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Abstract 8 

Yellow River Estuary (YRE) as well as its adjacent coastal areas are famous for its high concentration of 9 

Suspended Particulate Matter (SPM). The distribution of SPM and its variations in the estuary area promoted the 10 

carbon, oxygen and nutrient cycles in coastal areas and nearby sea areas. This study took advantage of Landsat 8 11 

Operational Land Imager (Landsat 8 OLI) data to estimate SPM in the YRE from 2013 to 2019. Remote sensing 12 

reflectance (Rrs) measured by Landsat 8 OLI has been proved to be effective through cross-validate with 13 

Geostationary Ocean Color Imager (GOCI). A simple empirical alogrithm (NIR band ratio green band and add red 14 

band) was developed to map the SPM distribution and concentration, with the APD 33.12% and R2 0.93 based on 15 

in-situ data. Annual average distribution of SPM shows that highy turbid areas with SPM greater than 103 mg/L are 16 

mostly found surrounding the estuary of Yellow River, in the northwest part of the Laizhou Bay and south part of 17 

Bohai bay. High variations of SPM distributions are consistent with high SPM, and vice versa. The influences of 18 

river runoff is mainly concentrated in the estuary area, and outside 4.5 km the variability of SPM effected by river 19 

discharge is not ovbious. Significant difference is observed in seasonal SPM distribution. Higher SPM in winter is 20 

observed both in range and intensity compared to summer. Significant seasonal variations are mainly controlled by 21 

sediment resuspension processes driven by wind-wave forces. The results of this study indicate that Landsat8 OLI 22 

is an effective mean to retrieve SPM in YRE and its adjcent areas. 23 

Key words: Yellow River Estuary (YRE), Suspended Particulate Matter (SPM), Landsat 8 OLI, remote 24 

sensing inversion 25 

1. Introduction 26 

The Yellow river, well-known for its high Suspended Particulate Matter (SPM) in the world and for its 27 

frequently shifting courses in the low reaches (Milliman & Meade, 1983). Historically, the yellow river transported 28 

about 5.74×1010m3 of freshwater (corresponding approximately 50–60% of freshwater entering the Bohai) and 1.64×109 29 

tons of sediment (about more than 90% of sediment entering the Bohai Sea) annually (Fan & Huang, 2008; Pang et al., 30 

2000; Qiu et al., 2017). Coastal waters are often characterized by high concentration of SPM due to terrestrial 31 

inputs and sediment resuspension. The river outflow carries SPM including inorganic and organic matter, mud sand, 32 

microorganisms into the Bohai Sea. The Yellow River Estuary (YRE) and its adjacent coastal areas are famous for 33 

high SPM and complex hydrodynamics which are affected by physical, biogeochemical and human activities 34 

(Cloern, 1987; Li et al., 2018; Wei et al., 2016). The dynamics of SPM directly affect the transport of carbon, 35 

nutrients, pollutants, and other materials (Ilyina et al., 2006). High SPM could affect the transparency, turbidity and 36 

water color through hindering the transmission of light in the water (Wang et al., 2017; Wu et al., 2014). Therefore, 37 

monitoring the dynamics is of great intrest and importance in the YRE and in coastal regions and nearby seas. The 38 

large spatial and temporal variability of SPM, however, makes it difficult to synoptically map such matter using 39 

traditional field sampling methods. Satellite remote sensing can overcome this shortage according to its large-scale 40 

and real time observation, so it can be used to quickly estimate SPM in coastal and estuarine environments (Mao et 41 

al., 2012). 42 



Remote sensing techniques have been widely applied to obtain the spatiotemporal information of SPM since 43 

the first Landsat satellite’s launch in 1972. Then, sensors such as the Sea-viewing Wide Field-of-view Sensor 44 

(SeaWiFS), the Moderate Resolution Imaging Spectroradiometer (MODIS), the Medium Resolution Imaging 45 

Spectrometer (MERIS), Geostationary Ocean Color Imager (GOCI) and Landsat have been applied to retrieve SPM 46 

successfully (He et al., 2013; Mélin et al., 2007; Petus et al., 2010; Ritchie et al., 2003; Wang & Jiang, 2008; Zhang 47 

et al., 2014). In contrast, Landsat 8 Operational Land Imager (L8/OLI) data, including an additional shorter blue 48 

band, a narrower near-infrared band, a 12 bit radiometric resolution, and higher signal-to-noise ratios, may improve 49 

the capacities of monitoring high turbid waters (Olmanson et al., 2016). In addition to these ascendancy, Landsat 8 50 

OLI with high spatial resolution (30m) improved capabilities of data and so improved capacities to monitor high 51 

turbid waters. Landsat 8 OLI has increasingly been used for estuary SPM monitoring due to the advantages of 52 

terrestrial satellite series satellite datasets, including public accessibility, gradual (30m) and long-term availability 53 

(Luan et al., 2017; Pan et al., 2018; Qiu et al., 2017; Zhang et al., 2014).  54 

The retrievals of SPM are usually exhibited in analytic, semi-analytic and empirical methods (Binding et al., 55 

2005). A large number of empirical algorithms have been developed in different estuaries and coastal zones based 56 

on the relationship between the SPM and remote sensing reflectance (Curran et al., 1987; Larouche & 57 

Boyer-Villemaire, 2010). However, such empirical methods highly depend on in-situ datasets and therefore have 58 

regional applicability characteristics (He et al., 2013). 59 

The purposes of this study are to analyze the spatiotemporal distribution of the SPM derived from Landsat 8 60 

OLI in the YRE, so as to provide reference data for studying the distribution of sediment and the influencing factors 61 

of SPM transport. The paper was organized as follows. In-situ data and remotely sensed data used in this study are 62 

described along with the SPM retrieval model and its calibration in Section 2. The accuracy of the atmospheric 63 

correction algorithm and the model is assessed through cross-validation with GOCI in Section 3, and the average 64 

annual distribution of SPM from 2013 to 2019 were also displayed. In section 4, Landsat 8 OLI was used to retrieve 65 

monthly and seasonal variations of SPM, and the spatial distribution were characterized to analyze the factors 66 

affecting the distribution of SPM. Finally, the summary and conclusions were given in Section 5.  67 

