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Microphytobenthos (MPB) are central to benthic tidal flat ecological networks. Large-scale information on total
MPB biomass is difficult to obtain from traditional in-situ measurements. Here, we assessed the effectiveness of
using surface sediment properties as proxies for predicting the total (depth-integrated) MPB biomass with
Sentinel satellite data. First, the best subset regression was applied to the in-situ data to determine the properties
that best predict the biomass decay rate with depth (sampling every cm up to 10 cm depth). Then, data from a
controlled laboratory experiment were used to analyse the spectral response to different sediment properties (i.e.,
variations in sediment grain size, organic matter and water content). Subsequently, an algorithm was developed
to obtain the spatial distribution of the sediment properties and the depth-integrated total MPB biomass from
remote sensing data. Finally, we presented a case study in which the seasonal dynamics of total (depth-inte-
grated) MPB biomass were obtained from Sentinel-2 Multispectral Instrument (MSI) satellite data using the
Google Earth Engine (GEE) platform. The results showed that (1) the vertical distribution of MPB biomass on a
tidal flat could be predicted by the surface MPB biomass, median grain-size (Dsg) and water content (W) of the
sediment (top 1 cm); (2) the near infrared (NIR) band absorption depth was a key feature in estimating Dso and
Wo; and (3) the seasonal variation in the total (depth-integrated) MPB biomass was prominent in Chongming
Dongtan, Changjiang Estuary. We concluded that the depth-integrated exponential decay algorithm was useful
for estimating total MPB biomass and, combined with mappable sediment-surface data, could help map the total
MPB biomass in estuarine tidal flats at a large scale.

1. Introduction

Tidal flats are crucial in the estuarine food web, supporting birds, fish
and shellfish (Kromkamp et al., 2006). Although the global distribution
and trajectory of tidal flats have been preliminarily mapped and the
amount of tidal flat area has been quantified (Murray et al., 2019), the
quality of tidal flats has still not been effectively assessed. Micro-
phytobenthos (MPB) consist of unicellular eukaryotic algae and cyano-
bacteria (MacIntyre et al., 1996), represent food for macrofauna,
particularly deposit feeders and suspension feeders (Miller et al., 1996),
and can be used as a good proxy for the quality of tidal flats. MPB pri-
mary production can be over 50% of the total ecosystem carbon fixation,
comparable to phytoplankton (Underwood and Kromkamp, 1999), and

MPB production amounts to approximately 0.5 Gt C/yr globally
(Cahoon, 1999). MPB also contribute to the stabilisation of the sedi-
ment, as they produce sticky extracellular polymeric substances (EPS)
(Kim et al., 2021; Paterson and Hagerthey, 2001). Thus, MPB play a role
in providing ecosystem services through multiple pathways (Hope et al.,
2020).

As calculating MPB biomass from cell abundance is inefficient
(MacIntyre et al., 1996), the photosynthetic pigment chlorophyll a (Chl-
a) is used as an index of MPB biomass in most cases (e.g., Daggers et al.,
2018; Méléder et al., 2003a). MPB biomass has high spatial (horizontal)
variability, ranging from the microscale (<1 m) to the mesoscale (1-300
m) (Benyoucef et al., 2014; Kromkamp et al., 2020), resulting from
different abiotic and biotic factors. Desiccation, light, temperature,
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sediment resuspension rates, water content, salinity, sediment compo-
sition, tidal height, and intertidal elevation are the primary abiotic
factors that affect the distribution of MPB (Benyoucef et al., 2014;
Coelho et al., 2009; Daggers et al., 2020b; Serodio et al., 2006). Addi-
tionally, grazing and bioturbation by macrofauna (van der Wal et al.,
2008) contribute to the variability of MPB. Moreover, anthropogenic
activities, such as (shellfish) fisheries (Méléder et al., 2003b;Echappé
etal., 2018; Méléder et al., 2003b), and dredging and engineering works
(de Vet et al., 2017) may have a direct or indirect effect (e.g., via sedi-
mentation/erosion) on the variability of MPB. Monitoring of MPB can
help us to better understand the response of MPB to different environ-
mental variables and to optimize coastal management.

MPB biomass also varies with depth. Frankenbach et al. (2019)
distinguished three functional layers of MPB: i) an upper ‘canopy’ of
photosynthetically active cells, usually in the uppermost 0.6 to 0.8 mm
of the sediment (Lichtenberg et al., 2020), ii) a ‘cell reserve’ that can
replace these cells through vertical migration within a few hours, usu-
ally within the top mms of the sediment (Jesus et al., 2006), with the
depth depending on species (e.g., motile diatoms can cover a vertical
distance of approximately 3.2 mm in one low tide event) and iii)
‘backup’ cells that serve as a carbon sink under the ‘cell reserve’ layer.
To the best of our knowledge, although many studies have examined the
deeper layers using in situ data (Middelburg et al., 2000; Riaux-Gobin
et al., 1987; Riekenberg et al., 2020), most studies focus on the MPB
within the superficial zone for the study of metabolism, primary pro-
duction, circadian rhythm, etc., including the ‘canopy’ layer and ‘cell
reserve’ layer, using field/laboratory measurements and/or remote
sensing techniques (Barillé et al., 2007; Kromkamp et al., 2020; Méléder
et al., 2020; Murphy et al., 2008). The vertical distribution of MPB may
also be affected by bioturbation by benthic macrofauna, disturbing the
sediment (Montserrat et al., 2009, 2008), and by resuspension. An ac-
curate estimation of the total MPB biomass across all functional layers,
including both the horizontal (spatial) and vertical (depth) distribution,
is necessary.

