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Abstract

Wave information retrieval from videos captured by a single camera has been increasingly applied in marine
observation. However, when the camera observes ocean waves at low grazing angles, the accurate extraction of
wave information from videos will be affected by the interference of the fine ripples on the sea surface. To solve
this problem, this study develops a method for estimating peak wave periods from videos captured at low grazing
angles. The method extracts the motion of the sea surface texture from the video and obtains the peak wave
period via the spectral analysis. The calculation results captured from real-world videos are compared with those
obtained from X-band radar inversion and tracking buoy movement, with maximum deviations of 8% and 14%,
respectively. The analysis of the results shows that the peak wave period of the method has good stability. In
addition, this paper uses a pinhole camera model to convert the displacement of the texture from pixel height to
actual height and performs moving average filtering on the displacement of the texture, thus conducting a
preliminary exploration of the inversion of significant wave height. This study helps to extend the application of
sea surface videos.

Key words: low grazing angle, sea surface texture, video, peak wave period, significant wave height, image
matching

Citation: Yu Haipeng, Chu Xiaoliang, Yuan Guang. 2024. Estimation of peak wave period from surface texture motion
in videos. Acta Oceanologica Sinica, 43(9): 136–144, doi: 10.1007/s13131-024-2359-y

1  Introduction
Wave information is crucial for coastal and ocean engineer-

ing, marine energy and other fields (Villas Bôas et al., 2019; Ahn
et al., 2020; Arefin et al., 2022; Blenkinsopp et al., 2022; Li et al.,
2022). Specifically, peak wave period and significant wave height
are two important parameters to be considered when designing
ocean engineering structures (Ti et al., 2019; Malliouri et al.,
2021; Afzal and Kumar, 2022). Wave parameters are usually ob-
tained using buoys, where wave motion information is obtained
by measuring the buoy motion (Ardhuin et al., 2019). The results
of this in situ measurement technology are more accurate.
However, the buoys cannot provide a wide range of wave inform-
ation, and they are susceptible to damage by natural factors and
human activities, which is costly. In recent years, remote sensing
technology has developed significantly. This technology does not
need to be immersed in the water, thus avoiding the interference
of wave measurement and enriching the means of obtaining
wave information. At present, a variety of remote sensing wave
measurement techniques have been developed, such as satellite
altimeter, Synthetic Aperture Radar (SAR) (Chaturvedi, 2019),
high-frequency surface wave radar, X-band radar (Wu et al.,
2022), and video-based wave analysis technology (Osorio et al.,
2019; Guimarães et al., 2020).

Among these technologies, video-based wave analysis tech-
nology is noteworthy for its high spatial and temporal resolution,
low cost, and ease of deployment, and it has been utilized to ob-
tain wave parameters including peak wave period and significant
wave height (Spencer et al., 2006). Furthermore, upgrading and

networking existing sea surface video-based monitoring systems,
initially deployed for various marine operations, could enable
real-time sea wave monitoring. Such enhanced systems would
offer expanded capability beyond the confines of single-point
measurements provided by buoys and other instruments,
thereby supplying substantial data for wave-related marine re-
search.

Stereo imaging, a technique that utilizes the geometric rela-
tionships between the left and right cameras to reconstruct the
ocean surface (Kim et al., 2022), has seen significant advance-
ments in recent years as a prevalent method for wave measure-
ment. A representative system called Wave Acquisition Stereo
System (WASS) was developed based on the pyramidal pixel-
based correlation method (Benetazzo, 2006), and its first open-
source version was released in 2017 (Bergamasco et al., 2017).
Unlike traditional methods that analyze a single stereo image
pair, WASS reconstructs surface heights from a sequence of im-
ages, and it has been widely used in wave research (Alberello
et al., 2022; Davison et al., 2022; Malila et al., 2022). With the de-
velopment of this system, it was upgraded to WASSfast, which
significantly improved the performance of 3D reconstruction of
the sea surface and enabled near real-time optical measure-
ments of ocean waves (Bergamasco et al., 2021). Based on this
open-source software, Vieira et al. (2020) implemented wave ob-
servation through a stereo imaging system comprising two smart-
phones, simplifying the design and reducing costs. However, the
stereo imaging technique requires at least two cameras and im-
age matching, excluding a large amount of video data captured  
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by many single-video systems and thus limiting the video
sources.

