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The presence of clouds interferes with optical remote sensing monitoring of

macroalgae blooms. To solve this problem, we propose a simple method for

estimating macroalgae area under clouds (Area_cloud_GT) on MODIS imagery

using the principle behind the lowpass filter. The method is based on a

rectangle with clouds and eight identical adjacent rectangles surrounding it

that contain macroalgae. The cloud rectangle is a central ‘pixel’ (Cloud) and the

eight adjacent rectangles are ‘pixels’ GT1–GT8. The core operation is to

calculate the central ‘pixel’ value, i.e., the macroalgae coverage rate in the

Cloud rectangle. The macroalgae area detected by semi-simultaneous fine

resolution images in the same region was taken as the ‘real’ value. A

comparison of the estimation results and the ‘real’ value shown that the

mean relative difference between them (MRD) was 30.09% when the time

interval of the images within 10 minutes. When the time interval was over 3

hours, the MRD was more than 60%. The MRD increased significantly with

increasing time interval because of the constant movement of the macroalgae

and the limitations of the remote sensing image. The results indicate that this

simple method is effective to a certain extent. These results can provide a

reference for the quantitative analysis of green tide.

KEYWORDS

macroalgae blooms, MODIS imagery, clouds, method of estimating macroalgae area,

multi-sensor images

1 Introduction

Macroalgae blooms (MABs), caused by outbreaks of macroalgae, have increased

remarkably in the global oceans in recent years, becoming a worldwide marine ecological

problem (Morand and Merceron, 2005; Ye et al., 2011; Smetacek and Zingone, 2013;

Wang et al., 2019). The world’s largest transregional MABs of Ulva prolifera (“green
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tide”) have occurred every summer in the Yellow Sea since 2007,

causing serious ecological, environmental, and socioeconomic

problems (Song et al., 2015; Zhou et al., 2015). Both the scientific

communities and the public have shown a strong interest in

identifying the causes of MABs and addressing the

environmental impacts and implications (Hu and He, 2008;

Sun et al., 2008; Ye et al., 2008; Liu et al., 2009). In much of the

research, satellite data have played a vital role because of the

advantages of having a synoptic view and repeated observations.

The patterns associated with MABs, especially their origin and

development, have become fairly well understood with the help

of remote sensing data (Hu, 2009; Son et al., 2012; Xu et al., 2014;

Zhou et al., 2014; Qi et al., 2016; Min et al., 2017; Qiu et al., 2018;

Cao et al., 2019; Chen et al., 2020).

Optical images, such as GOCI (Geostationary Ocean Color

Image r ) , MODIS (Modera t e Re so lu t i on Imag ing

Spectroradiometer), HJ-1A/1B (HuanJing-1A/1B), and GF-1

(GaoFen-1) are the primarily remote sensing images for

monitoring MABs (Hu et al., 2010; Xing et al., 2011; Qiu and

Lu, 2015; Xing et al., 2015; Xing and Hu, 2016; Zhang et al., 2016;

Xing et al., 2019; An et al., 2021; Cui et al., 2022). However,

during the MAB outbreaks, which occur in early June to early

August, it is the rainy season in the Yellow Sea because of the

influence of the East Asian summer monsoon (Feng et al., 1998).

When clouds contaminate optical images, macroalgae patches

under clouds are missed. Figure 1A shows macroalgae patches

south and north of an area obscured by clouds. It is reasonable to

assume that there are also macroalgae patches under the clouds.

Figures 1B, C confirms this assumption. After local linear

enhancement, Sentinel-2 can observe macroalgae patches in

images with a small amount of cloud coverage because of its

fine spatial resolution (10 m). MODIS cannot observe

macroalgae patches in the same images due to its coarse

resolution (250 m). This demonstrates that clouds can affect

the estimated area of MAB in MODIS images with a small

amount of cloud coverage, thereby affect quantitative analysis

results. However, in most current research using remote sensing

to estimate macroalgae area and biomass, the presence of clouds

would be masked by preprocessing (Hu et al., 2017; Cui et al.,

2018; Hu et al., 2019; Xiao et al., 2019), regardless of whether

macroalgae are present underneath the clouds. This would

increase the difference between the estimated and actual area

or biomass.

