and k is the wave number, is analyzed to identify the dispersion shell 
(Young et al. 1985) (Fig. A3c) satisfying the deep-water wave dispersion relation: 

ω =
̅̅̅̅̅
gk

√
+ kVcosφ, (A4) 

where g is gravity acceleration, V is modulus of vector V includes ship velocity, current velocity and other typically smaller components, φ is the angle 
between the wave vector and V. The term kVcosφ is estimated by fitting the curve (A4) at the origin and the maximum point of S(ω, k) (Fig. A2f, A3d), 
which calculated as 

S(ω, k) =
∫2π

0

S(ω, k, θ)dθ. (A5) 
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Fig. A3. (a) Number of radar image frames in polar coordinates, with the selected square (orange) for further processing. (b) Sequence of radar frames extracted from 
the selected square (orange on a). (c) Identified dispersion shell extracted from 3D spectrum. (d) ω-k spectrum with the dispersion curve in the stationary frame (solid 
line), and its original position in the moving frame (dotted line) with dispersion shell boundaries indicated (dashed line), (e) Frequency spectrum, (f) Direc
tional spectrum.

A.4. Spectra calculation
The Doppler correction estimated in Section 2 is used to refine the position of the dispersion shell, ensuring that the final wave spectra correspond 

to a stationary reference frame (Collins III et al. 2017). The dispersion shell is then classified as the signal domain, while all other components are 
considered to be noise, also low frequency areas ω < ωl are considered as noise. The highest frequency ωh is determined by the antenna rotation speed. 
The shell width is selected equal to 0.025 Hz. A modulation transfer function k-1.2 is applied, where the degree of 1.2 was chosen as a hyperparameter 
for the processing and coincided with that proposed in (Nieto-Borge et al. 2000): 

S(ω, θ) =
∫

in shell

S(ω, k, θ)k− 1.2dk. (A6) 

The frequency spectrum F(ω) is computed as: 

F(ω) =

∫2π

0

S(ω, θ)dθ, (A7) 

and the directional spectrum D(ω,θ) as: 

D(ω, θ) =
S(ω, θ)
F(ω) . (A8) 

The peak frequency ωp=argmax F(ω), peak period Tp = 2π /ωp and mean wave period Tm01: 

Tm01= 2π
∫

F(ω)dω
∫

F(ω)ωdω, (A9) 

is estimated from the frequency spectrum. From directional spectrum we obtain bulk parameters a(ω), b(ω), their averages am, bm: 
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a(ω) =

∫2π

0

D(ω, θ)cosθdθ, b(ω) =

∫2π

0

D(ω, θ)sinθdθ,

am =

∫

a(ω)dω, bm =

∫

b(ω)dω,

(A10) 

and calculate the peak direction θp = arctan2(b(ωp), a(ωp)), mean direction θm = arctan2(bm, am), peak σp and mean spreading σm: 

σp =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2 − 2
(
a
(
ωp

)2
+ b

(
ωp

)2)1/2
√

, σm =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2 − 2
(
am

2 + bm
2)1/2

√

. (A11) 

Finally, the significant wave height is estimated using the Eq. (1) from Nieto-Borge et al. (1999), where SNR calculated as: 

SNR =

∫ωh

ωl

∫2π

0

S(ω, θ)dθdω

∫ωh

ωl

∫

out of shell

S(ω, k)dkdω

, (A12) 

where A, B are predominant calibration coefficients determined in advance, based on the characteristics of radar and validated using buoy data. For 
some cases when reliable weather station data is available instead of (1), the empirical parametrization (2) taking into account the wind speed is used. 
All subsequent calculations are independent of these parameters. Since Hs*=4m0

1/2 where the zeroth moment of the spectrum m0 defining as 

m0 =

∫

F(ω)dω, (A13) 

the conversion coefficient to energy units in (A7) is computed as (Hs* / Hs)2.
A.5. Real-time processing details
In continuous operation, the algorithm processes a sequence of 256 sequential radar images with the specified discretization. The results are 

averaged over 3–5 consecutive executions of the algorithm. Instead of storing the full dataset (4 GB) in RAM, only the extracted squares (~30 MB) are 
retained. To prevent artificial discontinuities when merging different image segments, the algorithm restricts abrupt changes in θ*. For consecutive 
frames, is allowed to shift only by one adjacent segment. If a pulse change occurs, the affected frame is excluded from processing. When starting, the 
required number of pictures is accumulated, so the first results can be obtained with a delay of about 10 min after turning on (depending on the 
number of images processed, i.e. temporary resolution).
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