In contrast to stereo imaging, single-camera video captures
images using a single sensor. This video analysis technique is
suitable for a broader range of data sources and application scen-
arios and shows tremendous potential in video-based wave re-
search. The Argus program (Holman and Stanley, 2007) and the
Coastal Imaging Research Network group (Palmsten and Brodie,
2022) are dedicated to gaining a better fundamental understand-
ing of the coastal environments derived from optical images.
These research projects monitor the coast region to analyze
beach morphology, estimate coastal depths, etc. In addition, oth-
er researchers have also carried out some work related to single-
camera video. Osorio et al. (2019) proposed a method that em-
ploys time-stack images and signal processing techniques to es-
timate wave spectra parameters from beach videos and validate
the peak wave period. Spencer et al. (Spencer and Shah, 2004;
Spencer et al., 2006) determined the real-world scale and marine
environment parameters using videos from an uncalibrated cam-
era. They combined spatial and temporal frequency spectra ex-
tracted from these videos with knowledge of the physics of water
waves to derive wave heights, wind speeds, and sea state. Almar
et al. (2021) developed an independent regression model that de-
rives sea state from drone and satellite imagery. In the men-
tioned coastal studies, wave speed decreases and wave height in-
creases as waves approach the shore due to the shallowing of wa-
ter depths. This change in water depth results in the wave direc-
tion being perpendicular to the shoreline while the wave crests
become more prominent or even break, which provides a key
feature for video-based wave analysis. However, wave propaga-
tion on flat-bottomed shores exhibits different characteristics
than on shores with sloping bottoms. The crests of the waves will
not be as prominent as they would be while propagating toward
the beach. Additionally, the direction of wave propagation will
neither be constant nor always perpendicular to the shoreline,
necessitating a different strategy for studying waves. In the work
of Spencer et al. (2006), images captured by a camera at an angle
of 80° (10° below the horizon) were converted to a vertical view
through a perspective transformation. This angle is almost the
limit of observation. However, in specific video scenarios, such as
harbor surveillance and fisheries management, the camera tends
to capture the sea surface in a horizontal view. When observing at
this low grazing angle (no more than 5° below the horizon), the
texture in the image is mainly from waves propagating parallel to
the line-of-sight direction, while waves propagating perpendicu-
lar to the line-of-sight direction are not apparent (Perugini et al.,
2019). Moreover, the features in the images are primarily from
high-frequency waves rather than from the dominant waves (Stil-
well, 1969). This scenario poses some challenges in extracting
wave parameters from the video, especially for waves propagat-
ing perpendicular to the line-of-sight direction, as they are diffi-
cult to distinguish.

In this article, a method of peak wave period estimation from
sea surface videos taken at low grazing angle is proposed. The
method utilizes the texture presented by the ripples of the sea
surface in the image as a marker of wave motion. The texture mo-
tion in the video is analyzed using image matching technique.
Subsequently, peak wave periods are determined through spec-
tral analyses. This research contributes to expanding the regions
and modalities of wave observation and provides a broader range
of avenues for wave research.

The paper is structured as follows. Section 2 presents the
method for recognizing wave motion using image texture and

video data processing. Section 3 shows the computational results
of applying this method to a field case. Section 4 discusses some
factors affecting the experimental results. Section 5 concludes
this paper.

2  Materials and methods

2.1  Data and instrumentation
The data used in this paper were obtained from a video sys-

tem deployed in Zhoushan City, Zhejiang Province, China. The
video system features a field of view of 20° × 10°, an image resolu-
tion of 2 560 pixel × 1 440 pixel, and a frame rate of 25 frames per
second. Meanwhile, an X-band radar is deployed at the same site.
The radar system possesses a range resolution of 5 m, a detection
range of up to 3 000 m and an angular resolution of 0.1°. Data are
collected at 10-min intervals, with each acquisition containing 64
frames and taking about 2 min. The distances necessary for the
calculations are obtained from pre-calibrated X-band radar. The
experimental results are evaluated using the average values of
wave parameters, which are obtained through the inversion of
radar data collected concurrently with the video.

