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Abstract—In this article, the accuracy of wave direction and
period estimation from X-band marine radar images under different rain rates is analyzed, and a simple subimage selection
scheme is proposed to mitigate the rain effect. First, each radar
image is divided into multiple subimages, and the subimages with
relatively clear wave signatures are identified based on the randomforest-based classification model. Then, wave direction is estimated
by performing the Radon transform on each valid subimage. As
for wave period estimation, a new method is proposed. Texture
features are first extracted from each pixel of the selected subimage using the gray-level co-occurrence matrix and combined as a
feature vector. Those feature vectors extracted from both rain-free
and rain-contaminated training samples are then used to train
a random-forest-based wave period regression model. The shorebased X-band marine radar images, simultaneous rain rate data,
as well as buoy-measured wave data collected on the West Coast
of the United States are used to analyze the rain effect on wave
parameter estimation accuracy and validate the proposed method.
Experimental results show that the proposed subimage selection
scheme improves the estimation accuracy of both wave direction
and wave period under different rain rates, with reductions of
root-mean-square errors (RMSEs) by 6.9◦ , 6.0◦ , 4.9◦ , and 1.0◦ for
wave direction under rainless, light rain, moderate rain, and heavy
rain conditions, respectively. As for wave period estimation, the
RMSEs decrease by 0.13, 0.20, 0.30, and 0.20 s under those four
rainfall intensity levels, respectively.
Index Terms—Rain, random forest, subimage selection, wave,
X-band marine radar.

I. INTRODUCTION
N X-band marine radar plays a significant role in ocean
remote sensing taking advantage of its high temporal and
spatial resolution. Sea surface variations can be imaged from the
backscattering of the electromagnetic waves [1], which makes
it possible to utilize the marine radar images to estimate the sea
surface features efficiently, such as wind [2], [3], wave [4]–[7],
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and current [8]–[10] parameters. The parameters estimated from
X-band radar data are essential to various coastal activities, such
as offshore oil exploitation, ship navigation, and coastal hazard
prediction [11], [12]. However, the presence of rainfall will
negatively influence the measurement accuracy of those sea state
parameters because the raindrops on the ocean surface and in the
atmosphere alter both sea surface roughness and X-band radar
backscatter [13], [14]. In consequence, some wave signatures
of radar backscatter images are blurred, and those previously
proposed methods for wind and wave parameter estimation
might not work well. In order to detect the presence of rain
from radar images, various methods have been proposed to classify the radar images into rainless and rain-contaminated types
so far, including the mean-and-difference-coefficient-analysisbased method [15], zero-pixel-percentage-based method [2],
and the support-vector-machine-based method [16]. Besides,
a couple of modified and novel methods for wind parameter estimation with rain mitigation have been proposed, such
as the modified-intensity-level-selection-based method [17],
the empirical-mode-decomposition-based method [18], and the
support-vector-regression-based method [19]. In contrast, two
preliminary studies [15], [20] have been conducted for wave
parameter estimation using rain-contaminated radar images, and
the influence of rainfall intensity on estimation accuracy has
never been analyzed.
According to Huang et al. [22], for rain-contaminated images,
regions that are unaffected or less affected by rainfall can still
be used to estimate sea surface parameters. Thus, a novel scheme
can be proposed to identify and select regions with clear wave
signatures for wave parameter estimation. In [5] and [23], the
Radon transform (RT) is applied for wave direction estimation.
However, only rainless radar images are used for estimation and
analysis. Thus, in order to obtain wave direction information
from rain-contaminated radar images, it is reasonable to combine RT-based algorithm with the rainless region identification
method. On the other hand, since the texture analysis has already
used for the wave height estimation in [24] and [25], it is feasible
to extract the texture features from those rainless regions to
estimate the wave period. Moreover, machine-learning-based
regression algorithms have been applied to estimate the wave
height [26], [27] and wind speed [19], [28] from X-band marine
radar images and receive good results. Hence, it is possible
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Fig. 1.
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Locations of the radar, buoy, and weather station site as well as the bathymetry of the region from GPS Nautical Charts [21].

