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Abstract: Remote sensing technology plays a crucial role in the rapid and wide-scale monitoring of
water quality, which is of great significance for water pollution prevention and control. In this study,
the downstream and nearshore areas of the Huaihe River Basin were selected as the study area. By
utilizing spectral information from standard solution measurements in the laboratory and in situ
water quality data matched with satellite spatiotemporal data, inversion models for total phosphorus
(TP) and ammonia nitrogen (NH;3-N) water quality parameters were developed. The validation
results using field measurements demonstrated that the inversion models performed well, with
coefficients of determination (R2) of 0.7302 and 0.8024 and root mean square errors of 0.02614 mg/L
and 0.0368 mg/L for total phosphorus and ammonia nitrogen, respectively. By applying the models
to Sentinel-2 satellite images from 2022, the temporal and spatial distribution characteristics of total
phosphorus and ammonia nitrogen concentrations in the study area were obtained. The ammonia
nitrogen concentration ranged from 0.05 to 0.30 mg/L, while the total phosphorus concentration
ranged from 0.10 to 0.40 mg/L. Overall, the distribution appeared to be stable. The southern region
of the Guan River estuary showed slightly higher water quality parameter concentrations compared
to the northern region, while the North Jiangsu Irrigation Main Canal estuary was affected by the
dilution of river water, resulting in lower concentrations in the estuarine area.

Keywords: Huaihe River Basin; water quality parameters; Sentinel-2; spatiotemporal distribution

1. Introduction

The Huaihe River Basin is located in the northern part of Jiangsu Province. In recent
years, with the acceleration of industrialization, large amounts of industrial wastewater
and domestic sewage containing nutrients have been discharged into the Huaihe River.
This has led to the increasingly severe eutrophication of the river [1]. The nutrient input
from land sources has a significant impact on the water quality ecosystem of the estuarine
area, such as the excessive proliferation of algae and other planktonic organisms. The exces-
sive proliferation of algae consumes dissolved oxygen in the water, resulting in decreased
oxygen levels. This makes it difficult for oxygen-demanding plants to survive and leads to
a large number of fish and other organisms dying due to a lack of oxygen [2]. Conduct-
ing water quality monitoring in the Huaihe River Basin is helpful for understanding its
spatiotemporal variations and gaining knowledge about the current status and changes in
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land-based nutrient inputs. It is also of great importance for pollution source tracing, water
nutrient-carrying capacity assessment, and integrated land—sea management.

Of the water quality parameters, nitrogen and phosphorus contents are closely related
to eutrophication and algae growth in water bodies. The water quality changes in the
Huaihe River Basin were assessed and analyzed using data from 110 monitoring sections
spanning 2003-2019 [3]. The results indicate a significant increase in pollution for total
phosphorus (TP) in the downstream area of the Huaihe River. Since phosphorus is a major
limiting factor for eutrophication, this suggests a growing risk of blue-green algal blooms in
downstream water bodies. Conversely, the ammonia nitrogen (NH3-N) indicator exhibited
a clear downward trend. Total phosphorus and ammonia nitrogen are important water
quality parameters in this regard. Ammonia nitrogen directly stimulates the proliferation of
algae, while total phosphorus encompasses the collective influence of all phosphorus forms
on water quality. Previous research has established total phosphorus and ammonia nitrogen
as indicators for elucidating nutrient pollution, with agricultural activities identified as the
primary source of nutrient pollution in surface water [4,5]. Compared to the traditional
on-site monitoring of total phosphorus and ammonia nitrogen, remote sensing technology
provides a fast and wide-ranging means of obtaining the spatial and temporal distribution
characteristics of water quality parameters. Numerous researchers have utilized different
sensor data, such as MODIS and GOCI, to conduct remote sensing inversion studies
on water quality parameters, including total phosphorus, total nitrogen, and ammonia
nitrogen [6-17].

Remote sensing technology provides an accurate synoptic view of water quality
indices (WQIs) due to its strengths in extended spatial and temporal coverage [18]. Remote
sensing satellites, such as Landsat-8, Sentinel-2, MODIS, VIIRS, and others, are equipped
with sensors that cover the visible and near-infrared spectra. These satellites have the
capability of estimating concentrations of chlorophyll-a (Chla); colored, dissolved organic
matter (CDOM); Secchi disk depth (SDD); turbidity; total suspended matter (TSM); water
temperature (WT); TP; sea surface salinity (SSS); dissolved oxygen (DO); biochemical
oxygen demand (BOD); and chemical oxygen demand (COD) [19]. The current estimation
methods for water quality parameters primarily consist of theoretical models and empirical
models. While the physical model boasts high accuracy, it necessitates a large number of
parameters and presents challenges in model derivation. On the other hand, the empirical
model, with its simplicity and accessibility, has emerged as the predominant approach for
water quality parameter inversion. The estimation of CDOM, Chla, and TSM concentrations
in rivers and lakes has mostly been conducted using Landsat 8 OLI and Sentinel-2 MSI,
as demonstrated by [20,21]. However, the optical activities associated with various water
quality indicators exhibit significant disparities, and the limited number of bands and band
ranges in multispectral images pose challenges in capturing the more nuanced spectral
information necessary to differentiate the optical activities among different water quality
parameters [22]. In a related study, Wei et al. (2020) employed hyperspectral imagery to
quantitatively invert the transparency of urban rivers [23].