2.2  Algorithms
Capillary waves on the ocean surface show discontinuous tex-

ture features in the images (Pan et al., 2020; Falcon and Mordant,
2022). This texture is particularly noticeable at low grazing
angles. Capillary waves on the sea surface rise and fall with the
waves and are modulated by the waves. The texture presented in
the video image also reflects the wave motion, allowing the crests
and troughs to be clearly distinguished in the video. Figure 1
gives a frame from the video to illustrate the relationship between
texture variations in the video and wave propagation. Observing
the footage shows that the wave propagates from right to left. The
whitecap of the wave is visible in the figure as the crest of the
wave. A region to the left of the crest (white box in Fig. 1) was se-
lected as an observation sub-image to analyze the texture
changes caused by the propagation of the wave to this region. To
further illustrate the characteristics of the texture transformation
over time here, the sub-images of this region at six moments se-
lected from the video are given in Fig. 2. Among them, Figs 2a–c
are the images before the wave reaches the region, while
Figs 2d–f are the images after the wave passes through the region.
It can be seen that the propagation of the wave causes a change
in the texture distribution in the image. Selecting one of the dark
stripes (the region surrounded by the dotted line in the figure) from
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Fig. 1.   Sea surface image captured by the video system. The yel-
low arrow in the figure points to the direction of wave propaga-
tion, and the white box indicates the sampling region used to
identify the waves. Time in UCT+8.
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Figs 2a–c, it is found that the position of the stripe in the image
gradually moves upwards with the increase of time. Similarly, ob-
serving one of the dark stripes in Figs 2d–f, it is found that the
stripe moves downwards with time. This change indicates that
the texture in the video image moves up and down regularly with
the propagation of waves, and its movement has the same oscil-
lation period as the waves. Therefore, these textures can serve as
markers of sea surface movement similar to buoys, allowing wave
parameters to be extracted by analyzing their movement period.

In computer vision, the task of tracking objects within images
has been extensively studied, and this approach is commonly
known as optical flow (Horn and Schunck, 1981; Lowe, 2004; Bay
et al., 2008; Goncalves et al., 2011). Observing the textures pro-
duced by the waves revealed that these textures existed in the ob-
served area for a short period, characterized by the rapid disap-
pearance of old textures and the continuous emergence of new
ones. Not only that, the texture of the sea surface makes it often
difficult to present a clear outline in the image. Given the fea-
tures of wave texture, this paper utilizes a template matching ap-
proach to extract motion information from videos. This method
does not track a particular texture but involves every sub-image
pixel in the matching process. It can effectively track the motion
of the texture, thus avoiding tracking failures due to texture dis-
appearance. Through the application of a Fourier transform to
the displacement of the texture, the peak wave period can be de-
rived. The flow diagram is shown in Fig. 3.

The purpose of adjacent sub-image matching is to determine
the position of the texture from the previous frame within the
current frame. In this study, image matching is performed by ex-
ploiting the correlation between adjacent sub-images, a method
that has been widely studied in the field of image processing

(Kim et al., 2019; Ye et al., 2019; Cui et al., 2022). The sub-image
from the previous frame serves as the template image. Mean-
while, the sub-image from the current frame, which is slightly lar-
ger in size than the template image, serves as the target image.
The image matching operation is implemented by the Open
Computer Vision Library (OpenCV). It should be noted that in
this study, the propagation of waves is considered the cause of
vertical texture changes. Therefore, the deviation distance
between the matched position and the center pixel in the vertical
direction is taken as an indicator of texture movement. Figure 4
provides an example illustrating the acquisition of texture dis-
placement. The template image and the target image are sized at
20 pixel × 20 pixel and 30 pixel × 30 pixel, respectively. The right
panel of Fig. 4 illustrates the distribution of matching correla-
tions across different positions, comprising an 11 × 11 grid of val-
ues. The red box denotes the center of the image, whereas the
black box indicates the position of the maximum value obtained
from the matching process, representing the best match position.
Based on these, it can be concluded that the texture has shifted
upwards by 1 pixel in the time interval between the two frames.

