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ABSTRACT The measurement of the concentration of suspended sediment in a water body is a very
important content in the observation of hydrological elements, and it is also one of the important parameters
for calculating the sediment resuspension flux. In order to accurately predict the distribution of lake sediment,
this paper uses satellite remote sensing data to invert the suspended sediment concentration. The key to
the quantitative inversion is the atmospheric correction and the suspended sediment concentration inversion
algorithm. In this paper, satellite remote sensing technology and Internet of Things technology are combined
to establish a new type of lake suspended sediment concentration distribution model. First of all, this paper
combines the results of satellite remote sensing inversion and the results of on-site water sample inspections
of the Internet of Things to obtain the original hydrological data of suspended sediment in the lake. Secondly,
this paper combines ADAM with deep learning technology to simulate the lake flow field and predict the
dynamic process of suspended sediment pollution under different conditions. Finally, through experimental
simulation and field sampling experiments, the validity of the lake suspended sediment concentration model
established in this paper is verified. This model can provide assistance for relevant agencies to grasp the
temporal and spatial distribution of suspended sediment concentration in regional lakes in a comprehensive
and timely manner, and can obtain the overall characteristics of the study area and the impact of humanistic
engineering construction.

INDEX TERMS Lake sediment concentration, Internet of Things, temporal and spatial distribution, satellite
remote sensing, ADAM.

I. INTRODUCTION
The concentration of suspended sediment in a water body
determines the transparency, turbidity and water color of
the water body and other optical properties. The distribution
pattern of suspended sediment is of great significance to the
study of water quality, landform, ecological environment,
coastal engineering, port construction, etc. [1], [2]. With the
help of remote sensing technology, the information on the
concentration of suspended sediment that traditional methods
require a lot of work can be obtained faster, better, and more
easily. Water color remote sensing is based on the spectral

The associate editor coordinating the review of this manuscript and

approving it for publication was Yuan Tian .

characteristics of water absorption and scattering in visible
light or near-infrared, using the water spectral radiation data
measured by aviation and aerospace sensors to interpret the
relevant phenomena and parameters of the water body [3].

In recent years, the application of remote sensing inver-
sion of suspended sediment has been more refined. With the
help of remote sensing technology, the information on the
concentration of suspended sediment that traditional methods
require a lot of work can be obtained faster, better and eas-
ier [4]. Water color is an important factor that characterizes
the water environment. It is related to the physical properties,
chemical composition, and dynamic state of the water, espe-
cially the suspended sediment, phytoplankton, and yellow
substances in the sea [5], [6]. Fettle et al. used Sealifts
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images to estimate the transmission of suspended particulate
matter in the southern part of the North Sea. Field tests
and numerical simulation results showed that the sediment
concentration data measured by satellites is generally lower
than the field test data [7]. Through satellite remote sensing,
we can grasp the spatial distribution status of suspended
sediment, and discuss the transportation law and sedimen-
tary characteristics of sediment in a complex environment.
T Haryanto et al. used ASTER, ALOS, SPOT-4 satellite data
to monitor changes in Barron’s estuary environment. They
showed that a large amount of silt thrown into the river led
to the settlement of the estuary and the coastal zone, which
caused an impact on the ecological environment of the estuary
and coastal zone. Certain influence [8]. The concentration of
suspended sediment in the water body is a key parameter for
analyzing changes in erosion and deposition on the coast of
an estuary and estimating the flux of materials from rivers
into the sea [9]. Cai et al. used remote sensing technology
to conclude that coastal projects such as large bridges will
affect the transport and resuspension of suspended sediment,
and have a certain impact on the distribution of suspended
sediment [10].

Through analysis, we find that the above results are mostly
analyzed by engineering cases, and the results only involve
a certain static problem of the specific project. In terms of
suspended sediment, there is still a lack of research on the
changes in hydrodynamics and pollution diffusion over time,
and whether the predicted results are consistent with the
actual situation is also lack of investigation and verification,
so in-depth research is needed [11]. After comparing the his-
torical data of Landsat8 OLI and MODIS data, Barnes et al.
analyzed the impact of the project to widen the Miami port
and concluded that the turbidity current caused by the dredg-
ing project had an adverse impact on the ecological envi-
ronment of the coral communities near the Miami port [12].
Under the current limitations of sensor technology, taking
into account the technical cost and technological level, it will
take a long period of time to improve the sensor. However,
the current data is difficult to meet the needs of many applica-
tions. In order to improve the accuracy of remote sensing data,
experts and scholars in various applications have carried out a
series of scale reduction research work [13]. In this regard, its
fundamental purpose is to enhance the temporal and spatial
resolution of remote sensing data, so that remote sensing data
has high temporal resolution at the same time.