Of these approaches, machine learning (ML) is a powerful tool that can handle com-
plex nonlinear relationships in multiple dimensions without relying on strict statistical
assumptions. As a result, ML has been extensively employed in water quality inversion
studies. For instance, Li et al. (2021) utilized linear regression (LR), support vector machine
(SVM), and Catboost (CB) algorithms based on multispectral images to invert the Chla con-
centration [24]. In a different study by Tian et al. (2023) [7], various remote sensing datasets,
such as unmanned aerial vehicle (UAV) multispectral images, Sentinel-2B Multispectral
Instrument (MSI) images, and Landsat 7 Enhanced Thematic Mapper Plus (ETM+) data,
were utilized.

At present, there is limited research on river and estuary areas entering the sea in
the Huaihe River Basin. Existing studies use satellite data with low resolution, making it
difficult to undertake the high-precision monitoring of the study area. Moreover, there is a
lack of a theoretical basis for the selection of inversion bands, and empirical methods are
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commonly used to select sensitive bands. Compared to optically active substances such
as chlorophyll-a and CDOM, the spectral response of water quality parameters such as
total phosphorus, ammonia nitrogen, and total nitrogen is relatively weak. In situ spectral
measurements are easily influenced by optically active substances, making it challenging to
directly and accurately establish the corresponding relationship between total phosphorus,
ammonia nitrogen, and spectral data. Conversely, laboratory standard solution spectral
measurement experiments enable the accurate analysis of the correspondence between
total phosphorus, ammonia nitrogen, and spectral data, facilitating the establishment of
corresponding relationships and the development of appropriate estimation models. As
the model will ultimately be applied to satellite images, parameter optimization based on
matching datasets from satellite and in situ observations is also necessary.

In this study, Sentinel-2 satellite remote sensing data with high spatial resolution
were used. By configuring standard phosphorus and nitrogen solutions in the laboratory
and collecting reflectance spectra, a correlation relationship between standard solutions
and reflectance was established to find sensitive bands and establish an inversion model.
The impact of different components in the water on reflectance was analyzed, and by
establishing a turbidity correction coefficient, the accuracy of the inversion model was
improved. By applying this model, the researchers were able to obtain information on the
spatial and temporal changes in total phosphorus and ammonia nitrogen concentrations.

2. Data and Methods
2.1. Research Areas

The downstream area of the Huaihe River Basin is located in the northern part of
Jiangsu Province, China, and mainly includes rivers such as the Guanhe River, the North
Jiangsu Irrigation Main Canal, the Xinyi River, and the Fanshen River. This region is densely
populated, is economically developed, has a long history of agricultural cultivation, and has
experienced industrial development at a rapid pace in recent years. The several rivers in the
study area serve multiple functions including water supply, irrigation, and transportation.
Additionally, they annually discharge a large amount of freshwater into the Yellow River,
thereby significantly impacting the water quality not only in the local area but also in the
seawater. This has substantial implications for both the livelihoods of the local population
and the quality of seawater.

2.2. Data
2.2.1. Experimental Data

The National Surface Water Quality Automatic Monitoring Real-time Data Release
System (https:/ /szzdjc.cnemc.cn:8070/GJZ/Business /Publish/Main.html, from 1 January
2022 to 31 December 2022) provides data on water temperature, pH, dissolved oxygen,
electrical conductivity, turbidity, permanganate index, ammonia nitrogen, total phosphorus,
total nitrogen, chlorophyll-a, and algal density. This study utilized the total phosphorus
and ammonia nitrogen water quality monitoring data from multiple rivers, including
the Guanhe River, the North Jiangsu Irrigation Main Canal, and the Gubo Shanhoutuo
River in the downstream area of the Huaihe River Basin, from January 2022 to December
2022. A total of 10 monitoring stations were selected for this study (Figure 1). Data on
total phosphorus and ammonia nitrogen were provided every 4 h, resulting in a total of
20,040 sets of observed data.

2.2.2. Satellite Data

This study utilized Sentinel-2 satellite data. The Sentinel-2A and Sentinel-2B satellites
were successfully launched in June 2015 and March 2017, respectively. They are both
equipped with a Multispectral Instrument (MSI), which has nine visible and near-infrared
spectral bands. The spatial resolution ranges from 10 m for the visible and near-infrared
bands to 20 m for the red edge and shortwave infrared bands. The swath width is 290 km,
and the temporal resolution is 10 days [24].
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Sentinel-2 satellite data can be downloaded from the Copernicus Data Hub of the
European Space Agency. In this study, Sentinel-2 data from January to December 2022
were collected. Through a careful selection process, images with a high level of cloud cover
were excluded, and only high-quality satellite images were chosen for water quality remote
sensing inversion research.
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Figure 1. The study area: (a) the lower reaches of the Huaihe River Basin, (b) the irrigation river and
the estuary area into the sea, and (c) the irrigation canal and the estuary area of the northern Jiangsu
River. A total of 10 monitoring stations are shown in red with the site number.