Through traditional field measurements, an aboveground biomass/
belowground ratio for the MPB vertical distribution at a 10 cm depth can
be obtained on tidal flats. For example, Frankenbach et al.(2019) found
that the surface biomass (0-0.5 cm) accounted for one-fifth to one-third
of the total biomass at 0-10 cm depth, while Yin et al. (2016) suggested
that the top 1 cm contributed up to 60% of the whole sediment core at
0-10 cm. Compared with laborious field sampling, modelling can inte-
grate measured data and estimate the total biomass across all three
functional layers. Brotas and Serodio (1995) proposed a simple model
describing the depth distribution of biomass for different intertidal
sediments in the superficial zone, which was further developed by
Frankenbach et al.(2019). In this model, except for the surface MPB
biomass (Cp), the variation in biomass with depth is described by a decay
term related to the burial rate, named the depth-constant decay rate
(kc). As a parameter related to depth, ke is considered to depend on the
MPB biomass and sediment composition (i.e., sediment grain-size).
Previous studies have shown that due to the reduced sediment resus-
pension and slower burial of MPB, sites with a high surface MPB biomass
had greater decline in MPB with depth (Liu et al., 2013); and sites with a
high mud content also had a higher MPB biomass at the surface and a
stronger exponential decline rate than sandier sites (Du et al., 2010).
Hence, applying a model and constructing an algorithm of the kc based
on the sediment properties may help to estimate the total (i.e. depth-
integrated) MPB biomass at large spatial horizontal scales from the
mesoscale (1-300 m) to macroscale (>300 m).

Satellite observations allow monitoring of the tidal flat surface
globally, complementing in situ sampling and laboratory experiments.
Remote sensing has been used to retrieve surface MPB biomass, with a
spectral resolution ranging from multispectral to hyperspectral and a
spatial resolution ranging from metres to kilometres (above mesoscale),
using Aqua MODIS (van der Wal et al., 2010), SPOT (Méléder et al.,
2003b), Landsat (Daggers et al., 2018), Sentinel-2 (Daggers et al., 2020a;
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Haro et al., 2022 ), airborne hyperspectral data (Combe et al., 2005;
Kazemipour et al., 2012), etc. Despite these advancements, little atten-
tion is given to retrieve the vertical distribution of MPB biomass in the
functional layers using remote sensing. Remote sensing has been used to
study the sediment background effect in examining MPB (Barillé et al.,
2011; Kazemipour et al., 2012; Launeau et al., 2018), finding that
spectral reflectance varied with sediment water content, grain size, and
organic matter. Therefore, remote sensing may support spatial estimates
of kc-related sedimentary physicochemical properties by building
related algorithms, helping to estimate total MPB biomass.

This study will focus on the estimation of total MPB biomass,
including both the surface and subsurface biomass. The specific objec-
tives of this study are 1) to develop a model to quantify the MPB vertical
distribution (biomass decay rate at depths>1 cm) based on in situ MPB
biomass depth profile data and other sediment characteristics (i.e.,
sediment temperature, salinity, water content, grain size, and organic
matter); 2) to conduct a controlled experiment to investigate the spectral
reflectance response to different sediment properties (i.e., water con-
tent, sediment grain size and organic matter), select the spectral features
that best estimate the biomass decay rate, and integrate this information
into an algorithm to retrieve total biomass; and 3) to apply the algorithm
to Sentinel satellite imagery, providing seasonal maps of total MPB
biomass.

2. Materials and methods
2.1. Experimental site

Chongming Dongtan (31.25°-31.38°N, 121.50°-122.05°E) is located
on Chongming Island, the largest island in the mouth of the Chanjiang
Estuary in eastern China (Fig. 1). It has 24,155 ha of estuarine wetlands
with a subtropical monsoon climate, which are composed of mudflats
dominated by MPB (i.e., diatoms) and salt marshes dominated by
Phragmites australis, Scirpus mariqueter and Spartina alterniflora. The area
is an international Ramsar site (since 1998) and a national nature
reserve (since 2005). A Spartina control and bird habitat optimisation
project started in 2013, in which a cofferdam was constructed in the
northern part of the study area to remove Spartina by immersion. The
cofferdam with the inlet was abandoned after the completion of the
project.

2.2. Overview of methodology

Fig. 2 displays the framework for total MPB biomass mapping. It
includes six main stages, including (i) in-situ data collection, (ii) labo-
ratory analysis, (iii) satellite remote sensing data processing, (iv) con-
struction of the MPB biomass decay rate algorithm, (v) construction of
the surface variables algorithm and (vi) total MPB biomass mapping.
The five stages are detailed in the following subsections.