The main purpose of this thesis is to use the concentration
of suspended sediment as the research object to explore the
method of remote sensing to monitor the water quality of
large lakes. The general task of the research is to establish
a high-precision model to invert the suspended sediment
concentration from GOCI satellite images, and then perform
simple spatial dynamics and day-night cycle analysis of the
sediment [14]. This paper combines the results of satellite
remote sensing inversion and the results of on-site water sam-
ple inspections of the Internet of Things to obtain the original
hydrological data of suspended sediment in lakes. Secondly,

this paper combines ADAM and deep learning technology to
simulate the lake flow field to predict the dynamic process
of suspended sediment pollution under different conditions.
The second part of this article introduces related research on
the Internet of Things and the concentration of suspended
sediment in lakes, and the third part discusses the research
on satellite data inversion and the architecture of the Internet
of Things, as well as the simulation of suspended sediment
concentration in lakes based on ADAM and deep learning.
The fourth part carried out the simulation analysis and testing
process for the aforementioned model. Finally, the fifth part
of this article discusses the research conclusions and short-
comings, and prospects for future research.

The research contributions of this article are as follows:
(1) This article combines satellite remote sensing technol-

ogy and Internet of Things technology to establish a new
type of lake suspended sediment concentration distribution
model.

(2) This paper combines the results of satellite remote
sensing inversion and the results of on-site water sample
inspections of the Internet of Things, thereby obtaining the
original hydrological data of suspended sediment in the lake.

(3) This paper combines ADAM with deep learning tech-
nology to simulate the lake flow field and predict the dynamic
process of suspended sediment pollution under different
conditions.

(4) The validity of the lake suspended sediment concen-
tration model established in this paper is verified through
experimental simulation and field sampling test.

The writing organization of the thesis is as follows:
The second section discusses relatedwork, the third section

discusses the research methods of the paper, the fourth
section carries on the simulation experiment, and the fifth
section summarizes the full text.

II. RELATED WORK
A. INTERNET OF THINGS TECHNOLOGY
The Internet of Things (IoT) can be regarded as a far-reaching
vision with technical and social significance [15]. From
the perspective of technology standardization, IoT can be
regarded as the infrastructure of the global information soci-
ety, providing physical interconnection (physical and virtual)
on the basis of existing and emerging interoperable informa-
tion and communication technologies (ICT) Advanced busi-
ness [16]. Through identification, data capture, processing,
and communication capabilities, IoT can make full use of
‘‘things’’ to provide services for various applications, while
ensuring security and privacy requirements.

There are three key technologies in IoT systems: RFID,
sensors and embedded systems. Sensor technology is the
foundation of the Internet of Things. The Internet of Things
terminal realizes the communication between things and the
external network through sensors. The sensor can convert
the analog signal sensed by the Internet of Things terminal
into a digital signal for easy transmission. It is the Internet
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FIGURE 1. Schematic diagram of IoT business platform model.

of Things. Intermediary with external networks [17]. The
application of RFID technology in the Internet of Things can
speed up the identification and increase the operating speed
of the Internet of Things. Embedded systems can integrate
some specific functions into IoT terminals, making it easier
for developers to develop IoT devices that meet the needs of
different industries. Compared with traditional IoT products,
full-featured IoT devices must have electronic components
such as networking, computing, and storage for participating
in blockchain consensus and storage, which will inevitably
increase the volume and cost of the product [18].