TABLE I
RADAR INFORMATION

to develop a machine-learning-based model for wave period
estimation after extracting the texture features from the selected
regions.
In this article, quantitative analysis of the rain intensity on
wave direction and period estimation from X-band radar data
is presented. A subimage selection scheme for identifying the
region with relatively clear wave signatures to improve the
estimation accuracy and a machine-learning-based wave period
measurement method are proposed. In Section II, the radar
and environmental data used in this study are described. The
proposed methodology is illustrated step by step in Section III.
Section IV presents the experimental results as well as rain effect
analysis. Finally, Section V concludes this article.
II. DATA OVERVIEW
The radar data used in this study were collected by a commercial X-band marine radar (Koden) deployed on a shorebased tower at Yaquina Bay, Newport, OR, USA (44°37 27 N,
124°03 45 W). The information of the radar system is provided
in Table I. The range resolution of this radar is 12 m, and
the beam width is 0.8°. The resolution of the Cartesian radar
image is 5 m. Fig. 1 shows the locations of the radar, buoy, and

weather station site as well as the bathymetry of the region. The
coverage of the radar image is shown by a red sector. According
to the bathymetry map, the water depths of the observation area
range from 0 to 47.5 m. In this study, regions with water depths
lower than 10 m are excluded from analysis. The reference wave
information is collected per hour by a TriAXYS directional wave
buoy located around 20 km from the radar site (44°38 21 N
124°18 15 W). The buoy can measure wave periods of 1.5–30 s
with a resolution of 0.1 s. The accuracy of the measured wave
period is better than 1%. The buoy measures wave direction
from 0° to 360° with a resolution of 1°. The measurement error
is within 3°. On the other hand, the hourly average rain rate was
recorded every 5 min from a rain gauge with a resolution of
0.1 mm/h and provided by the ARPSWXNET/CWOP weather
station (44°38 30 N 124°03 21 W). The measurement error is
within 0.5 mm/h. The radar, buoy, and rain gauge instruments
are all working 24/7. Since the sampling rates of both buoy and
rain gauge are lower than that of the radar, the reference wave
and rain data for each radar image are obtained from the closest
measurements before or after the image acquisition time. The
radar images used for this study were selected between January
11 and July 18, 2019 under a wide range of rain rates. Among
those images, 70% of them are randomly selected for training,
while the other 30% are used for testing.
III. METHODOLOGY
The overall framework of wave direction and period estimation in this study is presented in Fig. 2.
A. Subimage Selection
Fig. 3 shows examples of radar images obtained under
four different rainfall intensities. It can be observed that wave
signatures will be affected in different degrees under different
rain rates. Specifically, a rain-free radar image is presented in
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Framework of wave direction and period estimation.