2.3. Methods

First, the Sentinel-2 remote sensing data underwent pre-processing, including radio-
metric calibration, geometric correction, atmospheric correction, and land-water separation,
to obtain satellite remote sensing reflectance data for the study area. Laboratory-acquired
spectral reflectance data of standard solutions of total phosphorus and ammonia nitrogen
were utilized to establish inversion models. The inversion models for total phosphorus and
ammonia nitrogen concentration were optimized using a spatiotemporal matchup dataset
that included field observations and reflected spectral data from the Sentinel-2 satellite. To
enhance effectiveness, the inversion model of total phosphorus underwent tuning using
turbidity-corrected data, leading to improved performance compared to the turbidity-
uncorrected inversion model. This inversion model was then validated and applied to
the study area to obtain the long-term distribution characteristics of total phosphorus and
ammonia nitrogen concentrations. The research process of this study is shown in Figure 2.
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Figure 2. Research process.
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2.3.1. Laboratory Measurements

An experiment was conducted in pure water to measure the reflectance of solutions
containing total phosphorus and ammonia nitrogen using sunlight as the light source. The
total phosphorus concentration ranged from 0.025 to 0.375 mg/L, with 15 treatment points
at intervals of 0.025 mg/L. The ammonia nitrogen concentration ranged from 0.025 to
0.4 mg/L, with 16 treatment points at intervals of 0.025 mg/L. The ASD FieldSpec Pro
spectrometer (Malvern, Malvern, UK), with a wavelength range of 350 to 2500 nm and a
sampling interval of 1 nm, was used for measurements.

First, a standard solution of total phosphorus was prepared by dissolving 1.532 g of
pure sodium phosphate (containing 12 water molecules) in pure water and diluting it to a
1000 mL volumetric flask. After shaking well and reaching the mark, a 125 mg/L sodium
phosphate standard solution (calculated as p) was obtained. Using a pipette, 4, 8, 12, 16, 20,
24,28,32, 36,40, 44, 48, 52, 56, and 60 mL volumes of the standard solution were transferred
to a 2 L black water tank to obtain samples with different concentrations for measurement.

A standard solution of ammonia nitrogen was prepared by dissolving 0.477 g of
ammonium chloride in pure water and diluting it to a 1000 mL volumetric flask. After
shaking well and reaching the mark, a 125 mg/L ammonium chloride standard solution
was obtained. Using a pipette, 4, 8, 12, 16, 20, 24, 28, 32, 36, 40, 44, 48, 52, 56, 60, and
64 mL volumes of the standard solution were transferred to a 2 L black water tank to obtain
samples with different concentrations for measurement.

When parallel light enters the interface between a sample solution and air, several
processes occur: specular reflection from the water surface, absorption, scattering, and
reflection by water molecules and the container, as well as absorption, scattering, and
light-induced spectral signals from nitrogen and phosphorus molecules. Therefore, the
spectral signal received by the spectrometer sensor should include these three components.
In this study, the main focus was on the spectral signals from scattering and light-induced
processes in the sample solution, while the previous two components were considered as
noise, which can be represented by the mixed spectrum of water and the container. To
eliminate the influence of the container and the surrounding environment on the measured
data, the measured sample solution spectral data were subtracted from the mixed spectrum
of water and the container, resulting in the reflectance spectrum of the sample solution.

2.3.2. Pre-Processing of Satellite Data

The Sentinel-2 remote sensing data were subjected to a sequence of pre-processing
procedures, encompassing radiometric calibration, geometric correction, atmospheric cor-
rection, and land-water separation. These processing steps were carried out with the
specific objective of acquiring satellite remote sensing reflectance data tailored for the
designated study area.

The imagery was resampled to a spatial resolution of 10 m utilizing the SNAP-ESA
Sentinel Application Platformv2.0.2, with spatial resolution merging being applied across
all bands to improve the signal-to-noise ratio.

We carried out atmospheric correction on the TOA reflectance data using the Image cor-
rection for atmospheric effects (iCOR) v1.0 algorithm [25], also known as OPERA v4.0 [26].
Initially, terrestrial and aquatic pixels were identified, with land pixels subsequently used
to calculate the aerosol optical thickness (AOT) based on Berk et al. [27]. Subsequently,
adjacency correction was performed over water using SIMEC v2.2.4 [26]. iCOR v1.0 utilizes
the MODTRAN4 (MODerate resolution atmospheric TRANsmission) [28] atmospheric
transmission model to simulate the impact of the atmosphere on remote sensing measure-
ments, taking into account atmospheric constituents such as aerosols, water vapor, ozone,
and optical properties. Due to the lack of multiple in situ water-leaving reflectance data,
we did not conduct the precise validation of the accuracy of the above-water reflectance.
However, recent studies have shown that iCOR has demonstrated good performance in
atmospheric correction for Sentinel-2 imagery over inland water bodies [29,30], meeting
the requirements of the inversion.
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Additionally, the modified normalized difference water index (MNDWI) was utilized
to differentiate between land and water. The MNDWI is a widely employed index for water
body mapping [31]. This index is computed by taking the difference between the green
and mid-infrared reflectance values and normalizing it using their sum.

2.3.3. Inversion Model

First, based on the spectral measurements in the laboratory and the data of solution
concentration, the correlation between reflectance spectra and the total phosphorus and
ammonia nitrogen was analyzed. The measured laboratory spectral bands were matched
with the bands of Sentinel-2 to obtain the correlation between different bands and the
concentration of total phosphorus and ammonia nitrogen. Based on the correlation, bands
were selected, and inversion models for total phosphorus and ammonia nitrogen were
established. The bands with the highest correlation were selected, and fitting was conducted
using linear, quadratic, cubic, exponential, logarithmic, and power functions to obtain
single-band inversion models. Considering the subsequent transplantation of laboratory
results to practical situations, combinations of sensitive bands were subjected to addition,
subtraction, and division. Subsequently, modeling methods such as linear and quadratic
functions were applied to build two-band inversion models for the combined bands.