B. LAKE SUSPENDED SEDIMENT CONCENTRATION
The distribution, diffusion, and settlement of suspended sedi-
ment in water bodies affect ports, navigation channels, and
ecological environment. Therefore, the measurement of its
content is a very critical issue for the study of estuary
marine sedimentation dynamics and nearshore engineering.
Suspended sediment, chlorophyll and yellow substances have
obvious spectral characteristics in water bodies, which can
be regarded as direct water quality parameters [19]. Sub-
stances such as total nitrogen and total phosphorus have no
obvious spectral characteristics, but are inherently related
to direct water quality parameters as indirect water quality
parameters. The essence of remote sensing application is
inversion. Suspended sediment has obvious spectral charac-
teristics and can be monitored on a large scale by inversion
methods [20], [21].

The content of suspended sediment in seawater is one of the
important parameters for calculating sediment resuspension
flux. According to the resuspension flux, the intrusion and
siltation status of the seabed or tidal flat in a certain area can
be understood [22]. On the one hand, domestic and foreign
countries are striving to develop technologies for measuring

suspended sediment using optical, acoustic, and other phys-
ical methods. On the other hand, they have begun to com-
bine suspended sediment measuring instruments and ocean
dynamic element measuring instruments into a system, which
has a strong impact on the characteristics of suspended sedi-
ment and A comprehensive study of the marine dynamic con-
ditions that caused its migration [23]. Since remote sensing
technology has been applied to ocean water color research,
many researchers have focused on atmospheric correction of
remote sensing data.

III. THE PROPOSED SCHEME
In the second part of this article, we introduced related
research on the Internet of Things and the concentration of
suspended sediment in lakes. Next, in the third part of this
article, we will describe the structural design of the Internet
of Things for monitoring the concentration of suspended sed-
iment in lakes. In addition, we will also discuss the inversion
of lake suspended sediment concentration based on ADAM
and deep learning satellite data.

A. IOT STRUCTURE DESIGN
Both the user side and the service side need to participate
in the IOT system with certain Internet of Things entities.
The Internet of Things entities on the user side are mostly
‘‘end-user devices’’, such as smart phones, and may also be
‘‘full-featured Internet of Things devices’’ or ‘‘Internet of
Things devices with limited capabilities’’ [10]. The structural
design analysis of the Internet of Things is the core of the IOT
product design model. On the one hand, the process of struc-
tural design is the process of clarification and optimization
of the product business process, so as to save product devel-
opment and production costs and provide consumers with a
better user experience [24]. The overall task of the research is
to establish a high-precision model to retrieve the suspended
sediment concentration from GOCI satellite images, and then
perform simple spatial dynamics and day-night cycle analysis
of the sediment. This paper combines the results of satellite
remote sensing inversion and the results of on-site water

FIGURE 2. Interaction flow chart of IoT architecture.
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sample inspections of the Internet of Things to obtain the
original hydrological data of suspended sediment in lakes.

The server is generally an IoT service company or organi-
zation. Generally speaking, the Internet of Things entity on
the server side is generally an ‘‘Internet of Things server’’
or ‘‘traditional Internet of Things application or service’’.
On the other hand, structural design is a bridge between
designers’ creative ideas and programming technicians [25].
The visualized interactive flowchart presented by the designer
can explain the specific logic of the product business more
clearly, and promote the accurate and efficient completion of
product technology. Of course, it may also be the same IoT
entity device as the user end. It may also be other ordinary
users [26].

B. INVERSION OF SUSPENDED SEDIMENT
CONCENTRATION SATELLITE DATA BASED
ON ADAM AND DEEP LEARNING
The earliest atmospheric correction algorithm is only appli-
cable to non-turbid water bodies. Gordon was the first
researcher to perform atmospheric correction on ocean
water color images. He pioneered an atmospheric correc-
tion algorithm based on CZCS data. In addition, many
researchers use the ultraviolet band (UV) for atmospheric cor-
rection [27], [28]. Because debris and yellow organic matter
have a strong absorption effect in the ultraviolet band, even in
a high-concentration suspended sedimentation environment,
compared with the visible light band or even the near-infrared
band, the reflection rate from water at the ultraviolet band is
very small, can be regarded as zero.

After atmospheric correction, the out-of-water reflectivity
can be obtained. The reflectivity from water needs to be
linked to the optical properties of the water body to invert
the concentration of suspended sediment. There are many
scholars devoted to this research [29]. This process involves
two models: forward and inversion. Forward modeling refers
to the process of knowing the concentration of various com-
ponents in thewater body and calculating the reflectivity from
water [30], [31].