2.3. Data collection and processing

2.3.1. In-situ data collection

Three seasonal field campaigns were conducted between June 2019
and December 2020 (Fig. 1). Spectral data were obtained by an ASD
HandHeld 2 field portable spectroradiometer (HH2 325-1075, USA) at
low tides under clear sky conditions, with measurements at most sites
from 10:00 to 13:30 (China Standard Time, CST) at 40 c¢cm standard
height, which covers a field of view of ca. 0.025 m?. The in-situ spectra
were resampled to match the spectral resolution of the S2 data using the
spectral response function (SRF) (ESA, 2015) for further use. Synchro-
nous measurements of the sediment surface temperature (using an
Oxidation Reduction Potential metre, Kedida CT-8022, with 0.1 °C
resolution) and salinity (using a salinity pen, AZ-8371, with 0.10 reso-
lution) were conducted after spectral measurement (see Zhang et al.
(2021) for a detailed description).
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Fig. 1. Study area and sample point distribution. (a) Location of the Changjiang Estuary; (b) location of the study area, Chongming Dongtan, and the different
satellite sensor footprints (Sentinel-2 Multispectral Instrument (MSI) in orange, Sentinel-1 synthetic aperture radar (SAR) Ground Range Detected (GRD) in purple);
(c) sampling transects in the study area, including transects A, B, C, D, E and F; (d) specific sampling points collected in summer (S) and winter (W) of 2019 and 2020.
Note that not all transects were sampled in all periods (see main text for sampling strategy). (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

The sediment was then collected on six transects, with three replicate
samples obtained at one station. There is a dynamic adjustment of
sampling strategy according to the sampling target (and other factors,
such as winter sampling in 2019 was cancelled due to Covid-19), which
can be divided into the following four parts. First, to determine the
vertical distribution of MPB, we collected three individual replicates of
10 cm depth sediment cores at 19 sites in summer 2020 and winter 2020
(Fig. 1) using a syringe (3 cm diameter) with a cut nozzle, and then we
sectioned the cores into 1 cm slices using a blade. Second, we collected a
number of samples of the upper 1 cm, mainly for the construction of
remote sensing algorithms of the surface parameters (n = 35, see Fig. 1).
Considering the potential impact of human activities (the cofferdam in
the northern area), we added transect A in the winter of 2020. Third,
based on the data results from summer 2019, three groups of surface
sediment, each with a different level of median grain size (Dsg), were
collected at sites C1, E8, and E10 (weight ca. 50-80 g) in summer 2020
for the indoor spectrum experiment. It is also why only three transects
were covered in the summer of 2020. Finally, we collected an inde-
pendent dataset on August 23, 2020, to validate the accuracy of the
surface parameters algorithm. Each sampling site was relatively homo-
geneous, and all samples were placed in an icebox and transported to the
laboratory for further analysis.

2.3.2. Laboratory analysis

Laboratory analysis included the measurement of sediment proper-
ties and the spectral response under controlled conditions. Using wet
samples, Chl-a was measured through extraction in 90% acetone in 24 h
at — 4 °C and determination using the acidification method and a
fluorometer (Trilogy Laboratory Fluorometer 7200-000) (Strickland
and Parsons, 1972). We measured three times for each replicate sample.
The MPB biomass was expressed as the Chl-a per unit area of sediment
over the operationally defined sediment depth of 1 cm. The gravimetric
water content W was obtained after freeze-drying and expressed as the
water mass on a dry-mass basis (Lambe and Whitman, 1991), calculated
by the formula:

_ weight wet sediment(g) — weight dry sediment(g)

x 100
weight dry sediment(g)

W(%)

The median sediment grain size Dso was measured by a laser particle
size analyser (LS13 320, USA) via laser diffraction. Additional sediment
samples were analysed for total organic carbon (TOC) by an elemental
analyser (Vario EL III, Germany). More detailed information can be
found in Zhang et al.(2021).

Then, an indoor spectrum measurement experiment was designed to
quantify the spectral response under controlled D5, water content and
TOC levels. Following the results from Ming-Yi et al.(1993), we placed
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Fig. 2. Framework for total microphytobenthos (MPB) biomass mapping: i) In-situ data collection; ii) Laboratory analysis; iii) Satellite remote sensing data pro-
cessing; iv) Biomass decay rate algorithm construction; v) The surface variables algorithm construction; and vi) Total MPB biomass algorithm construction and
mapping. MNDWI means modified normalized difference water index; kc means the biomass decay rate; Co means surface MPB biomass; and C, means total MPB

biomass at depth z.

the three abovementioned sediment groups at room temperatures (ca.
20 °C) for at least one month for the natural degradation of Chl-a. After
determining the Dsg (9.04 pm, 52.25 pm, and 119.87 pm, in the three
groups) and TOC (0.07%, 0.18%, and 0.76%) of the freeze-dried sam-
ples, we divided these samples into two parts (i.e., six groups) and
removed the organic matter from one of them using a high-temperature
burning method (muffle furnace, at 550 °C for 5 h). We then placed these
samples (10 g) into matte black vessels (inner diameter: 5.50 cm) on a