Fig. 3(a), and the texture of wave signatures can be clearly
observed in most of the sea surface regions. In comparison,
Fig. 3(b)–(d) shows radar images with blurry wave signatures
obtained under rain rates of 1.5, 3.0, and 9.1 mm/h, respectively.
It can be found that as the rain rate increases, the proportion of
regions dominated by rain echoes increases as well. Nevertheless, for some rain-contaminated images, wave signatures might
still be visible in some regions, from which wave parameters
can be estimated [22]. On the other hand, regions dominated
by rain echoes should be discarded. In order to identify those
regions with visible wave signatures, 15 subimages with equal
size are first extracted from each radar image, as shown in
Fig. 4. For each subimage, texture features are extracted and
input into a random-forest-based classification model, which
is able to determine whether the subimage is dominated by
visible wave signatures (i.e., valid subimage) or rain echoes (i.e.,
invalid subimage). If all the 15 subimages in one radar image
are identified as invalid subimages, this radar image will be
discarded from wave estimation as well. The detailed procedures
for texture feature extraction and subimage classification are
introduced as follows.
1) Feature Extraction: The gray-level co-occurrence matrix
(GLCM)-based method [29] that reflects the correlation characteristic of image grayscale space is an efficient texture analysis approach and used here for feature extraction from each
subimage. First, an L × L sliding window is applied to the
subimage. In each window, the pixels with the maximum and
minimum intensities in the window are set as gray level 15
and gray level 0, respectively. Then, other pixels within the
window are scaled to the integers between 0 and 15 based on
the min–max feature scaling. Next, the GLCMs are formed from
each pixel-intensity-scaled window as
⎤
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intensities of i and j (i, j = 0, 1, 2. . ., 15) with a distance d along
direction Δ. The Chebyshev distance, which is used to calculate
the distance (d) between two pixel positions (x1 , y1 ) and (x2 , y2 )
in this study, is equal to max(abs(x1 − x2 ), abs(y1 − y2 )). The
directional relationships of pixel pairs are shown in Fig. 5:
1) Δ = 1 (in 0◦ direction);
2) Δ = 2 (in 45◦ direction);
3) Δ = 3 (in 90◦ direction);
4) Δ = 4 (in 135◦ direction).
Since for a certain distance d, each direction Δ can be chosen
to create one GLCM, four GLCMs can be generated in each
sliding window.
Finally, the feature vector is constructed based on the statistics
of GLCMs. In [29], 14 statistics can be calculated from the
GLCM. In this study, four of them, i.e., contrast (denoted as
Con), homogeneity (denoted as H), correlation (denoted as Cor),
and energy (denoted as E), are selected and calculated for each
GLCM, respectively, as
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Fig. 3. Radar images obtained under different simultaneous rainfall intensities:
(a) rainless, (b) 1.5-mm/h rain rate, (c) 3.0-mm/h rain rate, and (d) 9.1-mm/h
rain rate.
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In addition, the mean and standard deviation of each feature
are calculated over four directions and composed as an 8-D
feature vector for each sliding window. The reason why these
features are selected for analysis will be illustrated in Section IV.
The size (L) of the sliding window and the distance (d) between
pixel pairs along four directions are set as 9 and 1, respectively,

Fig. 4.

Selection of 15 subimages (outlined in red) in the radar image.

Fig. 5.

Pixel pairs in four directions with same Chebyshev distance.

for the method used in this study. Then, for each subimage, the
8-D features of all sliding windows are combined together as
one feature vector. Thus, in each subimage (P × P in pixels),
the number of sliding windows (denote as W ) can be calculated
as W = (P − L + 1)2 . In order to facilitate the computation
of feature vectors, all the subimages are resized into 100 × 100
pixels using bicubic interpolation [30]. Therefore, 8486 sliding
windows can generate a feature vector with 67 712 elements in
each subimage.
2) Random Forest Classification: After obtaining the texture
features for all the subimages in each image, the random-forestbased classification method is used to identify the valid subimages. Random forest [31] is an ensemble learning algorithm and
can be used for both classification (in this section) as well as
regression, which consists of a large number of decision trees.
The ensemble method is a technique that combines the predictions from multiple decision tree models together to make more
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accurate predictions than any individual model. The randomness
of random forest is reflected from selecting a random set of
features from all features and random samples from the training
dataset for each decision tree.
The architecture of the random forest classifier is shown in
the right block diagram in Fig. 2, which consists of three steps
(i.e., bootstrapping, decision tree training, and prediction). The
first is to generate one subset via bootstrapping for each decision
tree. Bootstrapping is a sampling method to draw around 63.2%
samples randomly from training set (i.e., D in Fig. 2) with
replacement as the training subset for the decision tree [32].
Usually, a total of n training subsets (i.e., D1 , D2 , ..., Dn in
Fig. 2) should be generated (i.e., n sampling times). As for the
training set, all subimages from 90 radar images obtained under
different rainfall intensities are first manually labeled into two
types: with relatively clear wave signatures and without clear
wave signatures. Then, the extracted feature vectors of these
labeled subimages and their corresponding labels are combined
as the training set, while the remaining radar images are used
as the testing set. The involvement of many decision trees can
reduce the variance efficiently, avoid overfitting, and improve
generalization. Therefore, the number of sampling times is
chosen as 100 (i.e., 100 subsets or decision trees).
Next, each training subset is employed to train one decision tree model based on the classification and regression tree
(CART) method [33], which is able to predict classification
results according to the feature difference of input training set. In
each decision tree training, the square root of the number of all
features is considered as the number of selected random features,
which are used for decision node selection [31]. The purpose of
selecting a random set of features is to reduce the correlation between each decision tree and improve the classification accuracy
of each decision tree. As for the selection of optimal feature as
decision node, it can be referred to the CART method [33]. After
obtaining each decision tree model, every individual tree in the
random forest will produce a class prediction result. Thus, each
testing sample in the testing set is input into each decision tree
model, and a total of 100 classification results will be generated
here. Then, a majority voting scheme is applied, which means
that the class with the most votes according to all decision
trees’ prediction results becomes the random forest classification
model’s final prediction.
Therefore, the valid wave regions of each radar image can
be obtained using the classification method and used for wave
parameters measurement. The framed red boxes in Fig. 6 are
the valid subimages identified from the rain-contaminated radar
image in Fig. 4.
B. Wave Direction Estimation
After obtaining the valid subimages for each radar image, the
classic method for edge detection, i.e., Canny edge detection
proposed in [34], is first performed on each valid subimage
in order to facilitate line detection using the RT in next step.
In this study, in order to outline the main texture with less
computation load, each subimage used for edge detection is still