2. Data and Methods 68 

2.1 Study area 69 

The YRE is a semi-closed area located southwest of the Bohai Sea in China, with an average depth of about 70 

18m (Ruddick et al., 2012). The water body in the YRE is a typical case-II water with high suspended sediment 71 

concentration along with obvious regional and seasonal characteristics (Zhao et al., 2014). Affected by river input 72 

and runoff, the YRE has extensive organic sediments and inorganic deposits, forming its Inherent Optical properties 73 

(IOP) (Zhao et al., 2014). The study area was focused on the Yellow River estuary and adjacent waters (Fig. 1). 74 

2.2 Satellite data 75 

Landsat 8 OLI was successfully launched by NASA on February 11, 2013. Operational Land Imager (OLI) 76 

image width is 185×185km, with an additional shorter blue band, a narrower near-infrared band, a 12 bit 77 

radiometric resolution, and higher signal-to-noise ratios. OLI provided quantified, improved signal-to-noise ratio 78 

(SNR) in a 12-bit dynamic range with full coverage every 16 days. All Landsat 8 OLI images (from May 2013 to 79 

August 2019) in this study area (row 121, path 34) were download from the United Stated States Geological Survey 80 

(USGS) (https://www.usgs.gov/products/data-and-tools/data-and-tools-topics). Through careful selection, a total of 81 

53 Landsat 8 OLI images with less than 20% cloud covered were obtained. Atmospheric corrections were 82 

processed using the short-wave infrared (SWIR) algorithm method (Qing et al., 2019; Vanhellemont & Ruddick, 83 

2014, 2015) and the FLAASH algorithm which embed into ENVI image processing software. 84 

https://www.usgs.gov/products/data-and-tools/data-and-tools-topics


 85 

Fig. 1. Sampling site map during three cruises (The red solid triangle represents sample sites in July 2011; the 86 

green solid dot represents sample sites in November 2011; the blue polygon represents sample sites in Aug 87 

2005; the black solid star represents sample sites in Sep 2005; the cross represents three fixed sample sites 88 

(black cross represents in July 2011, and the purple cross was in Nov 2011); the black hollow square boxes of 89 

40×40 pixels foe charactering SPM (S1, S2, S3). 90 

2.3 In-situ data 91 

The data of this study were collected by three oceanographic cruises in the YRE and its vicinity in 2005 and 92 

2011 (the observation stations in Fig. 1). Both the remote sensing reflectance (Rrs) and SPM were measured in the 93 

three cruises over the YRE and 130 group of data including Rrs and SPM were included. In the following research, 94 

all the data were arranged according to the same concentration gradient. Two-thirds of them were used to establish 95 

the SPM retrieval algorithm, and the remaining data was used to verify the correctness of the algorithm. The 96 

measurement methods for Rrs and SPM are described as follows. 97 

2.3.1 Measurement of SPM 98 

SPM measurements used standard gravimetric methods, including water sample collection, filter preparation, 99 

on-site filtration, and laboratory weighing (Zhang et al., 2014). Using sampling bottles to collect water samples 100 

from the top several centimeters of the water surface and completing optical measurement at the same time. Before 101 

filtration, the filter is repeatedly dried, cooled, and weighed until the weight changes by no more than 0.2mg. The 102 

water samples were filtered through Whatman GF/F filters (diameter 47 mm, pore size 0.45 mm), then placed in the 103 

silica gel drier for 6–8h. Finally, the filtered membranes were re-weighed to obtain the SPM and stored in a 104 

refrigerator for on-shore analysis. 105 



2.3.2 Measurement of remote sensing reflectance 106 

Remote sensing reflectance (Rrs) were measured using an ASD Field Spec 4 with a spectral range of 107 

350-2500nm and the absolute radiance calibration of detectors was performed before each cruise. In order to avoid 108 

and minimize the effects of sunlight reflectance and ship shadows, the zenith and azimuth angles viewing from the 109 

water surface are about 40° and 135° respectively (Pei et al., 2015). The radiance of water surface, the plate and the 110 

sky were received by ASD detector. The reflections from superstructures, ship wakes, associated foam patches, and 111 

whitecaps should be considered when selecting measurement locations. In addition, the sun light plays a vital role, 112 

so the observation time is generally chosen between 9 am and 3 pm every day. The Rrs calculation method used was 113 

detailed in formula (1) and the measured Rrs was shown in Fig. 2. 114 

The measured Rrs is calculated using Eq (1): 115 𝑅𝑟𝑠 = 𝐿𝑠𝑤 − 𝜌𝐿𝑠𝑘𝑦𝜋𝐿𝑝/𝜌𝑝  (1) 

Where 𝐿𝑠𝑤 is the radiance of water surface; 𝐿𝑠𝑘𝑦 is the radiance of sky; 𝐿𝑝 is the radiance of plate; 𝜌 is a 116 

fixed value and its value is generally between 0.022–0.05 (Mobley, 1999). 117 

 118 

Fig. 2. The remote sensing reflectance during three cruise. 119 

2.4 SPM retrieval model  120 

2.4.1 Variation of the Rrs with different SPM range in the YRE 121 

The study divided all the SPM into three concentration range including low turbidity water (with 122 

SPM<30mg/L), moderate turbidity water (30mg/L<SPM<150mg/L) and high turbidity water (SPM>150mg/L). Fig.  123 

3 indicate the remote sensing reflectance of different SPM range.  124 



 125 

Fig. 3. Rrs and mean Rrs of different SPM range. (a) Rrs in the low turbidity water (with 0mg/L<SPM<30mg/L); (b) 126 

Rrs in the moderate turbidity water (with 30mg/L<SPM<150mg/L); (c) Rrs in the high turbidity water (with 127 

SPM>150mg/L); (d) Mean Rrs in three different SPM range. 128 

As Fig. 3(a) shows, the values of the Rrs increase from blue to green band, reaching the peak at 570 nm in the 129 

low turbidity water. The peak of Rrs at 570nm is mainly due to high backscattering from SPM. The values decrease 130 

quickly in the range of 570-600 nm, and finally end with the minimum at the near infrared band. The downslope 131 