Furthermore, the measured data were temporally and spatially matched with satellite
data. Spatially, the pixels at the locations of observation points were selected, and tem-
porally, a 2 h window was utilized. The data, processed according to the spatiotemporal
matching criteria, formed a spatiotemporal matching dataset with the total number of 120.
The dataset was randomly divided into a 7:3 ratio, with the former being used as training
data for model parameter optimization and the latter (around 36) as validation data for
independent validation.

Subsequently, the inversion models established in the laboratory were optimized using
the training data. Due to the influence of various practical factors, single-band models
were not able to achieve satisfactory results; therefore, this study primarily focused on the
parameter optimization of two-band inversion models.

Additionally, it was observed during the study that the inversion model for total
phosphorus was significantly affected by turbidity. Therefore, turbidity correction was
applied to the total phosphorus inversion model to eliminate the effect of turbidity. In
contrast to total phosphorus, ammonia nitrogen was not significantly impacted by turbidity,
and thus, no turbidity correction was applied to it.

3. Results
3.1. Laboratory Measurement of Spectra and Selection of Characteristic Bands

Due to the strong absorption of water molecules in the near-infrared range, the re-
flectance of nitrogen and phosphorus solutions rapidly decreases beyond the 900 nm
wavelength and approaches zero. Therefore, this analysis mainly focuses on the spectral
data of nitrogen and phosphorus within the wavelength range of 350 to 900 nm.

Figures 3 and 4 show that, in terms of overall reflectance, the reflectance increases
significantly with the concentration of the nitrogen and phosphorus solution, showing
a clear positive correlation. Phosphorus exhibits reflection peaks at 580 nm, 680 nm,
760 nm, and 820 nm. Based on the correlation coefficients between each wavelength and
concentration, phosphorus shows the highest correlation at 544 nm, with a coefficient of
0.976. Overall, there are relatively high correlations across various wavelengths, with high
correlations observed at 550 nm, 620 nm, and 730-780 nm in relation to the concentrations.
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Figure 3. The reflectance spectra of water with different concentrations of total phosphorus solution
(left panel) and the correlation coefficient between solution concentration and spectral bands (right
panel). The spectral bands used by Sentinel-2 are indicated by the red boxes.

mg/L
55 9%, 0.98
Sr R N 4 AP Y
_~ — — - e e
F — =———— 097} NN N
45 e — .
il 03
4+ _a /.»/ e
= ///' So96
23sf 4 025 &
F 74y 2
g 9 7/ 2095
2 7/ / §02 S
g g/ s
<asf / =
= 5 015 Z0.04f
2t Fi o9
150 7 b
/ 093} N | RN Y B (-
1 ‘ Bl B B. B4
0.0
0 . . . . . ol . . . . .
300 400 500 600 700 800 900 300 400 500 600 700 800 900

Wavelength/nm

Wavelength/nm

Figure 4. The reflectance spectra of water with different concentrations of ammonia nitrogen solution
(left panel) and the correlation coefficient between solution concentration and spectral bands (right
panel). The spectral bands used by Sentinel-2 are indicated by the red boxes.

3.2. Inversion Model for Total Phosphorus Concentration
3.2.1. Inversion Model from Laboratory Measurements

We analyzed the correlation between the total phosphorus liquid concentration and
reflectance from the laboratory measurements. As shown in Figure 3, the spectral bands of
Sentinel -2 exhibit a strong correlation, with the highest Pearson coefficient of 0.975 for the
B3 band (Table 1).

Table 1. Correlation coefficient of measured reflectance to TP concentration configured in the
laboratory.

B1
0.948

B2
0.957

B3
0.975

B4
0.942

B5
0.915

Bé6
0.810

B7
0.799

B8
0.750

TP

When establishing inversion models, we selected four highly correlated bands, B3,
B4, B5, and B6, and generated a total of 24 new combinations by performing the addition,
subtraction, and division of any two sensitive bands. These combinations were then sub-
jected to correlation analysis, and the band combination of B5/B3 was utilized to establish
a model for TP concentration inversion. By employing the linear fitting, polynomial fitting,
exponential fitting, and power function fitting methods, the inversion model for total
phosphorus concentration in the laboratory’s ideal environment was obtained, as shown in
Table 2.
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Table 2. Comparison of TP concentration inversion models for different forms of laboratory

measurements.

Algorithms R? RMSE
TP = —0.8788 x (B5/B3) + 1.024 0.8316 0.08117
TP = —1.054 x (B5/B3)? + 1.11 x (B5/B3) + 0.09473 0.8374 0.08714
TP = 165.9 x (B5/B3)° — 466.7 x (B5/B3)> 0.8359 0.05684

+434.3 x (B5/B3) — 133.4
TP = 7.941 x ¢3975%(B5/B3) 0.7865 0.08499
TP = —0.8172In(B5/ B3) + 0.1442 0.8240 0.08183
TP = 0.151 x (B5/B3) >°* 0.7674 0.08656

The model that yielded favorable results for total phosphorus concentration retrieval
is as follows:

TP = 1659 x (B5/B3)° — 466.7 x (B5/B3)* + 434.3 x (B5/B3) — 133.4 1)

The determination coefficient R? for the model is 0.8359, and the root mean square
error is 0.05684.

3.2.2. Inversion Model Optimized Using Matchup Datasets

Applying the model to Sentinel-2 remote sensing reflectance data and validating it
with actual measurements shows that the relative errors at each measurement point are
all greater than 50%. This indicates that the model cannot be directly applied to satellite
remote sensing reflectance data and requires optimization. Next, the Sentinel-2 remote
sensing reflectance data matched in space and time were used, along with actual total
phosphorus concentration data, to establish the model.