Fig. 6.
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Valid subimages (outlined in red) identified from radar image in Fig. 4.

Fig. 7. (a) Valid subimage highlighted in yellow dashed lines in Fig. 6.
(b) Detected edge image of (a).

in 100 × 100 pixels. An example of the edge detection result
of a valid subimage [i.e., Fig. 7(a)] is presented in Fig. 7(b).
Next, the dominant direction (denoted as η) of each edge image
is estimated using the RT-based method. The RT [35] can be
expressed as
f (r, α) =

I(x, y)δ(r − x cos α − y sin α)dxdy

(10)

where I(x, y) is the pixel intensity at location (x, y) in the edge
image, δ is the Dirac delta function, r represents the distance
from the center of edge image to a candidate straight line in the
image, and α is the angle between the normal of the straight
line and the x-axis, which is also the projection direction of the
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Fig. 8. (a) RT results of all projection lines in Fig. 7(b). (b) Standard deviation
of RT results as a function of projection direction.

RT domain. On the contrary, the texture line with low gray level
will generate a dark point in the RT domain. Thus, the pixels in
the RT domain image in the corresponding texture line projection
direction will display the largest intensity value variation. The
standard deviation of the pixel intensities in each projection
direction (α) of transformed result in the Radon domain can
be calculated, and the direction with peak standard deviation
value can be considered as the texture dominant direction (η).
To reduce computation, for an edge image that contains l
pixels
√ in each side, only the projection lines that have at least
l/ 2 pixels are used for the RT, which means
√ the absolute value
of applicable distance r is less than l/(2 2) pixels. Based on
this criterion, the RT result of Fig. 7(b) is presented in Fig. 8(a).
Besides, the standard deviation of the pixel intensities in each
project direction (α) of Fig. 8(a) is calculated and shown in
Fig. 8(b). It can be observed that the texture dominant direction
of Fig. 7(a) is 18◦ . Furthermore, for each radar image, the standard deviations of RT results obtained from all valid subimages
are averaged for each projection direction, and the direction with
the maximum averaged standard deviation is selected as a rough
estimation direction (denoted as φ). Next, by comparing η with
φ, only those subimages with η being within ±10◦ of φ are
selected, and the median value of η associated with the selected
subimages is regarded as the final texture dominant direction
(denoted as γ) of one radar image [5]. It should be noted that η
and γ should be converted to β and θ, which are measured with
reference to the true North.
C. Wave Period Estimation

Fig. 9. Region extraction for wave period estimation. (a) Selected valid
subimage centering at A. (b) Extracted region centering at A for wave period
estimation outlined in blue.

straight line. It is obvious that
r = x cos α + y sin α.