(from 570 to 600 nm) is generally steeper than the upslope (from the blue to green band).  132 

For moderate turbidity water (Fig. 3(b)), the shape of spectral characteristic curves is similar to those in the 133 

low turbidity water in the blue and green bands. The spectral value decreases from 570nm to 750nm, and the Rrs 134 

increased between 600nm and 700nm compared to low turbidity water with its value almost among 0.023 Sr
−1 to 135 

0.057 Sr
−1. In addition, a small peak appeared at 810nm with Rrs among 0.007 Sr

−1to 0.026 Sr
−1.  136 

Fig. 3(c) showed the Rrs in the high turbidity water, and the Rrs were at a high level compared to the low and 137 

moderate turbidity water. A reflection peak platform appeared from 550nm to 700nm. The Rrs at 570nm is normally 138 

higher than that at 700nm for low and moderate turbidity water, and this phenomenon is reversed for high turbidity 139 

water, because Rrs at 570 nm tends to saturate while SPM increases. A more widely peak at 810nm with Rrs among 140 

0.02 Sr
−1 to 0.08 Sr

−1 become more obvious compared to the first two spectral curves.  141 

Fig. 3(d) showed the mean Rrs in three different SPM range, and the value of Rrs increased with the 142 

concentration of SPM. The Rrs of the visible and near-infrared spectral regions vary widely in different SPM ranges 143 

which is similar to the results published in other turbid waters (M. Zhang et al., 2010).  144 

2.4.2 The selection of sensitive wavelength 145 

    In previous studies, many empirical algorithms were developed to retrieve SPM. Zhang et al. (2014) used a 146 

single parameter linear model establishing a retrieval algorithm to map SPM in the YRE by Landsat TM/ETM+. 147 

Qiu (2013) suggested taking advantage of power functions and quadratic polynomials to retrieve SPM in the YRE. 148 

Doxaran et al. (2009) applied the 895nm and 685nm to develop the algorithm in Gironde Estuary in which the SPM 149 

was similar to the Yellow River Estuary. Y. Zhang et al. (2010) used the ratio of 470nm and 645nm to establish a 150 

quadratic equation to retrieve the SPM in Taihu Lake, China. Hu et al. (2004) created bands difference algorithm to 151 



analyze total suspended sediment concentration using Modis at Tampa Bay, Florida Bay. The study obtained spectra 152 

ranging 400nm to 900nm, and attempted to establish a new model to retrieve SPM in the YRE. Each band has 153 

different response to different concentration of SPM. So it’s necessary to explore the correlation between SPM and 154 

wavelength to find the sensitive bands to SPM. The correlation coefficient between the Rrs and SPM can be 155 

calculated by Pearson correlation coefficient equation which is described as Eq (2): 156 r = ∑(𝑥−�̅�)(𝑦𝜆−𝑦𝜆̅̅ ̅̅ )√∑(𝑥−�̅�)2√∑(𝑦𝜆−𝑦𝜆̅̅ ̅̅ )2        (2) 157 

where the 𝑥 is SPM, �̅� is the mean SPM. 𝑦𝜆  is the Rrs of wavelength, and 𝑦𝜆̅̅̅ is the mean Rrs of 158 

wavelength. r represents the correlation coefficient. Fig. 3 shows the correlation coefficient between Rrs and SPM 159 

from 400nm to 900 nm. 160 

 161 

Fig. 4. The correlation coefficient of the Rrs with SPM at different wavelengths. 162 

Correlation coefficients between remote sensing reflectance and SPM increased significantly with increasing 163 

wavelength from 520nm to 900nm. r of near-infrared band is higher than that in the red band with its value more 164 

than 0.8. The reason for this phenomenon is that the signals reflected by high turbid water tend to saturate in visible 165 

light range while the saturation effect reduce relatively in the near-infrared spectral region (Doxaran et al., 2002). 166 

According to the central wavelength setting of Landsat 8 OLI and the correlation coefficient trend, 561nm, 655nm 167 

and 865nm bands are selected to establish SPM retrieval algorithms in the YRE. Many different forms of empirical 168 

formulas including single band and the combinations of different bands and band ratios were established in this 169 

study. The performance of algorithms was evaluated by the coefficient of determination (R2) and the Average 170 

Percentage Difference (APD). The R2 and APD calculation method are showed in Eq (3) and (4) respectively: 171 𝑅2 = ∑ (𝑥𝑖−𝑥�̅�)2−∑ (𝑥𝑖−�̂�𝑖)2𝑛1𝑛1 ∑ (𝑥𝑖−𝑥�̅�)2𝑛1    (3) 172 

APD = 1𝑁 ∑ |𝑥𝑗 − 𝑥𝑖| ∕ 𝑥𝑖𝑁𝑖=1    (4) 173 

Where the xj is the SPM retrieved by algorithm, the 𝑥𝑖 is the in-situ SPM, and the �̂�𝑖 is the value of in-situ SPM 174 

regression fit, and the 𝑥�̅� is the mean value of in-situ SPM. 175 

2.4.3 Establishment and validation of the retrieval algorithm. 176 

Table. 1 showed single band algorithms with three common empirical function type, and the index form in 177 

near infrared (NIR) band is the best selection with R2 0.91 and APD 34.88%. Moreover, the composition, size and 178 

shape of the particles are extremely complex in high turbid waters (with the concentration up to 2000mg/L) like the 179 



YRE (He et al., 2013). Single-band algorithms are susceptible to interference from above environmental conditions, 180 

so it is difficult to fully reflect the spectral information of different SPM. Band ratio could weaken or even 181 

eliminate the effects of particle size and light to a certain extent (Doxaran et al., 2002). Some representative band 182 

ratio algorithms using various function type were listed in Table. 2, and the optimal algorithm is marked. Fig. 5 is 183 

the scatter plot of in-situ SPM against estimates from the optimal SPM algorithm in the YRE. The in-situ and 184 

estimated SPM were distributed along the 1:1 line, and it showed a good relationship between in-situ and estimated 185 