Based on the correlation between total phosphorus concentration and the various
spectral bands, the correlation coefficients of the B3, B4, B5, and B6 bands all exceed 0.6.
The experimental findings indicate a higher correlation of the phosphorus solution within
the 550 nm to 750 nm range, which aligns well with the four bands of B3, B4, B5, and B6.

Of the aforementioned four sensitive bands, a total of 24 different combinations were
obtained by adding, subtracting, or calculating the ratio of any two sensitive bands. The best-
performing band combinations in terms of correlation were identified as B3-B5 and B5/B3,
and these two combinations were selected for the retrieval of total phosphorus concentration.

Using reflectance as the independent variable and total phosphorus concentration
as the dependent variable, data were fitted using linear, quadratic, cubic, exponential,
logarithmic, and power functions, as detailed in Table 3.

Table 3. Comparison of TP concentration inversion models based on matching data in different forms.

Algorithms R? RMSE

TP = —0.9315 x (B3 — B5) + 0.1099 0.6621 0.0223

TP = 3.059 x (B3 — B5)? —0.9061 x (B3 — B5) + 0.1054 0.6713 0.02282

TP = —168.2 x (B3 — B5)> +5.105 x (B3 — B5)? 0.6827 0.02334
—0.4095 x (B3 — B5) + 0.09616

TP = 0.104 x e 8358 (B3-B5) 0.6725 0.02195

TP = 0.2101 x (B5/B3) — 0.09688 0.6345 0.02319

TP = 0.2463 x (B5/B3)? — 0.2585 x (B5/B3) + 0.1165 0.6955 0.02156

TP = —0.6444 x (B5/B3)3 +2.068 x (B5/B3)2 0.6543 0.02436

—1.954 x (B5/B3) + 0.6408
TP = 0.1973In(B5/B3) + 0.1151 0.6099 0.02396
TP = 0.01506 x e1-969%(B5/B3) 0.6528 0.02216

TP = 0.111 x (B5/B3)!972 0.6481 0.02276
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The following model yielded favorable results for total phosphorus concentration

retrieval:
TP = 0.2463 x (B5/B3)2 —0.2585 x (B5/B3) + 0.1165 (2)

The determination coefficient (R?) for the model is 0.6955, and the root mean square
error (RMSE) is 0.02156 mg /L.

When using the independent data (n = 36) to validate the model, the determination
coefficient R? for the model is 0.6556, and the root mean square error is 0.02367 mg/L. The
results at certain points are shown in Table 4, including the total phosphorus concentration,
the retrieval results, the absolute error of the retrieval results, and the relative error.

Table 4. Validations of TP concentration inversion model.

Measured TP Retrievals Absolute Errors Relative Errors
1 0.1878 0.1651 0.0227 12.08%
2 0.0861 0.0999 0.0138 16.11%
3 0.139 0.1647 0.0257 18.47%
4 0.094 0.0823 0.0117 12.44%
5 0.1182 0.0879 0.0303 25.61%

3.2.3. Turbidity Correction

In order to address the insufficient performance of the model, we analyzed the impact
of water composition in the inversion results. The results reveal that turbidity has a
significant impact on the retrieval model. Turbidity correction was conducted for the TP
inversion model.

Firstly, a linear model between turbidity and each spectral band is established, with
the coefficient of turbidity as the turbidity correction factor. This factor is used to eliminate
the influence of turbidity on the dependent variable, reflectance. Next, the reflectance data
are adjusted using the correction factor, resulting in turbidity-corrected reflectance data.
The turbidity-corrected reflectance data for each band are denoted as Blrc, B27¢, B31c,
B4rc, B57c, Bétc, B71c, and B8tc. These adjusted data are then applied to the retrieval of
water quality parameter concentrations.

The model for the retrieval of total phosphorus concentration after turbidity correction
is as follows:

TP =1.094 x 1072 x (BSTC + B8Tc)3 —2.878 x 1076 x (B5TC + BSTc)Z

3
-+0.002509 x (B57¢ + B871¢) — 0.616 ®)

The coefficient of determination is 0.7812, and the root mean square error is 0.0219 mg/L
after turbidity correction. This indicates a significant improvement compared to the pre-
correction model, where the R? was 0.6955.

The same independent data (n = 36) were applied to validate the turbidity-correction
model with R? = 0.7302 and RMSE = 0.02614 mg/L. Comparisons of results between the
models with and without turbidity correction are shown in Table 5 for specific points. It
can be observed that turbidity correction resulted in significant improvements.

Table 5. Verification results of TP concentration inversion model (TC: turbidity correction).

Measured Results before Relative Results after Relative
TP TC Errors TC Errors
1 0.1878 0.1651 12.08% 0.1946 3.64%
2 0.0861 0.0999 16.11% 0.0878 2.02%
3 0.139 0.1647 18.47% 0.1608 15.68%
4 0.094 0.0823 12.44% 0.097 3.23%
5 0.1182 0.0879 25.61% 0.1351 14.31%
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3.3. Inversion Model for Ammonia Nitrogen Concentration

Using the same method, through the comparison of various results obtained via band
combination and polynomial fitting, the optimal estimation model for ammonia nitrogen
concentration under ideal experimental conditions was selected as follows:

NH; — N = 3.333 x (B7/B1)* — 9.328 x (B7/B1) + 6.56 (4)

The determination coefficient R? for the model is 0.9036, and the root mean square
error is 0.03969 mg/L.