Three groups of samples with organic matter

1.Split into 2 parts

5. Add a certain gradient of water (0%-70%)

Take the 120 pm group containing matter carbon as an example

6. Obtained
hyperspectral images

3. Split into 7 parts for
each group

4. Put each of them into
matte black vessels

0.0001 balance and injected0g,1g,2g,3g,48,5g,and 7 g of water (i.
e., 7 classes of water content), in turn, with a syringe to control the water
content, stirring quickly, to conduct the spectral measurement. Using
high-intensity stabilized broadband line light and a standard hyper-
spectral camera (Pika XC2, Resonon, USA, spectral resolution of 1.3 nm,
ranging from 400 nm to 1000 nm), we obtained a hyperspectral image
for each sample after calibrating the imager for both dark current
(objective lens blocked) and reflectance reference. For specific settings,

iRighyIntensity Si@bilized
=

Fig. 3. Schematic diagram of the indoor experimental setup.
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see Fig. 3. Using SpectrononPro software, we extracted the average
brightness of the hyperspectral images and obtained the reflectance data
of the samples according to the reference data of the white board, which
had a ~ 99% brightness. Then, we calculated the rate of change (ROC) of
reflectance with increasing water content and increasing Dsq to deter-
mine the sensitive band using

ROC — ny o, (i X Refi) — (31,0 X 31 Refi)
SR = (i)

where n is the total number of spectral curves, Ref is reflectance and i is
the i-th reflectance.

2.3.3. Sentinel dataset acquisition and processing

We used two primary sources of satellite image data, including
Copernicus Sentinel-1 SAR (S1) images (spatial resolution of 10 m) and
Copernicus Sentinel-2 MSI (S2) optical images (spatial resolution of 10
to 60 m) collected from March 2020 to February 2021. Data acquisition
and processing were completed through Google Earth Engine (GEE). S1
(ImageCollection: ‘COPERNICUS/S1_GRD’) data were used to distin-
guish land and seawater areas by masking seawater based on Otsu’s
method (Otsu, 1979). Otsu’s method is a thresholding algorithm that
can realize the binarisation of greyscale images by automatically
determining the optimal segmentation threshold. To mask the ponding
water area on the tidal flat, we chose the region of interest (ROI) from
the seawater areas in the S2 images to calculate the modified normalized
difference water index (MNDWI) (Xu, 2006), an index based on the
green and shortwave infrared light. Due to the high concentrations and
temporal variability of suspended sediments in the water of the
Changjiang estuary, we used the mean value of MNDWI in the ROI as a
dynamic threshold for each S2 image to mask the water area on the tidal
flat, following the methods outlined in Zhang et al.(2021).

For the S2 images, we used atmospherically corrected reflectance
data (from ImageCollection: ’"COPERNICUS/S2_SR’ in GEE). To further
remove cloud pixels, we filtered them for the whole year using the
property fields CLOUDY_PIXEL PERCENTAGE, retained images with a
cloudiness of less than 65%, and masked the pixels using the property
field S2_CLOUD_PROBABILITY (from ImageCollection: ‘COPERNICUS/
S2_CLOUD_PROBABILITY” in GEE, 10 m resolution), leaving pixels with
values of less than 30%. S2 data with fewer than 15 reference points
were discarded, which left 46 images for the whole year range from
March 2020 to February 2021 (spring: 14 images, summer: 8 images,
autumn: 8 images, winter: 16 images). To best compare the images in
season, we normalised for these selected images following the methods
in Daggers et al. (2020a). Specifically, we used a set of reference points
(n = 40, including stable points in high or low reflectance on land that is
not affected by the tide, see Fig. S2 and Table S1) and applied an
empirical line calibration to each image by regressing to the surface
reflectance of an atmospherically corrected image with clear sky (image
of May 29, 2021). In addition, pixels with salt marshes were masked
using a red-edge band-based (Sentinel 2, band 5) algorithm; a detailed
description can be found in Zhang et al. (2021). A S2 image collected on
August 23, 2020, 10:25:49.024 (CST), was used for validation.

2.4. Algorithm development and mapping

2.4.1. Building the algorithm to estimate the biomass decay rate

After obtaining the in situ MPB biomass for all the 10 cm depth core
samples, the decay rate kc was obtained by fitting a simple negative
exponential model using Origin 2021b software. The content of sub-
surface living cells may be considered low at a very large depth and can
only surface through intense sediment resuspension and mixing
(Frankenbach et al., 2019). Here, we set the value as 0.01 mg Chl-a-m~?
at 100 cm. Thus, following the formulation by Brotas and Serodio
(1995), the decay rate was calculated as follows:
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C. = Gt &)