SPM values in the YRE with an APD of 33.12% and R2 of 0.93. 186 

Table. 1 Retrieval algorithms in the YRE with single band 187 

Sensor Function type a b c R2 APD (%) 

OLI 

Lg SPM=aRrs561b 37.391 0.944 / 0.60 89.96 

Lg SPM=aRrs655b 10.564 0.531 / 0.79 67.14 

Lg SPM=aRrs865b 6.644 0.265 / 0.91 34.88 

Lg SPM=aebRrs561 0.553 28.374 / 0.66 84.52 

Lg SPM=aebRrs655 0.667 24.625 / 0.81 55.80 

Lg SPM=aebRrs865 1.251 18.614 / 0.65 83.39 

Lg SPM=aRrs5612+bRrs561+c 829.368 13.593 0.918 0.66 83.85 

Lg SPM=aRrs6552+bRrs655+c 255.252 12.731 0.837 0.88 42.76 

Lg SPM=aRrs8652+bRrs865+c -940.423 92.117 0.989 0.90 39.65 

Table. 2 Band ratio retrieval algorithms with fitting coefficient in the YRE  188 

Function Form R2 APD (%) 

Lg SPM=0.489+ 24.765Rrs865+0.758Rrs655/Rrs561 0.92 34.33 

Lg SPM=0.786+17.061Rrs655+1.316Rrs865/ Rrs561 0.93 33.12 

Lg SPM=0.793+17.052Rrs655+0.758Rrs865/Rrs482 0.93 33.69 

Lg SPM=0.530+1.501Rrs865/Rrs561+0.930Rrs655/Rrs561 0.93 59.40 

Lg SPM=3.099(Rrs865/ Rrs561)0.329 0.91 34.84 

Lg SPM= 2.032(Rrs655/ Rrs561)2.582 0.86 41.69 

Lg SPM=1.176e1.125(Rrs865/ Rrs561) 0.75 69.12 

Lg SPM=0.546e1.224(Rrs655/ Rrs561) 0.88 38.68 

Lg SPM=-2.209(Rrs655/Rrs561)2+4.418(Rrs655/Rrs561) +0.908 0.90 38.74 

Lg SPM=1.043+2.55(Rrs655/ Rrs561) 0.84 49.56 

 189 



 190 

Fig. 5. The scatter plot with the optimal algorithm by Landsat 8 OLI. The solid dots are used to create 191 

algorithm, and the hollow dots are used to test the algorithm. 192 

3. Result 193 

3.1 Landsat 8 OLI measured Rrs compared to GOCI measurements 194 

Due to the low temporal resolution (16 days) of Landsat 8 and frequent cloud coverage in the YRE, it is 195 

difficult to identify a matched observation between satellite and in-situ data. Therefore, it is not reasonable to 196 

validate Landsat 8 OLI measured Rrs directly using in-situ observation. GOCI is the world's first geostationary 197 

satellite successfully launched in June 2010 which has the coverage of 2500 × 2500 km square (Choi et al., 2012). 198 

Due to its high temporal resolution (eight images per day with one-hour intervals.), GOCI has been widely used to 199 

estimating the concentration of surface suspended matter in seawater in recent years (Choi et al., 2014; He et al., 200 

2013). Li et al. (2016) evaluated the stability of the GOCI-derived ocean color remote sensing products under 201 

different observing time, and the result showed that the Rrs retrieved by KOSC algorithm has the best agreement 202 

with the values of in-situ observations in Liaodong Bay. Sun et al. (2020) confirmed the accuracy of GOCI Rrs by 203 

analyzing the change of the surface suspension concentration in the Bohai Bay in winter. These all prove that Rrs of 204 

GOCI with high accuracy, and as a result, the study proposed a validation of Landsat 8 OLI Rrs based on cross 205 

validation with GOCI measurement. The GOCI L1B data were got from KOSC 206 

(http://kosc.kiost.ac.kr/eng/p10/kosc_p11.html), and the L1B products were processed by a series of procedures 207 

including Rayleigh scattering, aerosol scattering and genuine seawater reflectance integrated in GDPS of KOSC 208 

(Gordon et al., 1988; Wang, 2005; Wang & Gordon, 1994).  209 

http://kosc.kiost.ac.kr/eng/p10/kosc_p11.html


 210 

Fig. 6. Landsat 8 OLI Rrs(655) versus GOCI Rrs(660). Gray areas denoted mask areas. Three transects (marked as 211 

LA, LB and LC) in the figure were used for the cross validation of Landsat 8 OLI measured Rrs and GOCI 212 

measurements. 213 

In addition to using the SWIR method for atmospheric correction, this study also used the FLAASH method to 214 

perform atmospheric correction on Landsat 8 OLI data. Two Rrs result about Landsat 8 OLI (SWIR and FLAASH) 215 

were compared to Rrs (GOCI) result, and the cross validation were performed along west-east transects shown in 216 

Fig. 6. Larger areas with no useful data were obtained for GOCI Rrs(660) due to the atmospheric overcorrection. 217 

The cross-validation results were shown in Fig. 7. Although band setting of two sensors were slightly different, Fig. 218 

7 showed excellent matched comparisons of Rrs. It's notable that Rrs from FLAASH atmospheric correction were 219 

significantly higher than those of SWIR atmospheric and GOCI. Therefore, it is not a good choice to retrieve Rrs by 220 

FLAASH method in this study area. For SWIR method, the two Rrs from the two sensors have good consistency 221 

especially in red and NIR band. The Rrs behaved consistency with decreases from west to east. A relatively large 222 

difference was observed in modestly turbid regions. The value of Rrs in red and NIR band was high in turbid regions, 223 

but in the other modestly and low turbid regions, Rrs mostly at low level with its value below 0.03 Sr
−1. 224 