The model was subsequently optimized using the matchup dataset. Using reflectance
as the independent variable and ammonia nitrogen concentration as the dependent vari-
able, data were fitted using linear, quadratic, cubic, exponential, logarithmic, and power
functions, as detailed in Table 6.

NH; — N = —2.633 x (B7/B1)% +9.269 x (B7/B1)? — 10.16 x (B7/B1) +3.64  (5)

Table 6. Comparison of different forms of ammonia nitrogen inversion models.

Algorithms R? RMSE
NH; — N = 0.1226 x e~ 1017x(B1-B7) 0.7853 0.0465
NHs — N = —1.894 x (B1 — B7) +0.1427 0.7476 0.05042
NH; — N = 1345 x (Bl — B7)® — 1.012 x (B1 — B7) +0.1103 0.8106 0.04545
NH; — N =285.8 x (B1 — B7)3 +32.53 x (B1 — B7)2 0.883 0.03732
—2.156 x (B1 — B7) + 0.1134
NHz — N = —2.059 x (B2 — B7) + 0.1719 0.8143 0.04325
NH; — N = 17.11 x (B2 — B7)® — 1.564 x (B2 — B7) + 0.1247 0.8731 0.03721
NHs — N = —61.03 x (B2 — B7)> 4+ 16.34 x (B2 — B7)? 0.8736 0.03879
—1.303 x (B2 — B7) +0.1205
NH; — N = 0.1409 x e~ 116x(B2-57) 0.8635 0.03708
NH; — N = 0.375 x (B7/B1) — 0.2252 0.7344 0.05171
NH; — N = 0.6457 x (B7/B1)*> —1.097 x (B7/B1) + 0.5583 0.8227 0.04398
NH; — N = —2.633 x (B7/B1)° +9.269 x (B7/B1)* 0.8997 0.03454
—10.16 x (B7/B1) + 3.64
NH; — N = 0.1339 x (B7/B1)>#! 0.7837 0.04667
NH; — N = 0.3932 x [n(B7/B1) 4 0.1599 0.6717 0.0575
NH; — N = 0.01607 x ¢2067x(B7/B1) 0.7877 0.04624

The determination coefficient R? for the model is 0.8997, and the root mean square
error is 0.03454 mg/L.

The independent data (1 = 36) were used to analyze the retrieval results of the model.
The determination coefficient R? for the model is 0.8024, and the root mean square error is
0.0368 mg/L. The results for certain points are shown in Table 7, including the ammonia
nitrogen concentration, the retrieval results, the absolute error of the retrieval results, and
the relative errors.

Table 7. Validations of the ammonia nitrogen concentration inversion model.

Measured NH3-N Retrievals Absolute Errors Relative Errors
1 0.3547 0.3594 0.0047 1.33%
2 0.0849 0.0880 0.0031 3.69%
3 0.3501 0.3472 0.0030 —0.84%
4 0.1005 0.0853 0.0152 —15.11%
5 0.0769 0.0857 0.0088 11.49%
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3.4. Temporal and Spatial Variation Characteristics of Total Phosphorus and Ammonia Nitrogen

The inversion models were validated using independent data, demonstrating their
good performance. Subsequently, these models were applied to the irrigation area of
the Guanhe River, the lower reaches of the North Jiangsu Irrigation Main Canal, and
the estuarine area, resulting in concentration distribution maps of total phosphorus and
ammonia nitrogen in the water bodies of this region. Figures 5 and 6, respectively, depict
the distributions of ammonia nitrogen and total phosphorus concentrations in the Guanhe
River’s coastal area in 2022. Similarly, Figures 7 and 8, respectively, show the distributions
of ammonia nitrogen and total phosphorus concentrations in the North Jiangsu Irrigation
Main Canal area in 2022.

Based on Figures 5 and 6, the ammonia nitrogen concentration in the Guanhe River
and the estuarine area ranges from approximately 0.05 to 0.25 mg/L, while the total phos-
phorus concentration ranges from approximately 0.1 to 0.4 mg/L. These two water quality
parameters exhibit slightly higher concentrations in the southern part of the estuarine area
compared to the northern part. However, within the annual range, the ammonia nitrogen
concentration in the southern area remains relatively stable, while the northern area shows
a higher correlation with the river flow. This may be attributed to the southern and northern
areas of the estuary being separated by embankments, resulting in less influence from the
diluting water of the Guanhe River in the southern region. The concentrations in the South
Pianhong, North Pianhong, and Xinyi Rivers, which discharge into the Guanhe River, are
lower compared to the Guanhe River itself, leading to the formation of low-concentration
zones in the areas where they merge.
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Figure 5. Distribution of ammonia nitrogen concentration in the area of the Guanhe flowing into the
sea in 2022.
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Figure 6. Distribution of TP concentration in the area of Guanhe flowing into the sea in 2022.