Each frame in the video was matched with the previous frame
according to this method. The cumulative displacement of the
texture for each frame was determined by accumulating the
number of pixels shifted up to that frame (with upward move-
ment denoted as positive and downward movement as negative),
thus obtaining the texture displacement over time. This match-
ing method, which only returns integer results, inherently intro-
duces a loss of precision. To enhance accuracy, the image is en-
larged using bicubic interpolation before matching, ultimately
achieving sub-pixel resolution. Figure 5 shows the matching res-
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Fig. 2.     Sub-images of six moments taken from the video. The
white dashed ellipse indicates the position of the ripple texture in
the  image,  and  the  black  dashed  line  serves  as  a  reference
baseline for observing the movement of the texture. The textures
in the image show upward (a, b, c) and downward (d, e, f) move-
ment as the waves pass by.
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Fig. 3.   Flow diagram of video analysis.
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Fig. 4.     Schematic of sub-image matching (left) and matching
results (right). Lighter grey scale indicates larger values; the black
box in the figure indicates the position of the maximum value ob-
tained from the matching process; the red box denotes the cen-
ter of the image.
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Fig.  5.     Texture  displacements  were  derived  by  matching
between every two adjacent frames before and after the wave
passes the observation position (upper curve), and continuous
texture displacements were obtained by accumulating the dis-
placement data (lower curve).
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ults for 80 consecutive frames as a wave passes. During the
matching process, the images were enlarged by a factor of 10,
achieving a matching accuracy of 0.1 pixels. The time-varying
texture displacement reflects the periodicity of the sea surface
undulation, and by performing a Fourier transform on these dis-
placement data, the wave spectrum is obtained, from which the
wave period can be derived. To be able to obtain more accurate
peak wave periods, the Wave Analysis for Fatigue and Oceano-
graphy (WAFO) toolkit is used in this paper (Brodtkorb et al.,
2000).

3  Results
The first video was recorded on July 3, 2021, from 16:30 to

16:50 (UCT+8). The video spans 20 minutes, encompassing a
total of 30 000 frames. Three regions labelled A, B, and C from the
video were selected for extracting the wave data to verify the spa-
tial stability of the method, as shown in Fig. 6.

Based on observations, the height of textures in the video
ranged from approximately 10 pixel to 20 pixel. Therefore, in this
study, sub-images of 20 pixel × 20 pixel were cropped to ensure
that they encompassed at least one texture. The texture displace-
ment obtained by applying the image matching method to Re-
gion A in the video is shown in Fig. 7. Subsequently, utilizing the
WAFO toolbox, the wave spectrum based on these texture dis-
placements was plotted, as shown in Fig. 8. Notably, Fig. 8 re-
veals a tendency for long-period offsets in the texture displace-
ments, resulting in an unusually elevated wave spectrum in the
low-frequency portion (below 0.8 rad/s). Osorio et al. (2019)
faced a comparable noise challenge during pixel intensity pro-
cessing. They tackled it by using cutoff frequencies to remove
noisy signals. Consequently, disregarding the low-frequency part
of the spectrum does not compromise the spectral analysis.
Within the spectral region exceeding 0.800 rad/s, the peak is at
0.982 1 rad/s, corresponding to a period of 6.40 s (2π/0.982 1 =
6.40).

In order to assess the accuracy of the resulting peak wave
period, this paper employs two methods for data validation. The
first method involves using an X-band radar deployed in the field
to invert the peak wave period from radar data. The peak wave
period inverted by the X-band radar is 6.06 s, which differs by
only 0.34 s from the peak wave period obtained through the im-
age matching method. The second method uses the buoy move-
ment to obtain the peak wave period. Kim (2005) and Kim and
Cho (2005) have verified that buoy motion observed from video
can reflect wave characteristics. In their study, the video-based
results demonstrated an 8% deviation in wave period compared
to measurements from a bottom pressure gauge (Kim et al.,
2008). Figure 6 identifies a buoy in the vicinity of Region A, which
will be utilized to estimate the peak period of waves. The buoy
motion in the video is tracked using the Channel and Spatial Re-
latibility Tracking (CSRT) tracker, capturing its vertical move-
ment data. The WAFO toolkit is employed to transform the buoy
motion data into a wave spectrum, and the peak period is extrac-
ted from this spectrum, as shown in Fig. 9. The spectral peak is
located at 1.103 rad/s, which differs from the spectral peak shown
in Fig. 8 by 0.120 9 rad/s, corresponding to a difference of 0.7 s in
the peak wave period as determined by the two methods. This
deviation is not substantial, and as observed in Fig. 9, a higher
numerical distribution is present within the range of 0.925 8
rad/s to 1.103 0 rad/s. This phenomenon is attributed to the com-
plexity of nearshore waves, where various wave components su-
perimpose to form this wave spectrum.