(11)

The RT for α and r in (10) represents the integral of the intensity
of all the pixels on a line which is in the direction α and at a
distance r relative to the image center, i.e., each point in the RT
domain corresponds to a straight line in image space. As for the
detected edge image, it can be found that one texture line with
high gray level and a distance r as well as direction α relative to
the edge image center will generate a bright point at (α, r) in the

The steps for wave period estimation are illustrated as follows.
As shown in Fig. 9(a), the valid subimage with its dominant
wave direction (β) closest to the estimated wave direction (θ)
from the corresponding radar image is selected. Then, a (256
× 256)-pixel region that centers at the original subimage center
with two sides aligning with the estimated wave direction is
selected for wave period estimation, as depicted in Fig. 9(b).
Similar to the subimage selection step, the GLCM-based method
is also used for texture feature extraction. In this method, the
size of the sliding window is 59 × 59 pixels, and the distance
between the pixel pairs is selected as 4. Since the wave period
is related to the spacing between the wave signatures [36], if
the window size is too small, the sliding window cannot include
sufficient wave signatures and, therefore, cannot reflect accurate
spacing between the wave signatures. In contrast, the number
of generated texture features would be less if a larger window
is used because the number of available sliding windows will
decrease. As for the distance between the pixel pairs, the value
of 4 is chosen to ensure that it is large enough to capture most
variations of pixel intensities between adjacent wave crests and
troughs. If the distance value is too small, the variations between
pixel pairs may not be observed, while a very large distance
will cause the fact that the feature obtained does not represent the variation between adjacent wave crests and troughs.
Therefore, in each 256 × 256 subimage, 39 204 sliding windows can generate 313 632 feature values to obtain one feature
vector.

et al.: EVALUATION AND MITIGATION OF RAIN EFFECT ON WAVE DIRECTION AND PERIOD ESTIMATION

Fig. 10.

Box plots of the mean contrast distributions for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 11.

Box plots of the mean homogeneity distributions for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 12.

Box plots of the mean correlation distributions for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 13.

Box plots of the mean energy distributions for different (a) wind speeds, (b) ranges, and (c) directions.
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Fig. 14.

Box plots of the standard deviation distribution of contrast for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 15.

Box plots of the standard deviation distribution of homogeneity for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 16.

Box plots of the standard deviation distribution of correlation for different (a) wind speeds, (b) ranges, and (c) directions.

After obtaining the texture features, the random-forest-based
regression algorithm [37] is used to train the wave period
estimation model. Although the main training steps of the
random-forest-based regression model are the same as those of
the aforementioned random-forest classification algorithm, the
goal of the proposed regression model is to obtain the smallest
difference between the actual data value (buoy-measured wave
period in this study) and the radar-derived wave period. Besides,
the number of randomly selected features for training of each
decision tree is one-third of all features [31]. Moreover, the
output at each leaf of the decision tree is wave period. In this
study, the final predicted wave period of each radar image equals

the average of the predicted results generated by 100 trained
regression models.
IV. EXPERIMENTAL RESULTS
In this study, the radar-derived estimation results are analyzed
under four rainfall intensity levels, i.e., rainless, light rain, moderate rain, and heavy rain. According to the Manual of Surface
Weather Observations [38], the range of rain rates for each level
is:
1) rainless: zero rain rate;
2) light rain: nonzero rain rates less than 2.5 mm/h;
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Fig. 17.
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Box plots of the standard deviation distribution of energy for different (a) wind speeds, (b) ranges, and (c) directions.

Fig. 18. (a) Simultaneous wind speed and wave height during radar data
collection periods. (b) Wave direction estimated with and without the subimage
selection scheme under the rainless condition. (c) Scatter plot of the radarderived and buoy-measured wave direction under the rainless condition.