In order to achieve the inversion of suspended sedi-
ment concentration satellite data, we introduced ADAM and
deep learning algorithms in the process [32]. Each network
weight (parameter) maintains a learning rate, and is adjusted
individually as learning expands. This method calculates the
adaptive learning rate of different parameters from the budget
of the first and second moments of the gradient [33]. Among
them, deep belief networks, self-encoding networks and gen-
erative adversarial networks are all generative models, which
are mainly used in the field of unsupervised learning, while
recurrent neural networks mainly deal with the learning prob-
lem of serialized data, and convolutional neural networks are
mainly used in the field of unsupervised learning. Supervise
the field of learning. Among them, convolutional neural net-
work technology is the main research tool of this article.

Correlation is used to describe the relationship between
two signals, divided into cross-correlation and

auto-correlation. Correlation in target tracking based on cor-
relation filtering refers to cross-correlation.

E = E
(
yl1, . . . , y

l
n

)
=

h∑
j

(
ylj − tj

)
(1)

wl−1im = wl−1im − η ×
∂E

∂wl−1im

(2)

The Adam optimization algorithm is an extension of the
stochastic gradient descent method, and has recently been
widely used in deep learning applications in computer vision
and natural language processing. Adam is different from the
classic stochastic gradient descent method [34].

f 1(x) =
1

1+ e−λx
(3)

1wij = ηδjxij (4)

Deep learning is gradually improved and developed on the
basis of artificial neural networks.

E =
k∑
j=1

∑
xi∈Cj

D2 (i, j) (5)

Stochastic gradient descent maintains a single learning rate
(called alpha) for all weight updates, and the learning rate
does not change during the training process.

Um =
∑
t

Wmt It + θm (6)

Hm = f (Um) (7)

The actual measured suspended sediment data is interpo-
lated, and the obtained surface suspended sediment concen-
tration contour map is compared with the suspended sediment
surface concentration distribution map calculated by remote
sensing.

δk = o′k (tk − ok) = ok (1− ok) (tk − ok) (8)

Deep learning models mainly include deep belief net-
works, self-encoding networks, generative adversarial net-
works, recurrent neural networks and convolutional neural
networks.

g(x, y) = exp
(
−
x2 + γ 2y2

2σ 2

)(
2π

x
λ
+ ψ

)
(9)

Therefore, the correlation filter can be calculated using the
following formula:

T (i) = T0(1− i)n +
(
n
1

)
T1(1− i)n−1t + · · ·

+Tnin, i ∈ [0, 1] (10)

In order to reduce the number of parameters in the model,
a factorization convolution method is proposed in ECO. The
filter power learned in C-COT contains negligible energy,
which is especially obvious for high-dimensional depth
features.

δk = o′k
∑

k∈outputs

wkhδk = ok (1− ok)
∑

k∈outputs

wkhδk (11)

δn = (On − Tn)On (1− On) (12)
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Each box represents a filter, and the depth of the color
represents the effect of the filter.

σm =
∑
n

δnVnmHm (1− Hm) (13)

The remote sensing base map shows the area with high
albedo, that is, the area with high concentration of suspended
sediment on the surface.

ϕ̈a = −(b1 +1b1)ϕ̇a − (b2 +1b2)ϕa
−(b3 +1b3)δϕ + fd1
ψ̈a = −(b1 +1b1)ψ̇a − (b2 +1b2)ψa
−(b3 +1b3)δψ + fd2
γ̈ = −(d3 +1d3)δγ + fd3

(14)

γ (xi, St) : |{i |ai (t) ≥ xi }| (15)

The k- ε two-equation turbulencemodel is constructed, and
it can be further obtained:

Mnϕ̈a + hn(ϕa, ϕ̇a) = u(t)+ ρ(t) (16)

ρ(t) = −1M ϕ̈a −1h(ϕa, ϕ̇a)+ d(t) (17)

In the remaining areas, the remote sensing base map shows
areas with low albedo, that is, areas with low concentrations
of suspended sediment on the surface.

f (x) = En[f1(x), f2(x), . . . , fp(x)]T (18)

However, the concentration contours of surface suspended
matter are sparsely distributed, and the gradient changes are
not obvious.

min
x∈R

f (x)R = {X ∈ En|gi(x) = 0, hj(x) = 0} (19)

x = [x1x2, . . . , xn]T , y = [y1y2, . . . , yn]T ∈ En (20)

After atmospheric correction, the reflectivity outside water
can be obtained. The reflectivity from the water needs to be
correlated with the optical properties of the water body to
reverse the concentration of suspended sediments. There are
many scholars dedicated to this research.