To reduce the quantitative analysis error, we must obtain

information about the macroalgae obscured by the cloud mask.

How to do this is an interesting problem. Microwave remote

sensing seems like an effective method because microwaves can

penetrate clouds and fog due to their greater wavelength

compared to visible and infrared radiation. As a result, the

atmosphere has little effect on microwave remote sensing

images. Nevertheless, the monitoring of MABs used by

microwave remote sensing is still in its initial stage. The

noise signal in microwave remote sensing data has an

obvious impact on the interpretation of small macroalgae

FIGURE 1

(A) Macroalgae shown in a false color composite by MODIS bands 1, 2, 1 acquired over the Yellow Sea on 23 June 2018. The green patches

indicated by red arrows in green frame are floating green macroalgae, and the white patches in blue frame are clouds. (B) Details of blue frame

shown in MODIS false color image. (C) Details of blue frame shown in Sentinel-2 false color image composite by bands 8, 4, 3 acquired on the

same day as MODIS. In the false color images, the floating macroalgae patches are in red color.
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patches (Qiu and Lu, 2015), so currently it is mostly used as

auxiliary monitoring data.

Another possible method is to reconstruct missing

information obscured by clouds in remote sensing images and

then detect macroalgae using the reconstructed image. Many

methods for reconstructing missing information in remote

sensing images have been previously proposed, including

spatial-based methods (Ballester et al., 2001; Chan and Shen,

2001; Zhang et al., 2007; Shen et al., 2010; Yu et al., 2011),

spectral-based methods (Rakwatin et al., 2008; Shen et al., 2010;

Gladkova et al., 2012; Li et al., 2014a), and temporal-based

methods (Julien and Sobrino, 2010; Zhu et al., 2011; Lorenzi

et al., 2013; Li et al., 2014b; Zeng et al., 2014; Zhang et al., 2014b;

Shen et al., 2015). Shen et al. (2015) summarized that the spatial-

based methods are susceptible to blurring and usually fail to

reconstruct large area of missing information, whereas the

spectral-based methods usually target missing information

problems caused by the sensor, such as black strip. Therefore,

these two categories of methods are not suitable for the detection

of macroalgae under cloud. The temporal-based methods are

also not suitable obviously for the detection of macroalgae

because macroalgae are constantly drifting (Cui et al., 2012;

Harun-Al-Rashid and Yang, 2018).

For accurate MAB analysis and effective prevention and

control, it is extremely important to reduce the impact of clouds

on macroalgae estimates based on optical images. In this study,

we propose a simple method to solve the impact of clouds on

estimates of macroalgae area under clouds on MODIS imagery.

It is based on the principle of the lowpass filter. Results detected

by semi-simultaneous fine resolution images (GF-1, Sentienl-2

and Sentinel-1) in the same region are used for comparisons to

determine the feasibility of the method.

2 Data and methods

2.1 Satellite data and processing

Fourteen satellite images (listed in Table 1) were used

including eight Terra and Aqua MODIS images (250 m

resolution), two GF-1 WFV images (16 m resolution), two

Sentinel-2 MSI images (10 m resolution) and two Sentienl-1

SAR images. In this study, we used the Sentinel-1 Level-1

Interferometric Wide Swath (IW) Ground Range Detected

(GRD) High Resolution product. The spatial resolution was

20 m × 22 m and the pixel spacing was 10 m × 10 m.

Optical image preprocessing included georeferencing and

atmospheric correction. The FLAASH (Fast Line of Sight

Atmospheric Analysis of Spectral Hypercubes) atmospheric

correction module via ENVI 5.3 software (Exelis Visual

Information Solutions, Inc., Boulder, CO, USA) was applied to

MODIS and GF-1 images to derive the reflectance (R, unitless),

while the Sen2Cor atmospheric correction module from

European Space Agency (ESA) was used on the Sentinel-2

images. For microwave images, the radiometric calibration

module via SNAP (Sentinel Application Platform, ESA) was

applied to Sentinel-1 images to derive the radar backscattering

coefficient (NRCS, not converted to decibel value). The speckle

filtering module and the range-doppler terrain correction via

SNAP were also applied to Sentinel-1 images to reduce speckle

impact and correct geometric distortion. All of the images were

transformed into WGS_1984_UTM_Zone_51N coordinate

system after preprocessing.