Fig. 8 shows the Rrs of central wavelength derived from Landsat 8 OLI (SWIR) and GOCI, and table 3 shows 225 

the APD between the two sensors. The Rrs distribution derived from the two sensors are consistent. The difference 226 

between Landsat 8 and GOCI reduced with the wavelength increased. Relatively high Rrs were found at the mouth 227 

of the Yellow River, north of Bohai Bay and the west of Laizhou Bay. Although the distribution of the two Rrs were 228 

similar, higher Rrs were obtained from Landsat 8 OLI. All APD fell within a range less than 15%, and the smallest 229 

was observed in NIR bands with its mean APD 13.56%.  230 



 231 

Fig. 7. Comparisons of measured Rrs between Landsat 8 OLI and GOCI along three west-east transects. Three 232 

bands from left to right: Green [Landsat 8 OLI Rrs(561) versus GOCI Rrs(555)]; Red [Landsat 8 OLI Rrs(655) 233 

versus GOCI Rrs(660)]; NIR [Landsat 8 OLI Rrs(865) versus GOCI Rrs(745)]. And three transects from left to right: 234 

transects LA, LB, and LC. 235 

 236 

Fig. 8. Comparisons of the retrieved Rrs between the Landsat 8 OLI and GOCI on 26 August, 2016 (The Landsat 8 237 

OLI image was obtained at UTC 2:42, and the GOCI image was obtained at UTC 2:28).  238 



Table. 3. The APD (%) of Rrs between Landsat 8 (SWIR) and GOCI in three lines. 239 

 Green Red NIR 

LA 13.66 13.50 13.38 

LB 14.15 13.63 13.88 

LC 15.80 14.48 13.43 

Mean (LA、LB、LC) 14.54 13.87 13.56 

3.2 Mapping SPM using Landsat 8 OLI and GOCI  240 

Some previous studies mapped the diurnal dynamics of SPM in turbid coastal waters using GOCI, along with 241 

numerous empirical algorithms for SPM have been developed in various estuaries and coasts (Choi et al., 2013; He 242 

et al., 2013; Ruddick et al., 2012). The study compared the result of the retrieved SPM between Landsat 8 OLI and 243 

GOCI, and two high-quality images on the same transit date (26 August 2016 and 12 March 2019). In order to 244 

compare the retrieval result, the same retrival model including similar bands selection and function form was 245 

applied to GOCI, and the algorithm was described in Eq (5). Fig. 9 showed spatial distribution of SPM retrieved 246 

from Landsat 8 OLI and GOCI, and the spatial distribution of Landsat 8 OLI is generally consistent with that of 247 

GOCI. Furthermore, in order to quantify the SPM result, the SPM value were extracted from LA, LB and LC in two 248 

days, and the SPM result from two sensors were showed in Fig. 10. The SPM value from two sensors were similar 249 

with APD no more than 40%, but the SPM value from Landsat 8 OLI are slightly higher than that of GOCI, which 250 

is consistant with the previous result (Pan et al., 2018).  251 

Lg SPM=0.82389+13.18944Rrs(680)+1.15577Rrs(745)/Rrs(555)    Eq (5) 252 

Where the Rrs represent the remote sensing reflectance of different bands from GOCI. 253 

 254 

Fig. 9. Comparison of the estimated SPM from Landsat 8 OLI to GOCI on 26 August 2016 and 12 March 2019. 255 



 256 

Fig. 10. Comparisons between Landsat 8 OLI and GOCI derieved SPM along west-east transects, and APD is the 257 

relative error between the two sensors. 258 

Fig. 11 showed the details of the distribution of SPM from Landsat 8 OLI and GOCI respectively. Clearly, the 259 

SPM from OLI image with a 30m spatial resolution shows more details about the spatial distribution of the SPM 260 

within and outside the estuary of the Yellow River. Fig.11 show the details of comparisons of distribution about 261 

SPM in the black boxes numbered 1-4 in Fig. 9. The distribution of SPM in OLI images were much clearer than 262 

that in GOCI. In addition, the yellow river main road is clearly observed in the OLI image, but its not appeared in 263 

GOCI image. SPM distribution trend and flow direction were also obviously shown in OLI images. The difference 264 

of SPM distribution near the YRE clearly demonstrates the effects of the river discharge on the spatial distribution 265 

of the SPM. The above results show that Landsat 8 OLI is superior to GOCI in clearly observing the SPM spatial 266 

distribution.  267 

 268 

Fig. 11. The details of SPM spatial distribution in four selected typical locations between Landsat 8 OLI and 269 

GOCI.The first row are the SPM distribution of Landsat 8 OLI, and the second row are GOCI. 270 



3.3 The distribution of annual mean SPM  271 

 272 

Fig. 12. Images quatity of this study in different months from 2013 to 2019.  273 

Fig. 12 shows the number of used images in different month during 2013 to 2019, and the number of images 274 

was evenly distributed. Fig. 13 shows the annual mean SPM distribution in the YRE, the average SPM distribution 275 

and standard deviation (STD) over the 7 years, which was retrieved from Landsat 8 OLI in the YRE. SPM presents 276 

ovate distribution near the Yellow River mouth marked by the black coils in Fig. 13. The mean SPM in the YRE is 277 

generally increasing from 2013 to 2016, while decreasing from 2016 to 2019, and it maybe because the variation of 278 

annual total sediment discharge from Yellow River. Significantly high SPM was found in the Yellow River mouth, 279 

northwestern parts of the Laizhou Bay, south part of the Bohai Bay with its SPM even more than 103 mg/L. SPM 280 

decreased from Yellow River mouth to the east, and relatively low SPM were also found south and east of the 281 

Laizhou Bay with the smallest value in the order of 10mg/L. SPM near the Yellow River mouth and adjacent areas 282 

were approximately two to three orders higher than those for other regions, demonstrating that most SPM quickly 283 

subsided near the estuary.  284 

Fig 13 also showed STD and average of SPM distribution over all 53 images. Spatial distribution of STD were 285 

similar to that of mean SPM, which was consistent with the previous conclusion (Qiu et al., 2017). In the low 286 

concentration area, STD of all 53 images normally fell within a range of 5mg/L to 10mg/L, while 10–50 mg/L in 287 

the higher concentration region. The variation of SPM concentration is minimal in the low concentration areas over 288 