3) moderate rain: rain rates between 2.6 and 7.5 mm/h;
4) heavy rain: rain rates between 7.6 and 50 mm/h.
Besides, in order to validate the effectiveness of the subimage selection scheme for rain effect mitigation, the proposed
wave direction and wave period estimation algorithms without

Fig. 19. (a) Simultaneous wind speed and wave height during radar data
collection periods. (b) Simultaneous rain rates during radar data collection
periods. (c) Wave direction estimated with and without the subimage selection
scheme under rainfall conditions. (d) Scatter plot of the radar-derived and
buoy-measured wave direction under different rainfall intensities.
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Fig. 20. Scatter plots of radar-derived wave period with the subimage selection scheme and buoy-measured wave period under (a) rainless condition, (b) light
rain condition, (c) moderate rain condition, and (d) heavy rain condition.

applying the subimage selection scheme are also implemented
for comparison, in which the 15 subimages in each radar images
are all used for wave parameter estimation without exclusion.
A. Influence of Rain on Extracted Features
In order to verify the effectiveness of classifying between
rainless and rainy images using these four features (Con, H,
Cor, and En) from the GLCM, the mean and standard deviation
of each feature calculated from rainless and rainy subimages
for different wind speeds, observation ranges, and observation
directions are compared with each other, which are shown in the
box plots in Figs. 10–17. In each figure, the red and blue box
plots represent the results calculated under rainless and rainy
conditions, respectively. From Figs. 10–13, it can be observed
that the medians of mean contrast under the rainless condition are
generally lower than that obtained under the rainy condition. In
contrast, the medians of mean homogeneity, correlation, and energy under the rainless condition are all larger than that obtained

under the rainy condition. From Figs. 14–17, it can be noticed
that most of the median standard deviations calculated from the
contrast, homogeneity, and energy under the rainless condition
are larger than that obtained under the rainy condition. On
the other hand, the median standard deviations calculated from
correlation under the rainless condition are smaller than that
obtained under the rainy condition. According to the difference
of the mean and standard deviation distributions of each feature
under the rainless and rainy conditions, it can be concluded that
values of these image features will be influenced by rain. Thus,
it is feasible to extract the mean and variance of these features
as feature vectors to train the classification model.
B. Wave Direction Result Analysis
Table II shows the root-mean-square errors (RMSEs) between the radar-derived and the buoy-measured wave directions.
From Table II, it can be observed that the proposed subimage
selection scheme effectively improves estimation accuracy by
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Fig. 21. Scatter plots of radar-derived wave period without the subimage selection scheme and buoy-measured wave period under (a) rainless condition, (b) light
rain condition, (c) moderate rain condition, and (d) heavy rain condition.

TABLE II
RMSES OF WAVE DIRECTION ESTIMATION UNDER DIFFERENT
RAINFALL INTENSITIES

reducing the RMSEs of estimation results under four rain intensity levels. Also, when rain level increases, the improvement
is less. It should be noted that under the heavy rain condition,
the difference between RMSEs of wave direction is only 1◦ ,
which may be associated with the error of the buoy. However,
as shown in Fig. 19(a) and (b), most heavy rain samples are
obtained under wind speeds higher than 10 m/s. According to our
previous research [39], the generated surface roughness might
be dominated by wind force under high wind speeds, and rain
may only cause additional radar backscatter instead of blurring
surface wave signatures significantly. As a consequence, wave
signatures may be visible in the radar images under the heavy
rain condition. In Table I, the small difference between RMSEs