2.2 Macroalgae and cloud
detection methods

2.2.1 Optical image macroalgae
detection method

Many macroalgae information detection algorithms have

been proposed by scholars based on the distinct spectral

difference between natural seawater and macroalgae-covered

seawater in the red light (Red) and near infrared (NIR) bands.

The difference index algorithm, such as Difference Vegetation

Index (DVI), Floating Algae Index (FAI), Virtual-Baseline

Floating macroalgae Height (VB-FAH), is little affect by

sunlight and aerosol changes and is not particularly sensitive

to the accuracy of the atmospheric correction (Hu, 2009; Xing

and Hu, 2016; Xing et al., 2018). In this work, the DVI index (Eq.

(1)) is selected for detecting pixels containing macroalgae since

MODIS 250m images only have two bands of Red and NIR.

DVI = RNIR − RRed (1)

where RNIR is the reflectance at the near-infrared (NIR) band

and RRed is the red light band reflectance.

Given the significant variability in atmospheric turbidity,

ocean background, and sun glint (Xing and Hu, 2016; Cui et al.,

2018), a dynamic threshold of DVI was used to extract the

macroalgae. The DVI images were segmented into small

windows, and a set of thresholds was used to classify the

macroalgae pixels window by window. For further details,

please refer to Xing and Hu, 2016 and Xing et al., 2018.

Next, the macroalgae area (Area, km2) was derived by

multiplying the pixel size of the satellite image (PS, km2) by

TABLE 1 Acquisition time of the satellite images.

Sensor Acquisition time (hh:mm dd/mm/yyyy)

MODIS 11:45 21/06/2015; 10:45 01/07/2015;

11:20 04/07/2015; 13:10 28/06/2017;

11:00 21/06/2018; 10:45 23/06/2018;

10:30 20/07/2018; 11:50 23/06/2019

GF-1 11:20 21/06/2018; 11:26 20/07/2018

Sentinel-2 10:35 23/06/2018; 10:35 28/06/2017

Sentinel-1 17:55 23/06/2019

An et al. 10.3389/fmars.2022.995731
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the total number of pixels (N) that were identified as macroalgae

(Cui et al., 2018), as shown in Eq. (2).

Area=N�PS (2)

2.2.2 Microwave image macroalgae
detection method

The Sentinel-1 IW-GRD image used in this study

contained two polarization modes, VV and VH. From a

qualitative perspective, the macroalgae pixels are shown more

clearly with VV- (VV image) than VH-polarization (VH

image) (Figure 2).

From a quantitative perspective, the statistical analysis of NRCS

including high NRCS pixels (i.e., pixels contained ships or islands),

pixels containing macroalgae and pure seawater pixels showed that

themean value of highNRCSpixels ismuch larger thanNRCSmean

value of pixels containing macroalgae and pure seawater pixels

(Figures 3A, B). Therefore, a high threshold was used to mask high

NRCSpixels. ThemeanNRCSvalue of pixels containingmacroalgae

was larger than pure seawater pixels in bothVVandVH images. The

reason for this is that sea surface covered by macroalgae is rougher

than a sea surface without macroalgae and the radar echo signal

increases with increasing roughness. The difference between pixels

containing macroalgae and pure seawater pixels was greater in the

VV image than in the VH images (Figures 3A, B). The NRCS

histogram analysis showed the same results (Figures 3C, D). Since it

was easier to classify the floatingmacroalgae and other objects in the

VV image than in the VH image. The VV image was used to detect

the macroalgae. Given the variability in ocean background, a

dynamic threshold of DVI was also used to extract the macroalgae.

Thedetectiondetails andthecalculationmethod formacroalgaewere

same as for the optical image.