Throughout the year, there are high correlations between the variations in total phos-
phorus and ammonia nitrogen concentrations. The majority of the areas show low concen-
trations of ammonia nitrogen, mostly below 0.15 mg/L, and low concentrations of total
phosphorus, mostly below 0.25 mg/L. On 16 May, both the total phosphorus and ammonia
nitrogen exhibited high concentrations. According to the data from the real-time moni-
toring system for national surface water quality, the water quality on that day was poor,
with the water quality category at the Yanwei Gate Water Quality Monitoring Station being
Class IV. On 4 March and 10 October, the total phosphorus concentrations were relatively
high, with the water quality category at the Yanwei Gate Water Quality Monitoring Station
being Class IIL

In Figure 7, the total phosphorus concentration in the Northern Jiangsu irrigation canal
and the estuarine area ranges from approximately 0.1 to 0.4 mg/L. The total phosphorus
exhibits stable concentrations within the Northern Jiangsu irrigation canal, with minimal
variations throughout the year. Due to the limited inflow of tributaries, the water in the
Northern Jiangsu irrigation canal remains stable. During the period of remote sensing image
acquisition, this region experienced minimal precipitation, leading to the slight variation
in total phosphorus concentration. In the marine environment, the total phosphorus
concentration is relatively higher, influenced by the dilution of river water, resulting in
lower concentrations in the estuarine area. On 3 January 2022, the total phosphorus
concentration in the Northern Jiangsu irrigation canal was low, and from February to April,
it remained relatively stable. On 16 May, the total phosphorus concentration in the canal
exhibited minimal variation, but a higher concentration was observed near the coastal area,
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influenced by the inflow of river water, leading to lower concentrations in the estuarine area.
Minimal variation in total phosphorus concentration was observed in June, July, September,
October, November, and December. On 21 August, the total phosphorus concentration in
the canal was low.
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Figure 7. Distribution of TP concentration in the area of the main irrigation canal in northern Jiangsu

in 2022.
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Figure 8. Distribution map of ammonia nitrogen concentration in the sea area of the main irrigation
canal in northern Jiangsu in 2022.



Water 2024, 16, 860

14 of 20

As shown in Figure 8, the ammonia nitrogen concentration in the Northern Jiangsu
irrigation canal and the estuarine area ranges from approximately 0.05 to 0.3 mg/L, demon-
strating greater variations in patterns compared to total phosphorus. In January, February,
and March, the ammonia nitrogen concentration in the river area of the Northern Jiangsu
irrigation canal was low, with a concentration range of approximately 0.05-0.15 mg/L.
From April to June, the ammonia nitrogen concentration in the river area gradually in-
creased, with a higher concentration observed on May 16, indicating poor water quality
as per the real-time data from the National Surface Water Quality Automatic Monitoring
System. In July and August, the ammonia nitrogen concentration gradually decreased,
reaching approximately 0.1 mg/L on 21 August. In September, October, and November,
the ammonia nitrogen concentration in the river area of the Northern Jiangsu irrigation
canal was relatively high, with a range of approximately 0.2-0.3 mg/L. On 2 December,
the ammonia nitrogen concentration decreased. In the estuarine and nearshore areas, the
ammonia nitrogen concentration was relatively high, influenced by the dilution of river
water. In January, February, March, June, August, October, November, and December,
lower ammonia nitrogen concentrations were observed in the estuarine area. From April
to September, higher ammonia nitrogen concentrations were observed in the river area
of the Northern Jiangsu irrigation canal compared to the nearshore area, indicating the
formation of a high-ammonia-nitrogen-concentration zone in the nearshore due to the
inflow of river-borne ammonia nitrogen.

4. Discussion

In this study, laboratory-measured models have shown that single-band models can
achieve good results. As shown in Table 8, using B3-band reflectance data can effectively
invert the concentrations of total phosphorus and ammonia nitrogen.

Table 8. Comparison of single band TP concentration inversion models with different forms.

Algorithms R? RMSE

TP = 78.65 x B3 — 0.1698 0.9514 0.02558

TP = —592.5 x B3? + 84.25 x B3 — 0.182 0.9515 0.02659

TP = —3.54 x 10° x B3% 4 5.028 x 10* x B3? 0.9574 0.02605
—146.1 x B3 +0.1432

TP = 0.03561 x e3475%B3 0.8831 0.03966

TP = 0.3413In(B3) + 2.045 0.9277 0.03119

TP = 3499 x (B3)!%32 0.9329 0.03006

The following model yielded favorable results for total phosphorus concentration
retrieval:

TP = —3.54 x 10° x B3% +5.028 x 10* x B3? — 146.1 x B3 + 0.1432 (6)

The determination coefficient R? for the model is 0.9574, and the root mean square
error is 0.02605.

However, when applying the models to the study area, it is necessary to fully consider
the differences between laboratory measurements and actual conditions. In real water
bodies, chlorophyll-a, CDOM, and particulate matter serve as the primary influencing
factors on water spectral properties. Field-measured spectra are simultaneously influenced
by multiple water components and cannot be singularly correlated with total phosphorus
or ammonia nitrogen concentrations as in laboratory measurements. During the research
process, it was found that directly calibrating the single-band model with the matching
data from field measurements and Sentinel-2 did not yield favorable results due to the low
correlation of the single band in the matching dataset. Therefore, for total phosphorus, we
selected four highly correlated bands, B3, B4, B5, and B6, and generated a total of 24 new
combinations by performing the addition, subtraction, and division of any two sensitive
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bands. These combinations were then subjected to correlation analysis, and the highly
correlated band combinations were selected to establish the model.