The calculated results for Regions A, B, and C labeled in Fig. 6
are shown in Table 1. It can be observed that the peak wave peri-
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Fig. 6.   Frame from the video showing three selected regions (A,
B, and C) for wave parameter extraction.
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Fig. 7.   Texture displacement in Region A.
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Fig. 8.   Spectrum of texture displacement in Region A.
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Fig. 9.   Wave spectra calculated from buoy motion data.

 

Table 1.   Peak wave periods TA, TB, and TC corresponding to Re-
gions A, B, and C in Fig. 6, respectively, along with the radar-de-
rived peak wave period Tradar and the peak wave period Tbuoy ex-
tracted from buoy motion, during 16:30 to 16:50 (UCT+8) on July
3, 2021

TA/s TB/s TC/s Tradar/s Tbuoy/s

6.40 6.52 5.82 6.06 5.70
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ods derived from the three observation regions are relatively con-
sistent, with a maximum deviation of 8% compared to the radar
inversion results. When compared to the results derived from
buoy motion, the maximum deviation is 14%. These findings in-
dicate that this video analysis method has the capability to invert
peak wave periods.

To further validate the video analysis method proposed in this
study, additional video data from seven time intervals throug-

hout July 3 and four time intervals from various dates were ana-
lyzed. The sub-images for analysis were selected from Region A
in Fig. 6, a location closer to the buoy. The peak wave periods de-
rived from image matching are shown in Table 2. Compared to
the radar inversion results, the mean deviation is 3%, with a max-
imum deviation of 7%. Compared to the results derived from
buoy motion, the mean deviation is 5%, with a maximum devi-
ation of 11%.

4  Discussion

4.1  Selection of observation region positions
Significant differences exist between the near and far views in

videos captured from a horizontal perspective. Given that the cal-
culation of wave parameters intrinsically depends on the texture
within the image serving as a pivotal feature, it is necessary to se-
lect a region where the texture is distinctly visible. This requires
avoiding selecting regions so far away that the texture is indistin-
guishable and choosing relatively closer regions. It is not only be-
cause the texture is clearer at closer distances but also because
pixels at different distances represent different sizes of the sea
surface. For sub-images of the same size, farther away scenes
correspond to larger regions of the sea surface, resulting in tex-
tures in the image that do not effectively serve as markers reflect-
ing wave motion.

An assessment of this effect was conducted by selecting a dis-
tant region from the video recorded during 16:30 and 16:50
(UCT+8) on July 3, 2021, as shown in Fig. 10. The distances
shown in this figure are calculated based on a perspective projec-
tion matrix, and the region depicted spans a range from 690 m to
776 m. Figure 11 illustrates the wave spectrum derived from the
texture displacement extracted at this position. The spectral
density in the figure decreases monotonically with increasing fre-

quency, making it impossible to identify the position of the peak
from the spectrum. Therefore, to obtain accurate data, it is advis-
able to select regions with clear textures that are closer.

4.2  Potential for estimating significant wave height
Through observation of the video, it was found that the vertic-

al displacement of texture is closely correlated with wave height,
where larger waves correspond to greater movement distances.
Based on this, the present study further explored the potential of
extracting significant wave heights from the videos. Specifically,
mapping the pixel movement of texture to real-world distances,
followed by a smoothing technique to derive the sea surface elev-
ation. Finally, the significant wave height was calculated from the
derived data. The pinhole camera model can be used to establish
a mapping relationship between pixel heights and actual heights
(Hao et al., 2023; Yoo and Kim, 2023), as shown in Fig. 12.