2.2.3 Consistency of macroalgae area detected
from multi-sensor images

Macroalgae patches vary in size from centimetres to

kilometres, which means that pixel-mixing is common for

most remote sensing images (Xiao et al., 2017; Li et al., 2018).

This situation can lead to biased results derived from images

with different resolutions (Kim et al., 2018). Image pairs over the

same macroalgae region with the same acquisition dates were

selected to investigate the consistency in the retrieved

macroalgae coverage area (Xing et al., 2019; An et al., 2021).

The areas derived from different image pairs were then

compared. Three linear regression functions (R2
≥ 0.9, MRD ≤

25.71%) were performed on the areas derived from GF-1,

Sentinel-2 and Sentinel-1 images and the areas from MODIS

image (Figure 4). R2 is the linear regression coefficient and MRD

is the mean relative difference. MRD could be expressed by

formulas as shown in Eq. (3).

 MRD =
1

No
N
i=1

(yi − xi)j j

xi
� 100% (3)

where N is the number of image pairs. y is FArea_Fine, i.e.,

the macroalgae fitted area converted by the macroalgae area

detected by MODIS images based on the linear regression

functions. x is the ‘real’ value, i.e., the macroalgae area

detected by fine resolution images (GF-1, Sentinel-2 and

Sentinel-1).

2.2.4 Cloud detection method
Clouds have significantly higher reflectance than underlying

surfaces in the visible spectrum (Tan et al., 2000). Macroalgae

has low reflectance in the red band because of the strong

A B

FIGURE 2

Comparison of visual interpretation quality of the floating macroalgae in two polarization modes of Sentinel-1: (A) VV; (B) VH.

An et al. 10.3389/fmars.2022.995731
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absorption caused by photosynthetic pigments (Dierssen et al.,

2015). Thus, we also used a dynamic threshold method of the red

band reflectance was used to detect clouds in MODIS images.

The specific detection process was the same as for macroalgae.

And the calculation method for clouds area (Area_cloud) was also

the same as for Area.

2.3 Simple method for estimating
macroalgae area under clouds

We proposed a simple method for estimating macroalgae

area under clouds (Area_cloud_GT) based on the principle behind

the lowpass filter. The lowpass filter is a filter commonly used for

A B

FIGURE 4

(A) Comparison in the macroalgae coverage areas derived from optical images of MODIS, GF-1, Sentinel-2 and Sentinel-1, i.e., AreaMODIS,

AreaGF-1, AreaSentinel-2, AreaSentinel-1, respectively. (B) The verification of the linear regression functions in Figure (A). The ‘real’ values are the

macroalgae area detected by fine resolution images (GF-1, Sentinel-2 and Sentinel-1), and FArea_Fine is the macroalgae fitted area converted by

the macroalgae area detected by MODIS images based on the linear regression functions. MRD is the mean relative difference between

FArea_Fine values and the ‘real’ values. The black line in figure is the 1:1 line.

A B

D
C

FIGURE 3

The radar backscattering coefficient (NRCS) comparison of pure seawater pixels (Seawater), pixels containing macroalgae (Macroalgae) and high

NRCS pixels (High Value) in VV and VH polarization mode. (A, B) are the comparison of maximum value (Max), minimum value (Min), mean value

(Mean) and standard deviation. (C, D) are the histogram comparison of Seawater, Macroalgae and High Value.

An et al. 10.3389/fmars.2022.995731
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smoothing images in ENVI software. ENVI’s default low pass

filter contains the same weights in each kernel element, replacing

the center pixel value with an average of the surrounding values.

The default kernel size was 3×3 (Deng, 2010). Figure 5 shows a

simple estimation method of Area_cloud_GT in the case of clouds

surrounded by macroalgae. The process was as follows.

First, we used a rectangle to determine the distribution range

of the clouds. We designated this rectangle and eight identical

rectangles containing macroalgae around the clouds as a central

‘pixel’ (Cloud) and eight adjacent ‘pixels’ (GT1~GT8).

Next, we calculated the macroalgae coverage rate of GT as

the ratio of the macroalgae area to the corresponding rectangle

area. We took this ratio as the ‘pixel’ value of GT. The average of

the eight GT ‘pixels’ values from GT1 to GT8 was calculated and

taken as the central ‘pixel’ value.