where C, and Cy are the MPB biomass at a depth z and the surface (z =
0), respectively, and ke is the decay rate of MPB biomass with depth.
To test whether the surface environmental parameters are better
than the average value at 0-10 cm depth for modelling kc, we used
redundancy analysis (RDA) with CANOCO software to compare the
correlation between these parameters and kc. All the environmental
parameters were normalised to remove dimensional differences. The
angles among the variables in RDA plots typically denote the degree of
correlation between the individual variables, and the smaller the angle
is, the more significant the correlation is. Then, using the best subset
linear regression method (R package, function regsubsets), we obtained
the best predictors and prediction model of ke from the sediment vari-
ables measured at the surface, including the biomass (Cp), Dsg, water
content (Wy), sediment temperature (Ty), salinity (Sp) and TOC (Ogp) of
the sediment and their interaction factors (i.e., Co:Dsg means Cy, Dsg and
Cp x Dsp). We selected regression models (by exhaustive search, forward
and backward stepwise, and sequential replacement of parameters,
respectively), limited to 5 predictors to avoid overfitting. Due to limited
in-situ data (n = 19), the model performance was further evaluated
using the leave-one-out (LOO) cross-validation method (Moore and Lee,
1994) with the performance represented by the coefficient of determi-
nation (R?). The model with the lowest Bayesian information criterion
(BIC) (Schwarz, 1978) was selected as the best prediction model for kc.

2.4.2. Building the algorithm to estimate the surface variables

After establishing the kc regression model using the in-situ sediment
data, we analysed the in-situ spectral data collected from both summer
and winter to build the algorithm of the surface variables Cy, Dso and
Wy, which are predictors of kc. After resampling the in-situ spectral data
to the spectral resolution of S2 data using ENVI 5.3 software, these data
were used to extract the red band absorption depth and construct
regression models to estimate Cp, the model with a lower BIC was
selected for mapping.

For Dsg and Wy, we first used the resampled spectral data from the
indoor controlled experiments to determine the sensitive spectral band,
then used this band in resampled in-situ spectral data to construct
regression models and selected the model with higher R? and lower AIC
for mapping. Among them, two selectable bands in the near-infrared
wavelength are sensitive to Dsy and Wy, i.e. bands 8 and 8A. Because
band 8 has higher spatial resolution and covers more near-infrared
wavelengths, we selected band 8 as the input parameter for algorithm
construction.

2.4.3. Total biomass estimation

Eq. (2) provides an expression for quantifying the total MPB biomass.
With the estimated values of Co and ke, the MPB total biomass C(z— 100cm)
was then calculated using the following integral operation.

L= : d. 2
C. /OC(Z)Z @

where Cz is the MPB biomass at any depth z, and its calculation is shown
in Eq. (1). Here, z is 100 (cm). Therefore, the total MPB biomass was
expressed as a concentration (Chl-a per unit area of sediment), and the
value was calculated over an operationally defined sediment depth of
100 cm.

To obtain the spatiotemporal dynamics, we mapped the seasonal
variation in total MPB biomass by constructing mean seasonal com-
posites using the data collected from March 2020 to February 2021.
According to the algorithm described above, we directly obtained Co,
D50, Wy, ke, and total biomass from S2 data in GEE. We validated these
surface parameters using the independent database obtained on August
23, 2020.
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3. Results
3.1. In-situ data analysis and decay rate algorithm development

From the averaged in-situ data per site (n = 19, see Tables S2 for the
detail value), we found that the MPB biomass decreased with depth
following a negative exponential decay rate, which fit well with Eq. (1)
(R2=0.74 + 0.18, p < 0.01, n = 19). The average kc was 0.24 + 0.21
cm™), ranging from 0.02 to 0.69 cm™!. The contribution of the surface
MPB biomass (0-1 cm depth) to the total MPB biomass (1-10 cm depth)
was 25.45 + 14.55%, ranging from 11.47% to 59.76%. Fig. 4 shows
examples of the single replicate sample data, demonstrating the range of
the in-situ measured top 10 cm vertical profiles of MPB biomass under
different ke, Co, Dsg, Wy, and TOC (Og) values and the total biomass at
the top 10 cm (Cyp).

RDA between the kc and environmental parameters (i.e., MPB
biomass; water content; median grain size; temperature; salinity; and
TOC) showed that the surface values correlate more with kc than did the
average values at a 0-10 cm depth (comparison of angles in Fig. S3).
This finding suggested a potential of mapping kc using surface param-
eters. Moreover, although there was a significant correlation between
Co, D50, Wp, and Og (p < 0.01), there were only two significant positive
partial correlations, i.e., between Cy and ke (r = 0.789, p = 0.001), and
between Dsg and ke (r = 0.597, p = 0.024), while there were no sig-
nificant partial correlations between kc and any other parameter (see
Supplementary Table S6). The best subset regression analysis showed
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that the best predictors for ke estimation were Cy, Dsg, and the inter-
action of D5y and Wy, which had lower BIC and LOO error values than
any other model (see Tables S3 and S4).