7 years. Enhanced variations can be found near the Yellow River mouth, northwest part of the Laizhou Bay and 289 

south part of Bohai bay with the STD more than 100mg/L. The high SPM concentration and the variability is 290 

primarily due to the sediment discharge, and also possibly due to the wind-driven resuspension of the bottom 291 

sediment for the shallow water. Quantifying mean SPM and STD by the three west-east transects, and the result 292 

showed in Fig.14. The STD of SPM were all about 10mg/L in the east of study area, which indicated SPM in the 293 

east of study area has no visible difference in all 7 years. In contrast, the STD changed a lot in high turbid areas like 294 

Yellow River mouth and its adjacent areas with its value more than 100mg/L. In addition, Fig. 13 shows that highly 295 

varying SPM distributions were consistent with high concentration SPM and vice versa. This also appeared in 296 

comparisons between mean SPM and STD along the three west-east transects in Fig. 14. 297 



 298 

Fig. 13. Distribution of the mean annual SPM and Seven-year average standard deviation retrieved by Landsat 8 299 

OLI from 2013 to 2019.  300 

 301 

Fig. 14. Comparisons between mean SPM and standard deviation (STD) along the three west-east transects in 302 

three different lines (shown in Fig. 6). Mean SPM and STD were derived from 2013 to 2019 Landsat8 OLI 303 

retrieved. 304 

4. Discussion 305 

4.1 The effect of wind speed on distribution of SPM. 306 

Many previous studies have shown that wind was an important factor on SPM (Booth et al., 2000; He et al., 307 

2013; Qing et al., 2014). Wind controls the deposition and resuspension of sediment from Yellow River and seabed 308 

(Wiseman et al., 1986). He et al. (2013) reported that the SPM and its diurnal variation increased under the 309 

influence of Typhoon Meari. In order to further quantify the SPM seasonal variation and give an explanation about 310 

the impact mechanism of strong wind on the changes in SPM. The study selected three representative pixel boxes 311 



S1, S2, and S3 (40×40 pixels) which were located near the Yellow River mouth, the north of Laizhou Bay and the 312 

south of the Bohai Sea, respectively (the loction of three boxes were showed in Fig. 1). Fig. 15 showed the 313 

relationship between SPM and wind speed. The wind speed data were from the Cross-Calibrated Multi-Platform 314 

(CCMP) (http://www.remss.com/measurements/ccmp/ ). The SPM changed with wind speed, and high wind speed 315 

corresponded to high SPM which fully explained the impact of wind speed on the variation of SPM.  316 

 317 
Fig. 15. The relationship between SPM and wind speed in the three representative areas (S1, S2, S3). The 318 

x-axis represents the number of days in the year. 319 

Fig. 16 compared SPM distribution in two days, and the wind condition in the two days were different. Higher 320 

SPM and wider ranges of SPM distribution were observed on 16 February 2016, and in which day, wind speed is 321 

between 4.8m/s to 8.4m/s in the study area. (The wind speed were drawn from CCMP at 10m from sea surface and 322 

the obtained time was 6:00 and 12:00). In contrast, a maximum wind speed only reached 4.6m/s on 31 July 2018. 323 

The distribution of SPM has big difference in the two days. SPM reached and even larger than 300mg/L under 324 

strong wind, and the SPM was about 10mg/L to 50mg/L under a weak wind condition. High SPM corresponds to 325 

heavy wind which further effectively confirmed wind speed is a major force that controls the SPM variation. 326 

http://www.remss.com/measurements/ccmp/


 327 

Fig. 16. SPM distributions mapped by Landsat 8 OLI under different wind concditions. The images were 328 

acquired on 20160216 (Three images of the first row) with maximum wind speed 4.6m/s and on 20180731 (Three 329 

images of second row) with maximum wind speed 8.4m/s. 330 

The wind field of Bohai Sea exists obvious seasonal characteristic, and the strom wave was strong in winter 331 

but weak in summer. Bohai Sea prevailing north wind in winter with wind speed was about more than17m/s, while 332 

prevailing wind of summer was southeasterly with wind speed between 4m/s to 6m/s (Yu et al., 2013). Strong wind 333 

pattern frequently constitutes a major force that controls the deposition and resuspension of riverborne sediments in 334 

the YRE (Wiseman et al., 1986). Based on the impact of wind on SPM variation, the SPM also presented similar 335 

seasonality with wind strom. Fig. 17 shows the seasonal mean SPM distribution in the YRE, and numbers of 336 

Landsat 8 OLI images in spring (March, April and May), summer (June, July and August), autumn (September, 337 

October and November) and winter (December, January and February) were 19, 9, 12 and 13. SPM showed strong 338 

seasonality, being high in winter and low in summer like wind variation pattern. Fig. 18 showed the seasonal SPM 339 

concentration and wind speed in three representative boxes, and the result indicate that SPM and wind with the 340 

same variation pattern in difference season. SPM concentration at the highest level in winter with average SPM 341 

about 300mg/L, and at the same time , strong wind appeared in winter.  342 



 343 

Fig. 17. The mean seasonal SPM retrieved by Landsat 8 OLI from 2013 to 2019 and red range demark the the 344 

maxima concentration zone. 345 

 346 

Fig. 18 The variation of SPM concentration and wind speed with season. 347 

Fig. 19 showed the value of seasonal SPM variations along three west-east transects to further quantified SPM 348 

seasonal variation. It’s noted that SPM in Line “A”, “B” and “C” follow the same variation pattern, but the 349 

difference of SPM concentration value in different seasons. SPM generally decreased from west to east the study 350 

areas which are consist with the result of annual average distribution of SPM. The mean SPM distribution have 351 

significant difference between four seasons in turbid regions near the yellow river mouth. In contrast, little seasonal 352 

variation in the distribution of SPM in the areas of low SPM concentration like the east of study area. SPM 353 

concentration in spring and autumn performs similar pattern and magnitude. SPM in winter was much higher than 354 

other seasons with maximum SPM reaching about 500mg/L. While SPM in summer were all at the lowest level 355 

with SPM all less than 100mg/L except a small part of turbid areas. The monsoon climate affected the seasonal 356 

variability of SPM and distribution more notably, and strong wind drive tall waves resulting in high SPM in winter 357 