Finally, we derive the Area_cloud_GT of this cloud by

multiplying the cloud area (Area_cloud) in the central ‘pixel’

region with the central ‘pixel’ value.

This method was used to calculate Area_cloud_GT of eight

MODIS images. The Area_cloud_GT was converted into the

macroalgae fitted area (FArea_cloud_GT) of the corresponding

fine resolution image. Next, FArea_cloud_GT was compared with

the macroalgae area estimated (AreaGF, AreaSentinel-2, or

AreaSentinel-1) using semi-simultaneous fine resolution images

in the same region. AreaGF (AreaSentinel-2 or AreaSentinel-1) was

considered to be the ‘real’ value. The feasibility of the method

was verified through the mean relative difference (MRD)

between FArea_cloud_GT and the ‘real’ value.

3 Results and discussion

3.1 Application of the simple method for
estimating macroalgae area under clouds

In practice, it is not common for images to contain clouds

surrounded by macroalgae. As a result, using the proposed

method to estimate the Area_cloud_GT will result in an

underestimate. To avoid underestimating Area_cloud_GT, we

divided the distribution patterns of macroalgae and clouds

into five cases. These five cases are as follows:

Case 1: If clouds are surrounded by macroalgae, the central

‘pixel’ value is the average of the eight GT ‘pixels’ values from

GT1 to GT8, as shown in Figure 6B.

Case 2: If the rectangles in a south-north direction (or east-

west or northeast-southwest, or northwest-southeast) of the

clouds have macroalgae, the central ‘pixel’ value is the average

of GT4 and GT5 (or GT2 and GT7, or GT3 and GT6, or GT1

and GT8), as shown in Figure 6A.

Case 3: If only one side of the cloud rectangle has

macroalgae, the central ‘pixel’ value is the ‘pixel value’ of GT2

(north) [or GT7 (south) or GT4 (east) or GT5 (west)], as shown

in Figure 6C.

Case 4: If the distribution of macroalgae around the clouds is

scattered, the number of GT rectangles involved in the

calculation can be judged on a case-by-case basis, as shown in

Figure 6B. In this example, there are macroalgae in GT4, GT5,

GT6, and GT7, so the average of these four ‘pixels’ is taken as the

central ‘pixel’ value.

Case 5: If there is no macroalgae on one side of the clouds,

while there is macroalgae on the other side of the clouds, there

may be macroalgae under the clouds. As shown in Figure 6C,

there is no macroalgae on the right side of cloud rectangle D,

while there are macroalgae around adjacent cloud rectangles A,

B, and C. The central ‘pixel’ value of cloud rectangles A, B, and C

are first calculated according to the above four cases. The average

of these three values is taken as the central ‘pixel’ value of cloud

rectangle D.

Owing to the random distribution of clouds and macroalgae,

there may be one of the above cases in a remote sensing image,

such as June 23, 2018 (Figure 6A). There may also be two or

FIGURE 5

Methods for estimating macroalgae area under clouds

(Area_cloud_GT) in the case of clouds surrounded by macroalgae.

These rectangles are the same size. In the surrounding

rectangles (GT1-GT8), green ellipses represent different

macroalgae patches. In the center rectangle (Cloud), the blue

shape represents cloud patches.
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three of the above cases, such as July 1, 2015 and July 20, 2018

(Figures 6B, C). There may also be four or all of the above cases,

such as June 21, 2015 and July 4, 2015 (Figure 7).

3.2 Verification of the simple method for
estimating Area_cloud_GT

The equations should be inserted in editable format from the

equation editor. The Area_cloud_GT derived from this simple

method must be validated with field measurements to verify

its accuracy. However, field verification is difficult because we

cannot guarantee consistency between the region covered by

aerial survey (or ship survey) and the area of clouds on an image.

Instead, we selected fifteen pairs of cloud sub-regions on MODIS

images and fine spatial images acquired on the same day to verify

the feasibility of the simple method of estimating Area_cloud_GT,

as shown in Figure 8A.