In Fig. 12, y is the height of a single pixel, O is the optical cen-
ter of the camera, and Z is the distance between the camera and
the observation point. Y represents the actual height of the sea
surface ripple change corresponding to a one-pixel movement of
texture and can be determined using the equation below:

Y =
Z× tan

α


n


, (1)

 

Table 2.   Comparison of peak wave periods derived from image matching method Timage, radar inversion Tradar, and buoy motion ana-
lysis Tbuoy, and the deviations of Timage relative to Tradar (Dradar) and Tbuoy (Dbuoy)

Date and time (UCT+8) Timage/s Tradar/s Dradar Tbuoy/s Dbuoy

2021-07-03 08:30–08:50 6.04 6.46 6.5% 6.04 0.0%

2021-07-03 10:30–10:50 6.01 5.97 0.7% 6.02 0.2%

2021-07-03 11:30–11:50 5.72 5.96 4.0% 5.34 7.1%

2021-07-03 12:30–12:50 5.72 6.04 5.3% 6.43 11.0%

2021-07-03 13:30–13:50 6.18 6.20 0.3% 6.04 2.3%

2021-07-03 15:30–15:50 6.13 6.20 1.1% 6.04 1.5%

2021-07-03 18:30–18:50 6.21 5.91 5.1% 6.15 1.0%

2021-06-02 15:50–16:10 6.21 6.63 6.3% 7.01 11.4%

2021-06-09 09:50–10:10 6.02 6.12 1.6% 5.50 9.5%

2021-06-15 15:00–15:20 6.37 6.73 5.3% 6.26 1.8%

2021-07-04 17:00–17:20 6.39 6.35 0.6% 6.76 5.5%

 

1 500
1 000

700

Dis
 

tance/m

July 3, 2021 16:30:01

500

300

230

region of interest

(690−776 m range)

 

Fig. 10.   Selected region for assessing the impact of distance.
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Fig. 11.   Spectrum derived from texture displacement extracted
at a distant location.
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where α is the vertical field of view of the camera, and n is the ver-
tical resolution. By multiplying the calculated height of a single
pixel by the number of pixels corresponding to texture displace-
ment, the unit can be converted from “pixel” to “m”. However,
the obtained texture displacement is unsuitable for direct use as
sea surface height data. The sea surface can be affected by many
factors. Although waves are the main factor in the motion of the
texture, other environmental factors, such as current and wind,
affect the movement of the texture of the sea surface. These
factors give the texture in the image an additional component of
motion in the vertical direction, resulting in a bias in the dis-
placement of the texture extracted from the video. For example,
in Fig. 5, the accumulated texture displacement starts from 0
pixel and moves up to 5.7 pixel and then down to –1.9 pixel in-
stead of returning to the initial 0 pixel. Such bias accumulates
gradually over time, leading to a significant deviation. This data
deviation is a long-period variation that a moving average filter
can separate. The filtered result hsmoothed reflects the accumula-
tion of displacement deviation, and the difference between this
result and the original displacement horiginal is the real sea sur-
face elevation hresult, as in the following:

hresult = horiginal − hsmoonthed. (2)

The wave height data obtained after filtering can be used to
calculate the significant wave height using the zero up-crossing
method (Pierson Jr., 1954; Rattanapitikon, 2008).

The vertical resolution of the video system is 1 440, and the
vertical field of view is 10°. The distance to Region A is measured
by the radar to be 245 m. Substituting these values into Eq. (1)
yields a height of 0.03 m per pixel. The distance-based texture
displacement can be calculated by taking the product of this
height and the texture displacement of Region A. The obtained
new displacement curve is morphologically consistent with the
original curve (Fig. 7), with the only difference being the change
in displacement units from “pixel” to “m”. To address the long-
period offset present in the displacement, a moving average filter
is applied to isolate the sea surface elevation from the data. Based
on the wave spectrum presented in Fig. 8, a cutoff frequency of
0.8 rad/s was chosen to separate the high and low frequencies. To
achieve this, a filter of length 197, equivalent to a temporal win-
dow of 7.84 s (25 frames per second), was defined as the convolu-
tion kernel for filtering the data. After filtering, the data fluctu-
ated around zero with values less than 1 m, as shown in Fig. 13.
The filtered data can be regarded as the sea surface elevation,
and the significant wave height H1/3 can be calculated to be
0.98 m by the zero up-crossing method.