3.2. Surface parameter algorithm development and evaluation

The indoor spectrum experiment showed that a higher Wy and Dsg
corresponded to a lower reflectance in the visible and near-infrared
range (400-1000 nm). For Wy levels up to 40%, the reflectance rate
slowly decreased with increasing Wy. For Wy levels up to 70% (i.e., Dsg
=120 pm, brown-yellow dotted line in Fig. 5), the reflectance at 980 nm
was lower than that at 800 nm. In addition, a lower TOC corresponded
with a higher reflectance in the blue and green bands and a lower
reflectance in the red and NIR bands (Fig. 5). Fig. 6 shows the ROC of
reflectance with change in Dsy and Wy under non-controlled and
controlled TOC conditions (for samples with TOC: Og # 0%, and for
samples without TOC: Og = 0%). In Fig. 6a and c, we found that the NIR
bands were sensitive to Dsg under different Wy conditions with or
without TOC content, especially under unsaturated conditions, i.e., Wq
< 40%. Similarly, Fig. 6b and d show that NIR bands were sensitive to
Wy under different Dsg values with or without TOC content.

The best subset regression analysis results showed that apart from Co,
Dso and Wy were the critical factors for ke estimation (Tables S3 and S4),
and the indoor spectrum experiment showed that NIR was the sensitive
spectral channel for estimating D5y and Wy. Therefore, we used the NIR
absorption depth to build a regression algorithm for Dso and Wy.
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Fig. 4. Examples of the vertical distribution of microphytobenthos (MPB) biomass. Data of the six group are displayed based on different surface MPB biomasses (C),
ranging from approximately 55 mg Chl-a-m~2 to 5 mg Chl-a-m 2. The dashed line is a fitting line obtained according to Eq. (1). Each vertical profile data point is
collected from a single replicate sample at the same or different sites in summer (S) or winter (W). Kc is the biomass decay rate; Cy is the total biomass between 0 and
10 cm depth; D5 is the surface median grain-size; Wy is the surface water content; and Oy is the surface sediment TOC. See Fig. 1 for locations. The colour ranges

from dark grey to white with decreasing Co.
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Fig. 5. Six groups of original spectral reflectances measured in the indoor experiment, with different sediment grain size Ds (ranging from 9 pm to 120 pm),
different water contents Wy (ranging from 0% to 70%) and different total organic carbon TOC (ranging from 0% to 0.76%).
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Fig. 6. The rate of change (ROC) of reflectances with change in sediment grain size D50 (a, ¢) and water content WO (b, d) based on the spectral data obtained from
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T. Zhang et al.

Considering that the sediment was water-saturated in the field, and that
the effect of both water content and grain size on the continuum values
is nonlinear (Verpoorter et al., 2014), we chose the exponential
regression model (two-parameter exponential function y = ae™ (Rat-
kowsky, 1990)) to build the algorithm, which had better performance
(lower BIC value) than the linear models (Tables S5). For the estimation
of Coy, the linear red absorption depth-based regression model was
selected after the performance compared with the exponential model.
Fig. 7 shows the regression model of D5, Wy and Co, built based on the
in-situ data collected from different seasons. See Fig. S1 for the calcu-
lation method of absorption depth used in this study, following van der
Meer (2004).

3.3. Satellite-based MPB total (depth-integrated) biomass mapping

Maps of the surface MPB biomass Cy, as well as D5, W and the decay
rate retrieved from satellite data formed the basis for the maps of total
MPB biomass (Fig. 8). Fig. S4 shows the validation results of surface
parameters using an independent database collected on August 23,
2020. The determination coefficients R for Co, Dsg, and W were R? =
0.70 (n = 33, p <0.01), R = 0.59 (n = 33, p <0.01) and R> = 0.31 (n =
33, p < 0.01), respectively.

Satellite-retrieved total MPB biomass Cio (Fig. 8) has achieved a
high level in summer, at 111.0 + 23.2 mg Chl-a-m~2 and is also high in
autumn, at 106.6 + 17.9 mg Chl-a-m~2 Moreover, there are also high
values in summer for Co and ke, reaching 23.6 + 6.3 mg Chl-a-m~2 and
0.38 + 0.23 cm™}, respectively. In contrast, D5y showed an opposite
trend, reaching a minimum in summer (17.9 + 18.0 pm). Variability in
W for the whole area is higher in summer (80.2 + 44.9%), but the mean
value is higher in autumn, reaching 92.4 + 26.9%.

The annual cycle for Cia (and Cg) spatially varied with a north-
—south differentiation. The rapid growth of total biomass in the narrow
southern area mainly occurred in summer. In the northern area, the
rapid growth of the lower tidal flat (seaside) mainly occurred in spring
and summer, while that in the upper tidal flat mainly occurred in
autumn (Fig. 8). In general, the northern region, with its higher water
content and smaller sediment grain size, has a higher total biomass than
do the southern areas. The spatiotemporal variation pattern of Wy was
consistent with that of Ciogal.

4. Discussion
Intertidal total (depth-integrated) MPB biomass plays a significant

role in the functioning of estuarine tidal flat ecosystems. A remote
sensing regression-based model was developed to estimate the total MPB
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spatiotemporal variation. The potential drivers for the variation in the
total MPB biomass and the applicability of the method are discussed
below.