This process involves two models: forward and reverse.
Forward modeling refers to the process of knowing the con-
centration of various components in the water body and cal-
culating the reflectivity of the water. As shown in Table 1 and
Figure 4, we collate the measured sea surface temperature
data with the remotely sensed sea surface temperature data
calculated at the corresponding point on the day, as shown
in Table 1 and Figure 4. Table 1 lists satellite remote sensing
sea surface temperature data. Figure 4 depicts the trend of sea
surface temperature data from satellite remote sensing.

It can be seen from Figure 3 that the inversion data has a
good correlation with the measured data, and the distribution
of sea surface temperature can be quantitatively explained
within the error range. On the whole, the accuracy meets the
requirements. Due to the large amount of calculation of the
convolution operation, the nature of the fast Fourier transform
is used to transform the convolution operation in the space
domain into the multiplication operation in the frequency
domain, which can greatly improve the operation speed.

TABLE 1. Satellite remote sensing of sea surface temperature data.

IV. PERFORMANCE TEST
A. LAKE SUSPENDED SEDIMENT CONCENTRATION TEST
ENVIRONMENT
The data of this research comes from the Noaa-19AVHRR/
3 shooting data between 4 am and 6 am provided by the web-
site of the National Oceanic and Atmospheric Administration
of the United States. The orbit of the Noaa-19 satellite is a
sun-synchronous orbit close to a perfect circle, with orbital
heights of 870 kilometers and 833 kilometers, orbital inclina-
tion angles of 98.9 and 98.7, and a period of 101.4 minutes.
AVHRR/3 parameters include 5 bands, visible red band, near-
infrared band, mid-infrared band and two thermal infrared
bands.

B. SIMULATION OF SUSPENDED SEDIMENT
CONCENTRATION IN LAKE
In order to achieve the inversion of suspended sediment
concentration satellite data, we introduced ADAM and deep
learning algorithms in the process. Through the satellite data
inversion model of lake suspended sediment concentration
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FIGURE 3. Change trend of sea surface temperature data from satellite
remote sensing.

FIGURE 4. Satellite data inversion of off-water reflectivity-offshore area.

established in the third chapter, we will carry out the sediment
concentration simulation test process.

By correcting the satellite remote sensing data, the out-
of-water reflectance Rrs of each pixel can be obtained. Dif-
ferent atmospheric correction schemes will have different
atmospheric correction parameters and therefore different Rrs
result values. Fig. 4, Fig. 5, Fig. 6 and Fig. 7 respectively
show the out-of-water reflectance Rrs under the same atmo-
spheric correction scheme (a combination of 4 aerosol types
and 5 visibility). The 3 points selected here are from the
high turbidity zone, the moderate turbidity zone and the low
turbidity zone. In these four figures, the ocean, rural area,
city, and plateau represent different aerosol types. 5, 10, 20,
30 and 40 respectively represent visibility, and the unit is
km. The reflectance from water Rrs is not only a function
of wavelength but also a function of atmospheric conditions.

Compared with the other two aerosols, the Rrs value from
the urban aerosol correction scheme has a larger range of
variation. Using the urban aerosol scheme, all the correction
results are positive, which is in line with the facts, and the
maximum value reaches 0.12, which rarely occurs in reality.

FIGURE 5. Satellite data inversion of out-of-water reflectivity-urban area.

FIGURE 6. Satellite data inversion of out-of-water reflectivity-rural areas.