of wave direction under heavy rain is reasonable. In addition, the
number of images obtained under heavy rain is much less than
those obtained under light rain and moderate rain. Therefore,
more image data obtained under the heavy rain condition should
be used to further evaluate the effectiveness of the proposed
method in the future work.
Figs. 18 and 19 are presented in order to further analyze the
wave direction estimation results under rainless and rainy conditions. Specifically, Figs. 18(a) and 19(a) show the simultaneous
wind speed and wave height information of each sample. It can
be observed from Fig. 18(b) that a few relatively large deviations
between radar-derived results and buoy measurements appear
when the subimage selection scheme is not used under the
rainless condition. These deviations are mainly caused by estimation from some low-backscatter regions in the radar images.
From Fig. 19(c), it can be found that there are many relatively large deviations between radar-derived results and buoy
measurements if the subimage selection scheme is not applied.
This is mainly caused by estimation from the regions severely
contaminated by rain. In contrast, the subimage selection scheme
leads to a better performance in wave direction estimation,
proving that this method can effectively mitigate the rainfall
effect on estimation. As for Figs. 18(c) and 19(d), it can be found
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TABLE III
RMSES OF WAVE PERIOD ESTIMATION UNDER DIFFERENT
RAINFALL INTENSITIES

with the increase in rainfall intensities. Moreover, there is no obvious relationship between the wave period estimation accuracy
and the wind speed.
V. CONCLUSION

that the deviation of estimated wave direction increases with the
increase of rainfall intensities. Under the rainy condition, the
wave signatures may be still affected by rain even the texture
is clear in the subimage identified by the selection scheme.
Besides, another reason for the large difference between the
wave direction estimated from the radar images and buoy data
is that the buoy site is far away from the coastal radar system
and is not within the radar coverage range. Moreover, there is
no obvious relationship between the wave direction estimation
accuracy and wind speed as well as wave height.
C. Wave Period Result Analysis
Considering that the number of testing samples with light
rain and heavy rain is small, so more than one valid subimages
are extracted from light and heavy radar images to expand
the data for wave period estimation. According to Dobbin and
Simon [40], the ideal amount of the training set is 40–80% of
the whole dataset. Thus, the whole dataset is split into 70% for
training and 30% for testing in this experiment. The training set
is composed of both rainless and rain-contaminated subimages.
Besides, the proposed method with and without the subimage
selection scheme is tested. As for the method without using
the subimage selection scheme, the subimages for wave period
estimation are selected along the estimated wave direction in
each radar image.
Table III shows the RMSEs between the radar-derived and
buoy-measured wave periods. It can be observed that the subimage selection scheme helps decrease the RMSEs by 0.13, 0.20,
0.30, and 0.20 s under four rainfall intensity levels, respectively.
It can be found that the RMSE of the wave period under the
moderate rain condition is the largest when the subimage selection scheme is not used. As mentioned earlier, wave signatures
may still be visible in the radar images under the heavy rain
condition. In contrast, those moderate rain samples obtained
under low wind speeds will be dominated by rain echoes with
little visible wave signatures; hence, the estimation accuracy of
those samples will decrease, and the corresponding RMSE is
relatively large.
Figs. 20 and 21 show the comparison of radar-derived and
buoy-measured wave periods under different rainfall intensities.
Moreover, the color intensity at each point indicates the wind
speed. From Figs. 20 and 21, it can be found that the method
without using the subimage selection scheme generated larger
deviations than that with the subimage selection scheme. Thus,
it shows that the subimage selection scheme can also efficiently
mitigate the rain effect on wave period estimation. Furthermore,
it also can be observed that the estimated deviation still increases

In this article, the influence of rainfall intensity on wave direction and period estimation from X-band marine radar images is
analyzed. First, a random-forest-based classification method for
identifying the valid subimages with visible wave signatures is
proposed to reduce rain effect. Wave direction is estimated from
the selected valid subimages of each radar image by performing
an RT-based algorithm, while a novel method based on the
texture feature extraction and a random-forest-based regression
model is proposed for wave period estimation. Experimental
results show that the subimage selection scheme plays a significant role in reducing wave direction and wave period estimation
errors under different rain conditions. In addition, it has also
been observed that as the rain rate increases, the influence of
rain on wave parameter estimation tends to be more severe as
well. Future work will focus on the analysis of rain influence on
wave height measurement [41] from rain-contaminated X-band
marine radar images.
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