The filtered sea surface elevation data shown in Fig. 13 have
eliminated low-frequency interference, and the wave spectrum
plotted by WAFO is shown in Fig. 14. The dominant peak fre-
quency of the wave spectrum is 1.078 0 rad/s, which differs by
only 0.095 9 rad/s from the 0.982 1 rad/s shown in Fig. 8. The

zeroth moment m0 can be calculated from the wave spectrum by
spectral analysis and the significant wave height Hm0 can be fur-
ther calculated:

Hm = 
√
m, (3)

m =

∫ ∞


S(ω)dω. (4)

The zeroth moment m0 is extracted from the wave spectrum
as 0.068 5, from which the significant wave height Hm0 is further
calculated to be 1.05 m. This result is close to the significant wave
height H1/3 of 0.98 m obtained by the zero up-crossing method,
but there is a slight difference. The existence of this difference is
reasonable because the wave heights from statistical and spec-
tral analyses will only be consistent if the wave heights follow the
Rayleigh distribution (Rattanapitikon and Shibayama, 2013).
However, for real data, H1/3 is usually not equal to Hm0 (Battjes
and Groenendijk, 2000; Goda, 2009).

The significant wave height obtained from the simultaneous
spatio-temporal inversion of X-band radar data is 1.22 m. In
comparison, the result from the zero up-crossing method is un-
derestimated by 0.24 m, and that calculated through the zeroth
moment is underestimated by 0.17 m. It should be noted that the
size of the sub-images is closely related to the significant wave
height, which will be discussed in the following section. Al-
though the accuracy of the significant wave height requires fur-
ther validation with more data, the currently obtained significant
wave height can reflect the state of the sea waves to a certain ex-
tent, indicating the potential of the video analysis method
presented in this paper for inverting significant wave height.

4.3  Selection of sub-image size
The size of the sub-image cropped from the video is an issue

to be considered. A size that is too small to contain enough tex-
ture information and too large to contain multiple textures with
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Fig. 13.   Sea surface elevation after filtering.
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Fig. 14.   Wave spectrum plotted from filtered sea surface eleva-
tion.
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different motion trends can lead to inaccurate matching results.
The sub-images ranging from 10 pixel × 10 pixel to 100 pixel ×
100 pixel were extracted from Region A of Fig. 6 for illustrative
comparison. Figure 15 shows the texture displacement results for
10 pixel × 10 pixel and 20 pixel × 20 pixel. Examination of the data
found some anomalous data in the matching results for the
10 pixel × 10 pixel size. For instance, between 335.84 s and
335.88 s, the texture is moved down by up to 5 pixels. However, it
is clear that the texture of the sea surface does not move 5 pixels
in 0.04 s time. This data implies that the texture was moving very
fast, which is clearly false. In fact, the texture usually moves no
more than one pixel in a two-frame interval, as shown in Fig. 5.
Within 20 min of data comprising 30 000 frames, matching res-
ults for texture displacements exceeding one pixel were recorded
260 times in the 10 pixel × 10 pixel images. In contrast, such in-
stances were recorded only 6 times in the 20 pixel × 20 pixel data,
which may be attributed to incidental factors such as camera
shake.

Selecting a larger size for the sub-image, which encompasses
more textures, will likewise preclude the accurate determination
of the displacement of the textures. The time interval between the
two frames is brief relative to the movement of the textures,
where most of the textures that do not move more than one pixel
are considered to be not displaced. Only a very small percentage
of the textures are recognized as displaced. However, the results
of image matching reflect the correlation between the entire sub-
images, implying that the displacement of individual textures is
difficult to capture. It can also be seen from the figure that the
amplitude of texture displacement decreases as the size in-
creases. Table 3 presents the results of the calculations for these
ten sizes, where the significant wave height deviates noticeably as
the size of the sub-image increases. The significant wave height is
reduced by 14% compared to 20 pixel × 20 pixel when the size is

increased to 100 pixel × 100 pixel. Therefore, the criterion for se-
lecting the sub-image size is to choose the smallest size possible
while ensuring the rare occurrence of anomalous data. From the
above analysis, it can be seen that the selection of the region
mainly affects the amplitude of the motion of the textures and
has little effect on the motion period. This is consistent with the
calculated results listed in Table 3, where the peak wave period of
each region is observed to be nearly unaffected, exhibiting good
consistency. In practical processing, the size of the sub-image
can be gradually increased, and the required sub-image size can
be determined once the resulting peak wave periods tend to sta-
bilize.