When the visibility is 5 km, the correction result of the ocean
and rural aerosol scheme is negative, which is considered
wrong, because the value of the reflectance from the water
is between 0-1, so the actual visibility must be 5 at that time.
km above. It can be seen from the figure that the visibility
range from 5 km to 20 km, Rrs is very different, so in
this visibility range, Rrs is very sensitive to visibility, which
explains that the previous chapter mentioned that the distance
between 5km and 5km is very sensitive. 2 km is the reason for
linear difference to improve accuracy. However, from 20 km
to 40 km, since Rrs is not so sensitive to visibility, this paper
keeps the original setting of 10 km increments.

By setting a series of SSC values, the corresponding
Rrs value can be simulated. Because the research focus of
this article is suspended sediment. In order to simplify the
model, the average concentration of chlorophyll and yellow
substances is used in this article. For chlorophyll, 3 different
average concentration values are used for different regions.
For yellow substances, this article only takes an average value
for the entire research field. Figures 8 and 9 show the simu-
lated results. The value of SSC is from 100 to 103.5 mg/1, and
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FIGURE 7. Satellite data inversion of out-of-water reflectivity-plateau
area.

FIGURE 8. Seasonal changes in temperature simulated by inversion of
satellite data.

the index increases by 0.002 each time. Figure 9 shows the
value of every 50 increments. The concentration of chloro-
phyll is 2mg/m3, and the concentration of yellow substance
is 0.215 mg/m3.
In Figure 9, it is obvious that there are two peaks. The

first peak is wider than the second peak. The first peak is
approximately from 590 nm to 730 nm. In the short-wave
visible light band, the reflectivity from water is very low,
because of the strong absorption of chlorophyll and other
substances in the water body at this band. As the wavelength
increases, the scattering energy of suspended sand until Rrs
reaches the first peak. We introduced ADAM and deep learn-
ing algorithms in this process. Through the above simulation
process, it can be concluded that the model established in
this paper has solved the work of inversion of suspended
sediment concentration data. The second peak of the wave-
length increase is around 820 nm, and the reflection increases.
Water color remote sensing is based on the spectral charac-
teristics of water absorption and scattering in visible light or

FIGURE 9. The simulated changes of Rrs with wavelength under different
suspended sediment concentration.

near-infrared, using the water-separated spectrum radiation
data measured by aviation and aerospace sensors to interpret
the relevant phenomena and parameters of the water body.
With the help of remote sensing technology, the information
on the concentration of suspended sediment that traditional
methods require a lot of work can be obtained faster, bet-
ter, and more easily. When the concentration of suspended
sediment increases, the force continues to increase, and the
peak shifts to the right. The two peaks are similar in size.
The second peak is more stable than the first peak, and its
position is at the low absorption band of the spectral radiation
of water molecules.

V. CONCLUSION
The distribution pattern of suspended sediment is of great
significance to the study of water quality, geomorphol-
ogy, ecological environment, coastal engineering, and port
construction. With the help of remote sensing technology,
the information on the concentration of suspended sediment
that traditional methods require a lot of work can be obtained
faster, better, and more easily. Water color remote sensing
is based on the spectral characteristics of water absorption
and scattering in visible light or near-infrared, using the
water-separated spectrum radiation data measured by avia-
tion and aerospace sensors to interpret the relevant phenom-
ena and parameters of the water body. The main purpose of
this thesis is to use the concentration of suspended sediment
as the research object to explore themethod of remote sensing
to monitor the water quality of large lakes. This paper com-
bines the results of satellite remote sensing inversion and the
results of on-site water sample inspections of the Internet of
Things to obtain the original hydrological data of suspended
sediment in lakes. This paper combines ADAM and deep
learning technology to simulate the lake flow field to predict
the dynamic process of suspended sediment pollution under
different conditions. We have verified the effectiveness of the
lake suspended sediment concentration model established in
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this paper through experimental simulation and field sam-
pling tests. Although this paper successfully established a
temporal and spatial distribution model of suspended sedi-
ment concentration in lakes based on the Internet of Things,
due to the limitations of personal knowledge, we still have
certain deficiencies in experimental accuracy and the design
of the Internet of Things structure. In the future, we will con-
tinue to maintain a cautious and forward attitude and devote
ourselves to providing a research reference and reference for
the modern lake environment and sustainable development.
In future research, how to use the latest remote sensing
images to predict lake changes is the main research direction.
This can improve the prediction of the impact of lake changes
on the surrounding environment and predict future changes.
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