The FArea_cloud_GT on MODIS images was obtained

according to section 2.3 and 3.1, and compared with the ‘real’

value, i.e., AreaGF (AreaSentinel-2 or AreaSentinel-1). As shown in

Figure 8A, when the time interval was within 10 minutes,

A B

FIGURE 7

Application of the simple method for estimating macroalgae area under clouds under complex scenarios. (A) The scenario including four above

cases; (B) The scenario including all above cases.

A B C

FIGURE 6

Application of the simple method for estimating macroalgae area under clouds under various scenarios. (A) The scenario of Case 2. (B) The

scenario of Case 4. (C) The scenarios of Case 1, Case 3 and Case 5.
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FArea_cloud_GT converted from MODIS images was relatively

close to the ‘real’ value except for the individual regions in red

circle. The MRD between FArea_cloud_GT and the ‘real’ value was

30.09%. When the time interval was within about one hour, the

MRD increased significantly to 57.18%. When the time interval

was over three hours, the MRD was more than 60%. The

increase in MRD with time is easily understood. The

macroalgae is constantly moving (Cui et al., 2012; Harun-Al-

Rashid and Yang, 2018) and macroalgal aggregation

morphology is changing at any time. In addition, we used here

only extract the surface floating macroalgae, and less considering

of the distribution of macroalgae in the upper water column

because of the limitations of the remote sensing image, so the

longer the time interval, the larger the MRD. From this study, we

can conclude that the simple method has a relatively

good accuracy.

For individual regions in red circle, the difference between

FArea_cloud_GT and the ‘real’ value is extremely obvious. We

speculate that there are two possible reasons besides time

interval. One reason is the difference in macroalgal

aggregation morphology caused by sea surface wind and sea

surface current (Xu et al., 2016; Cao et al., 2019). This difference

can affect the calculation result of the macroalgae coverage rate,

causing the larger MRD between FArea_cloud_GT and the ‘real’

value. The other reason is the impact of cloud top height, cloud

optical thickness, cloud effective particle radius, and other

factors. These factors can affect the reflectance of underlying

surfaces (Tan et al., 2000), and thus affect macroalgae detection,

leading to uncertainty in FArea_cloud_GT.

The range of MRD was 10.89% to 87.26% after applying the

simple method for estimating macroalgae area under clouds on

MODIS imagery, while the range of MRD was 74.83% to 100%

before applying the method. The estimation accuracy of semi-

simultaneous cloud sub-regions was improved by 11.75% to

69.91% on average (Figure 8B). These results indicate the

method can significantly improve the estimation accuracy of

macroalgae area under cloudy conditions and has an evident

effect in reducing the impact of clouds on the macroalgae area

estimated on MODIS imagery.

4 Conclusions and prospective

Optical remote sensing images are seriously affected by

clouds. Most current research about macroalgae area and

biomass does not consider whether the sea surface under

clouds is covered by macroalgae. This omission causes an

increase in the difference between the estimated and actual

biomass. The novelty of this study is that a simple method for

estimating macroalgae area under clouds on MODIS imagery

is proposed to address this challenge. The accuracy of the

method is verified by a comparison of the estimation

results and results detected by semi-simultaneous fine

resolution images in the same region. The verification results

show that the simple method has a relatively good accuracy,

and can provide a technological reference for MAB

quantitative analysis.

This method can be extended to other remote sensing

images with coarse spatial resolution, such as GOCI. In

practical application, the MRD between the ‘real’ results and

the estimation results using this method may be larger in

individual regions because of the impacts from macroalgal

aggregation morphology, cloud optical thickness, cloud

effective particle radius, and other factors. Further study is

needed to reduce the impact of these factors to improve

the method.

A B

FIGURE 8

(A) The verification results of the simple method for estimating macroalgae area under clouds on MODIS imagery. The ‘real’ values are the

macroalgae area detected by fine resolution images. FArea_cloud_GT is the macroalgae fitted area converted by Area_cloud_GT, and

Area_cloud_GT is the macroalgae area under clouds estimated by the method. The black line in figure is the 1:1 line. (B) The MRD difference value

before and after applying the method.
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