To further elucidate the variation in sub-image sizes under
different sea state conditions, and considering the limited avail-
ability of real data, this study employed Tessendorf’s ocean simu-
lation technique for analysis (Tessendorf, 2001). This simulation
method combines inverse Fourier transform technique with rel-
evant oceanographic knowledge to create sea surface scenes,
thus enabling the generation of videos under various sea state
conditions. Building upon this, the sea surface optical video im-
ages are calculated using the principles of light reflection, and are
generated using the Open Graphics Library (OpenGL). It is equi-
valent to placing a virtual camera in the simulation process to
mimic the real camera imaging. For all simulated videos, the
viewport was set to 300 pixel× 300 pixel, with a 2° field of view
(equivalent to a 1 500 pixel × 1 500 pixel resolution at a 10° field of
view). The viewpoint was positioned 15 m above the sea surface
and directed towards the sea at a 3° depression angle, as shown
in Fig. 16. The Fourier grid was set to 256 × 256 in size, and each
video had a duration of 20 min at 25 frames per second. The
model used to generate the sea surface video is based on the Phil-
lips spectrum (Tessendorf, 2001), which is parameterized by
wind speed. There is a relationship between wind speed and
peak wave period as follows (Tessendorf, 2001; Spencer et al.,
2006):

T =
πV 

√


g
, (5)

where V  is the wind speed, g  is the acceleration of gravity
(9.8 m/s2), and T is the peak wave period.

In the generated videos, the wind speeds were set at 3 m/s,
7 m/s, and 12 m/s, propagating parallel to the line of sight. The
peak wave periods derived from video analysis and the theoretic-
al values calculated according to Eq. (5) are summarized in
Fig. 17. At a wind speed of 3 m/s, the peak wave periods derived
from small-sized sub-images exhibited some fluctuation and sta-
bilized starting from a 60 pixel × 60 pixel size. At wind speeds of
7 m/s and 12 m/s, the peak wave periods derived from video ana-
lysis are relatively stable, except for significant deviations at the
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Fig. 15.   Comparison of texture displacement between 10 pixel ×
10 pixel and 20 pixel × 20 pixel.

 

Table 3.   Peak wave period Tp and significant wave height H1/3

corresponding to pixel sizes from 10 × 10 to 100 × 100 for sub-
images

Size Tp/s H1/3/m

10 pixel × 10 pixel 5.83 0.92

20 pixel × 20 pixel 6.40 0.98

30 pixel × 30 pixel 6.40 0.96

40 pixel × 40 pixel 6.40 0.93

50 pixel × 50 pixel 6.40 0.92

60 pixel × 60 pixel 6.40 0.91

70 pixel × 70 pixel 6.40 0.89

80 pixel × 80 pixel 6.40 0.87

90 pixel × 90 pixel 5.90 0.86

100 pixel × 100 pixel 6.19 0.84
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Fig. 16.   Simulated sea surface video image.
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20 pixel × 20 pixel. According to the analysis results, the size of
the sub-images should not be too small, which may be due to the
lack of fine textures in the simulated videos. Changes in wind
speed result in variations in the size of the selected sub-image.
However, when the size of the sub-image is within a certain
range, the peak wave period exhibits relatively high stability,
which is consistent with the calculation results from real data.

5  Conclusions
This paper proposes a method for extracting peak wave peri-

od from sea surface video. The method first identifies the motion
of sea surface textures through image matching and then calcu-
lates the peak wave period from these data. These extracted peak
wave periods are compared with X-band radar inversion results
and values calculated from buoy motion tracking. This method
demonstrates good stability in inverting the peak wave period
across varying sizes of sub-images. However, it encounters limit-
ations in distinguishing peak positions when the distance be-
comes excessive. Hence, when selecting regions, it is advisable to
choose those that are neither too large nor too distant, to ensure
clear visibility of texture features within the observation area. Un-
der these conditions, the peak wave periods derived from the
method presented in this study exhibited a maximum deviation
of 8% compared to the results from X-band radar inversion, and a
maximum deviation of 14% compared to the results from track-
ing buoy motions. Although the method still has some limita-
tions in selecting areas, it can provide a cost-effective option for
near-shore surface wave monitoring, especially in areas where
conventional instruments are difficult or costly to deploy.
Moreover, this study employed ocean simulation technique to
validate the effectiveness of this method under various sea state
conditions, as well as the size of sub-images corresponding to
each condition. For future work, this method needs more real
data with various sea state conditions to be verified and im-
proved, thereby elevating its applicability and utility in engineer-
ing applications.
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