4.1. Potential drivers of the total biomass variation

Chongming Dongtan is part of the rapidly seaward growing area of
the Changjiang Estuary delta (Zhang et al., 2018). MPB biomass varies
spatially and temporally, with relevance for high-trophic level organ-
isms such as macrobenthos and migratory shorebirds. The results
showed that the total MPB biomass had an apparent north-south dif-
ferentiation, and had the highest value in summer and was also high in
autumn. The following factors may drive this spatial-temporal varia-
tion. First, flood currents in the Changjiang Estuary carry a large amount
of sediment, ranging from 0.7 to 2,068 mg of suspended particulate
matter 17! (Wei et al., 2021). These currents deflect northwards due to
the Coriolis effect, which can cause scour on the southeast coast of
Dongtan (Li et al., 2014) and accretion in the north. In addition, the size
of suspended sediments in the dry season (winter) was found to be larger
than that in the flood season (summer), and a high flow velocity of
spring tides can entrain coarser sediments to tidal flats (Wang et al.,
2020). This may be used to explain the lower MPB biomass in the
northernmost area in winter, which has an abandoned cofferdam
(Fig. 1). Even though there is an opening for the tide to enter and exit, it
slows the current, impedes the regular exchange of sediments, and
prevents the deposition of sediment.

Second, the dominant MPB species, which have specific environ-
mental preferences, differ on the north and south sides. Sediment
salinity varies significantly between the north and south sides of the
study area, with higher levels in the north and lower levels in the south.
Early studies found that different MPB species have different adapta-
tions to salinity (Underwood et al., 1998), and the distribution can be
mainly explained by hydrodynamics (Méléder et al., 2007). In our study
area, Paralia sulcata, Cyclotella striata, Cyclotella stylorum, Actinoptychus
undulatus, Thalassiosira weissflogii, Nitzschia cocconeiformis and Rhapho-
neis amphiceros are positively correlated with salinity (Sun, 2022). In
addition, Paralia sulcata was the most dominant species in the northern
area. As an epipelic diatom, it can secrete large quantities of EPS (Un-
derwood and Paterson, 2003), which can further promote sediment
stability (Kim et al., 2021) in the northern region.

Furthermore, photosynthetic efficiency could be another factor
governing seasonal variation of MPB biomass. Summer temperatures
and irradiance are high in the study area. Sun (2022) showed that the
dominant species here has a wide temperature tolerance range. This
suggests that thermo-induced inhibition of photosynthesis did not play a

biomass across all three functional layers and its seasonal significant role here. For other temperate tidal flats with an opposite
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Fig. 8. Seasonal distribution map of total biomass, including spring (a), summer (b), autumn (c), and winter (d). The small figures inside are Cy (upper left), Dso
(upper right), Wy (lower left), and ke (lower right), based on seasonal composites of satellite data from March 2020 to February 2021.

seasonal trend at the sediment surface, thermo-inhibition combined
with grazing pressure and algal dynamics are considered to be the
reason for the MPB biomass decrease in summer (Kwon et al., 2016;
Savelli et al., 2018). In addition, a different seasonal distribution of
surface MPB biomass between northern and southern European tidal
flats has been reported (Brito et al., 2010; Haro et al., 2020). Compre-
hensive observations of the spatiotemporal distribution patterns of MPB
on tidal flats across the globe may help to unravel the mechanisms of
MPB variation.

4.2. Sentinel satellite data capabilities for total biomass mapping

Remote sensing is an efficient and repeatable method for obtaining a
total MPB biomass map at a non-microscopic scale (>1 c¢m) in both
horizontal and vertical directions through measured data. Unlike most
studies focusing on the superficial zone (Daggers et al., 2018; Haro et al.,
2020), this study tests the validity of the exponential decay model and
expands the scale of the remote sensing application of MPB. It can
further help evaluate the ecological functions of MPB and optimise
management. For example, in terms of energy transfer, there are strong
trophic cascade effects between the MPB, invertebrates and shorebirds,
which are not limited to the surface of tidal flats (Elner et al., 2005;
Herman et al., 2000; van Gils et al., 2016). Our satellite-derived total
MPB biomass maps can help to conduct dynamic habitat management
for organisms on the tidal flat. Oakes and Eyre (2014) found that MPB
and bacteria in sandy mud together accounted for 89% of the organic
carbon in the surface sediment layer (0-2 cm) and 77% in the deeper

layer (2-5 cm). Hence, remote sensing, combined with modelling, can
fill a niche in large-area total biomass mapping and assessment of
ecosystem functioning.