(Yang et al., 2011). 358 

 359 

Fig. 19. Comparisons between mean seasonal SPM along the three west-east transects (LA, LB and LC were shown 360 

in Fig. 6). Mean seasonal SPM were derived from 2013 to 2019 Landsat 8 OLI measurements. 361 

4.2 The effect of river discharge on distribution of SPM. 362 

In addition to wind speed, SPM is effected by numorous factors such as tidal, river discharge, and previous 363 

studies have shown that the river discharge was the main factor in fluid dynamics in estuary area (Bailey & Werdell, 364 

2006; Li et al., 2019; Liu et al., 2013; Pan et al., 2018; Shi & Wang, 2012; Su & Wang, 1989; Zhang et al., 2014). 365 

The river discharge was large from May through October, and the value was low from November to April. Yellow 366 

river had an unique Water-sediment Modulation through Xiaolangdi dam since 2002 which resulted in abnormal 367 

higher runoff in July (Qiu et al., 2017). River discharge in wet season were obviously higher than that in dry season. 368 

River runoff increased first and then decreased from May to October, and maximum value about 1600m3/s 369 

appeared in July. A relatively low level of the river runoff displayed in dry season (from November to April), and 370 

the value were all about 300 m3/s. In general, SPM in the YRE inputted by the yellow river are much higher in wet 371 

seasons than that in dry seasons (Qiu et al., 2017). Li et al. (2019) suggested that SPM in wet season were higher 372 

than that in dry season in the 3km buffer area of the Yellow River mouth, and SPM were similar as the water 373 

discharge load at Lijin Hydrological Station which loacted 100km away from yellow river mouth. 374 



 375 

Fig. 20. Monthly mean SPM maps in yellow river mouth area retrieved by Landsat 8 OLI in the YRE from 2013 to 376 

2019.  377 

Yellow River carries a large amount of sediments annually into the Yellow River mouth and its adjacent areas 378 

waters. The study analyzed the influence of river runoff on SPM variation at monthly scale. Section 4.1 showed that 379 

strong wind resulted in highly SPM through resuspend sediment, and in order to exclued the effect of wind, the data 380 

with strong wind (Jan, Feb and Dec) were removed. Fig. 20 shows the monthly average distribution of SPM from 381 

2013 to 2019 in the YRE, and monthly satellite-derived SPM distribution in the study area presented a high 382 

seasonal variability which was consistant with the previous studies (He et al., 2013; Li et al., 2019; Qiu et al., 2017). 383 

SPM in the yellow river mouth gradually increasing from June to the maximum in July and August and then 384 

decreased after September, which is closely correlated with yellow river discharge. Higher SPM concentrated near 385 

the estuary and presented variation of different magnitudes and extents. Yellow River mouth area had a relatively 386 

high SPM in the wet season (from May to October) compared with that in the dry season (from November to 387 

April ). High concentration SPM still appeared at a farther diatance from YRE in wet season compared to dry 388 

season,which was primarily due to river discharge. 389 



 390 

Fig. 21. The location of buffers along the Yellow River direction. 391 

In order to further quantitative explore the relationship between river discharge and SPM concentration, the 392 

study set up 7 buffer zones along the straight line direction of yellow river runoff. The buffers were set to select 50 393 × 50 pixels per 1.5 km to study scope of the influence of river discharge, and the center position of the pixels of 394 

buffers were shown in Fig. 21. SPM in July and August were higher than other months with maximum 395 

concentrations more than 3000mg/L, while the concentration was relativaly low in dry season such as Novermber 396 

and March with maximum concentration only less than 500mg/L. SPM gradually decreased with the distance 397 

increased from yellow river mouth, but the degree of decline in SPM presented obvious monthly difference. SPM 398 

changed with the distance increased relative obviously when the buffer distance less than 4.5km, while the distance 399 

increased the variation of SPM was no longer obvious. The extent affected by yellow river discharge was more near 400 

the yellow river mouth which indicated that the discharged sediment was trapped in inshore waters and cannot 401 

directly influence the distribution of SPM out of the estuary. However, the SPM were still at high level within 8km 402 

zones in July which were consistent with the high level river runoff in the two months as Fig. 22 shows.  403 

 404 

Fig. 22. The variation of SPM with the distance from YRE in 12 months. 405 

The study redistributed 7 buffers according to the trend of SPM, and the new three buffers were 0km to 3km, 406 



3km to 7.5km and beyond 7.5km. Fig. 23 was the monthly mean river discharge and monthly mean SPM from 407 

2013 to 2019 under new buffers. The trend of SPM was consistent with river runoff, which further indicated that 408 

the river discharge was the main factor on SPM distribution near the yellow river mouth. SPM at high level with 409 

maximum more than 2400mg/L and minimum about 100mg/L within the first buffer (0-3km), and affected by large 410 

river runoff, SPM in July and August were much higher than others. Althougth the concsistency between SPM and 411 

river discharge also exist in the second buffer (3-7.5km), SPM concentration was much smaller than the first with 412 

maximum value about 750mg/L and minimum about less than 50mg/L. In contrast, SPM no longer change with the 413 

river runoff in the last buffer (beyond 7.5km), and the maximum concentration no longer appeared in wet season. In 414 

addition, SPM was quite low with concentration value between 0mg/L to 150mg/L at farther offshore. The above 415 

result indicated that the influence of river discharge on SPM was limited, and when the distance from YRE was 416 

far-off, the river discharge no longer affected the SPM changement. However, within the threshold range, SPM 417 

change with the river runoff and the trends of SPM and river discharge were consistent. This conclusion was 418 

consistant with the result in ChangJiang estuary (Shang & Xu, 2018). 419 

 420 

Fig. 23. The monthly mean river discharge and the SPM in three redistributed buffers from 2013 to 2019. Please 421 

note the consistency of the SPM coordinate colors. 422 

5. Conclusions 423 

This study assessed the capability of Landsat 8 OLI to estimate SPM concentration in the YRE and then 424 

monitor the dynamics of SPM in this complex environment. Multiyear and seasonal mean distribution of SPM and 425 

related variation were derived from Landsat 8 OLI data from 2013 to 2019. Landsat 8 OLI measured Rrs was 426 

cross-validated with GOCI measurements, which were proved good Rrs product by others. The validation showed 427 

that the Landsat 8 OLI can generate reasonably good Rrs by SWIR atmospheric correction method. This study 428 

proved that red and NIR reflectance data from Landsat 8 OLI are well suited to retrieve SPM by analyzing SPM in 429 

different concentration ranges, and the Pearson correlation coefficient between SPM. An optimal algorithm was 430 

established with an APD 33.12% and high R2 0.93 to estimate SPM concentration and distribution. The results 431 

supported SPM inversion and it were proved good algorithms to retrieve SPM in Yellow River Estuary. 432 