The construction of an algorithm of the depth decay rate based on the
sediment properties Co, Dsg and Wy and making it mappable are other
contributions of this study. Although MPB mapping poses challenges
due to spectral similarity with other ground features (Tebbs et al., 2015),
many methods have successfully mapped surface MPB biomass Cy in
tidal systems worldwide, including the Tagus Estuary (Brito et al.,
2013), Westerschelde Estuary (Daggers et al., 2020a), the Ems Estuary
(Jacobs et al., 2021), and inner Cadiz Bay (Haro et al., 2022), etc. The
estimation of D5y and Wy has also been the focus of attention (e.g. Kim
et al., 2019; Madhuanand et al., 2023; Rainey et al., 2003). Our study
found that NIR is sensitive to the sediment background, which is
consistent with previous studies. Combe et al. (2005) suggested that
MPB biofilms have a 100% transmittance spectral window in 750-920
nm and can obtain the optical properties of the background. Numerous
studies have demonstrated that the spectral response of water is sensi-
tive in the NIR, and water significantly decreases sediment average
brightness or albedo (Barillé et al., 2011; Xu, 2006). Verpoorter et al.
(2014) suggested that grain size variations influence the overall shape of
the spectrum at 350-2500 nm and that considering the sediment grain
size is necessary for water content estimation. In this study, the features
of Dsg and Wy overlapped in the NIR band; an absorption feature of
water at 980 nm was acquired when the water content was 70%, which
was also mentioned in the study by Launeau et al.(2018). Our algorithm
utilized the NIR band (Band 8) of Sentinel-2, which within the range of
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400-900 nm, thereby avoiding the potential deviations resulting from
water absorption at 980 nm. However, to further enhance its perfor-
mance, the algorithm could also incorporate features from shortwave
infrared band(s).

Furthermore, it is worth mentioning that the overestimation of
biomass Cy (Fig. S4a) and D5 (Fig. S4b) may result from the sampling
strategy, and scale conversion between ground spectral measurement
and remote sensing application. Especially crab burrows on the tidal flat
in the study area will increase spectral absorption at larger spatial scale,
leading to overestimation (Zhang et al., 2021). Underestimation of Wy
may result from the tidal level influence because the satellite data used
for validation were collected at the lowest tide, while the in-situ data
were collected 1-2 h before and after transit of the satellite.

4.3. Limitations and opportunities

The distribution of MPB biomass is a function of environmental and
biological variables and feedbacks (i.e., tides, hydrodynamics, sediment
microtopography, sediment porosity and cohesivity, nutrients, light,
temperature, predation, nutrient uptake, growth and mortality, and
migration) (Kromkamp et al., 2006), as well as e.g., bioturbation by
fauna. This is very similar to the factors influencing the distribution of
phytoplankton, which is another essential source of primary produc-
tivity of the estuarine tidal flats and is typically studied using a combi-
nation of field investigation, satellite, modeling, and modern
autonomous technologies (Ardyna et al., 2020). However, autonomous
technologies, such as unmanned sampling, were not used in this study.
Combining such technology with a refined sampling strategy (e.g., 0.1
mm vertical layers) may enhance the vertical data collection, assist in
collecting samples from a larger area and improve the efficiency of
calibration or validation for monitoring total biomass. Although our
results confirmed the exponentially-decreasing gradient of chlorophyll
with depth found in previous studies that used cryo-slicing (e.g. Krom-
kamp et al., 2006), a more multidisciplinary approach should be
considered to explore the mechanisms of MPB biomass decay, improving
the formulation of the decay rate based on physical principles.

Moreover, although the control experiments helped to find sensitive
bands for estimating D5 and Wy, efforts are still needed to improve this
part. First, we used the loss on ignition method (set at 550 °C) to remove
organic matter. This method removed not only organic matter (con-
sisting of carbon and nutrients in the form of carbohydrates, proteins,
fats and nucleic acids), which ignited between 384 and 563 °C, but also
core water and probably even changed the grain size, as temperatures
between 100 and 380 °C could result in mineral dehydration (Ben-
sharada et al., 2022). In addition, burning sediment can alter the optical
properties, which can be visually seen from the colour. After removing
organic matter, the red band’s spectral change rate changed more than
the blue and green bands (Fig. 7), and sediments with smaller median
grain sizes were redder (Fig. 3). Therefore, the comparison of the two
sediment groups with and without organic matter removal did not
strictly control for other conditions. Second, we removed Chl-a by nat-
ural degradation effectively as the obtained spectral curve has almost no
absorption in the red band (Fig. 5), while the applicability of the results
will improve if the MPB biomass in sediment can be controlled. Third,
although the range of D5y among the control experiment tried to cover
the overall level of the Changjiang estuary, the mean value of D5 in the
Changjiang estuary is lower than that in other estuarine tidal flats, such
as the Westerschelde estuary in the Netherlands, the Humber estuary in
the UK (Hu et al., 2021), Hanko Peninsula in Finland (Gammal et al.,
2019), and the Authie estuary in France (Verpoorter et al., 2020). Hence,
a more extensive Dsg range can help to conclude that it is more widely
used. We highlight the need for more elaborate experiments to explore
the spectral interaction between TOC and other parameters under
different physicochemical states. We recommend further independent
validation to evaluate the performance of the algorithms in different
seasons. In addition, we recommend calibration and validation of the
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algorithms when used in other tidal flats.
5. Conclusions

Combined with in-situ data, our approach showed the potential for
large-scale total MPB biomass estimation using remotely sensed surface
variables, including surface MPB (Cy), sediment median grain-size (Ds)
and water content (Wo). It also provides an understanding of the spectral
response under controllable conditions, showing that the NIR band was
sensitive to the variations in Dsg and Wy. Moreover, the exponential
decay model for quantifying the MPB vertical distribution was validated
for our study area at Chongming Dongtan, and the estimated scale was
extended by making the decay rate kc mappable using satellite data.
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