It’s well known that the YRE with high SPM, but the mean annual and seasonal maps show that highly turbid 433 

water is most found in an ovate surrounding the mouth of the yellow river. High SPM was also in northwestern part 434 

of Laizhou Bay and south part of Bohai Bay with SPM even more than 103 mg/L. High SPM variations are 435 

consistent with high SPM and vice versa. Significant difference was found in different seasons. Higher SPM in 436 

range and intensity were found in the dry season like winter than in the wet season like summer.  437 

The SPM distribution in the YRE were affected by river discharge and strong wind. Higher SPM 438 



concentration near the yellow river mouth from June to August is closely correlated with yellow river runoff, but 439 

this impact is limited due to the distance. When the distance from the YRE more than 4.5km, the impact of river 440 

discharge is no longer significant. Strong wind increased SPM in the YRE and its adjacent areas. However, the 441 

effect of strong winds was unsustainable which was affected by seasonal climate. Significant seasonal SPM 442 

variations are mainly controlled by sediment resuspension processes driven by wind-wave forces. 443 

Landsat 8 OLI as a land satellite, and its targets is to monitor land. This study showed that Landsat 8 OLI data 444 

can also be applied to quantify SPM distribution and variation of SPM in the Yellow River estuary.  445 
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Figures

Figure 1

Sampling site map during three cruises (The red solid triangle represents sample sites in July 2011; the
green solid dot represents sample sites in November 2011; the blue polygon represents sample sites in
Aug 2005; the black solid star represents sample sites in Sep 2005; the cross represents three �xed
sample sites (black cross represents in July 2011, and the purple cross was in Nov 2011); the black
hollow square boxes of 40×40 pixels foe charactering SPM (S1, S2, S3). Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 2

The remote sensing re�ectance during three cruise.



Figure 3

Rrs and mean Rrs of different SPM range. (a) Rrs in the low turbidity water (with 0mg/L<SPM<30mg/L);
(b)127 Rrs in the moderate turbidity water (with 30mg/L<SPM<150mg/L); (c) Rrs in the high turbidity
water (with 128 SPM>150mg/L); (d) Mean Rrs in three different SPM range.



Figure 4

The correlation coe�cient of the Rrs with SPM at different wavelengths.



Figure 5

The scatter plot with the optimal algorithm by Landsat 8 OLI. The solid dots are used to create algorithm,
and the hollow dots are used to test the algorithm.



Figure 6

Landsat 8 OLI Rrs(655) versus GOCI Rrs(660). Gray areas denoted mask areas. Three transects (marked
as LA, LB and LC) in the �gure were used for the cross validation of Landsat 8 OLI measured Rrs and
GOCI measurements.



Figure 7

Comparisons of measured Rrs between Landsat 8 OLI and GOCI along three west-east transects. Three
bands from left to right: Green [Landsat 8 OLI Rrs(561) versus GOCI Rrs(555)]; Red [Landsat 8 OLI
Rrs(655) versus GOCI Rrs(660)]; NIR [Landsat 8 OLI Rrs(865) versus GOCI Rrs(745)]. And three transects
from left to right: transects LA, LB, and LC.



Figure 8

Comparisons of the retrieved Rrs between the Landsat 8 OLI and GOCI on 26 August, 2016 (The Landsat
8 OLI image was obtained at UTC 2:42, and the GOCI image was obtained at UTC 2:28).



Figure 9

Comparison of the estimated SPM from Landsat 8 OLI to GOCI on 26 August 2016 and 12 March 2019.



Figure 10

Comparisons between Landsat 8 OLI and GOCI derieved SPM along west-east transects, and APD is the
relative error between the two sensors.



Figure 11

The details of SPM spatial distribution in four selected typical locations between Landsat 8 OLI and
GOCI.The �rst row are the SPM distribution of Landsat 8 OLI, and the second row are GOCI.

Figure 12

Images quatity of this study in different months from 2013 to 2019.



Figure 13

Distribution of the mean annual SPM and Seven-year average standard deviation retrieved by Landsat 8
OLI from 2013 to 2019.



Figure 14

Comparisons between mean SPM and standard deviation (STD) along the three west-east transects in
three different lines (shown in Fig. 6). Mean SPM and STD were derived from 2013 to 2019 Landsat8 OLI
retrieved.

Figure 15



The relationship between SPM and wind speed in the three representative areas (S1, S2, S3). The x-axis
represents the number of days in the year.

Figure 16

SPM distributions mapped by Landsat 8 OLI under different wind concditions. The images were acquired
on 20160216 (Three images of the �rst row) with maximum wind speed 4.6m/s and on 20180731 (Three
images of second row) with maximum wind speed 8.4m/s.



Figure 17

The mean seasonal SPM retrieved by Landsat 8 OLI from 2013 to 2019 and red range demark the
maxima concentration zone.



Figure 18

The variation of SPM concentration and wind speed with season.



Figure 19

Comparisons between mean seasonal SPM along the three west-east transects (LA, LB and LC were
shown in Fig. 6). Mean seasonal SPM were derived from 2013 to 2019 Landsat 8 OLI measurements.



Figure 20

Monthly mean SPM maps in yellow river mouth area retrieved by Landsat 8 OLI in the YRE from 2013 to
2019.



Figure 21

The location of buffers along the Yellow River direction. Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 22

The variation of SPM with the distance from YRE in 12 months.



Figure 23

The monthly mean river discharge and the SPM in three redistributed buffers from 2013 to 2019. Please
note the consistency of the SPM coordinate colors.