Starting from the perspective of laboratory experiments, this study used the method
of standard solution preparation combined with spectral measurements to obtain data and
establish models for band selection. This approach effectively elucidates the relationship
between water quality parameters and spectral responses in different bands, and the
constructed models accurately reflect the spectral impact of water quality parameters.
However, when applying the ideal experimental model to satellite remote sensing, it
is essential to consider that the spectra received by satellites actually contain complex
water optical components, necessitating a thorough model calibration. In this study, a
spatiotemporal matchup dataset was constructed using water quality parameters and
Sentinel-2 spectral data measured throughout the year 2022. This dataset was utilized for
the parameter calibration and model optimization of the ideal experimental model, yielding
satisfactory results. Nevertheless, the lack of matched field-measured water reflectance
spectra hinders the direct analysis of differences between laboratory-measured spectra and
field-measured water spectra. This is an important aspect, and the next step will involve
conducting simultaneous field water spectral measurement experiments to analyze the
differences between field-measured spectra and laboratory-measured spectra; evaluate
the influence of optical active substances such as chlorophyll-a, CDOM, and particulate
matter; and facilitate the better analysis of the selection of band combinations and improved
model optimization.

The inversion model established in this study for ammonia nitrogen and total phospho-
rus concentrations is based on the long-term and wide-ranging spatiotemporal matching
of in situ measurements and remote sensing reflectance data. After model establishment,
we conducted an analysis of the influence of different water constituents in the model,
such as chlorophyll-a, CDOM, and turbidity. The study revealed that chlorophyll-a and
CDOM have minimal impacts on total phosphorus and ammonia nitrogen. This finding
is reasonable considering that total phosphorus and ammonia nitrogen are not primarily
present in chlorophyll-a and CDOM, and the spectral bands used for the inversion of total
phosphorus and ammonia nitrogen are not sensitive to chlorophyll-a or CDOM. However,
turbidity has a significant impact on total phosphorus. Based on the dataset used in this
study, correcting for turbidity in the inversion model for total phosphorus significantly
improves the inversion accuracy. As shown in Table 5, the inversion results for each val-
idation site are improved to varying degrees. Similarly, applying turbidity correction to
ammonia nitrogen did not yield the same positive results (Table 9). This could be attributed
to the fact that total phosphorus includes particulate components, while ammonia nitrogen
is present primarily in a dissolved state. Consequently, changes in turbidity have a more
significant effect on total phosphorus, whereas the impact on ammonia nitrogen is less ap-
parent. For the inversion of total phosphorus concentration, a turbidity correction method
is employed to reduce the impact of differences in water turbidity on the accuracy of the
model. However, turbidity correction is not applied to ammonia nitrogen.

Table 9. Validations of ammonia nitrogen concentration inversion model (TC: turbidity correction).

Measure Results Relative Results after Relative
NH;3-N before TC Errors TC Errors
1 0.3547 0.3594 1.33% 0.3604 1.61%
2 0.0849 0.0880 3.69% 0.0800 5.73%
3 0.3501 0.3472 —0.84% 0.3322 5.13%
4 0.1005 0.0853 —15.11% 0.0847 —15.69%
5 0.0769 0.0857 11.49% 0.0849 10.34%

After the establishment of the model, we validated the model using a matched in-
dependent testing dataset. The correlation of the total phosphorus inversion model was
0.7302, with a root mean square error of 0.02614 mg/L, and the correlation for ammonia
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nitrogen was 0.8024, with a root mean square error of 0.0568 mg/L. The model achieved
good performance. To gain a better understanding of the inversion performance of the
model, we compared the results of this study with previous research. In Tables 10 and 11,
the mean relative error (MRE), mean absolute percentage error (MAPE), R?, and RMSE are
taken as the evaluation metrics to evaluate the inversion performance of the model.

Table 10. Comparisons of the model performance of the total phosphorus inversion models.

Author Inverse Model Study Area Sensor Error
. _ R? =0.607, RMSE = 0.031 mg/L,
Xiong et al. [32] TP = 0.2553 x (B2 — B5)/(B2 + B5) —0.0084 Lake Hongze MODIS MRE = 37.584%
Lake Taihu,
Fuchunjiang
Li et al. [33] TP = 0.1965 x R(740)/R(670)) + 0.027 Reservoir, GHPS R? = 0.85, MAPE= 15.0%
and

Shang et al. [34]
Wu et al. [35]

Du et al. [36]
Liu et al. [37]

Cruz-Retana
etal. [38]

Zhao et al. [39]

TP = —5.3248 x In(B4)/B4 + 0.0885 Poyang lake Landsat 8

TP = —33.64X° + 19.39X2 — 1.79X + 0.08766,
X=1 — 3(B7 + BSA + B11) [min(B7, B8A, B11)]

Liangxi River
R? =0.7589, RMSE = 0.0048

mg/L

Ln(TP) = —21.45(B3/B2) — 14.42(B1/B3) Qiantang 5 _
+42.99(B1) + 27.1 River Landsat TM ~ R?=0.77, RMSE = 0.77 mg/L

TP= —6.739 x (Bgs — Beo) . R? =0.898
—0.217 x (Bgro — Bses)/ (Beyo + Bsgs) + 0.303; Lake Taihu GOCI MAE = 33.642%
TP = —15.51 x B3+ 2.81 Lake Cihu IKONOS R? = 0.84, RMSE = 0.17 mg/L
A water body

_ in the Landsat 8 5 B

LogTP = 1.3544 + 0.1240 x (B5/B4) + 0.04610(B5/B6) Mexican OL1 R? =0.79, RMSE = 9.63 mg/L
highlands

Yangtze River ~ Sentinel-2A R? =0.74, RMSE = 0.07 mg/L

Table 11. Comparisons of the model performance of the ammonia nitrogen inversion models.

Author Inverse Model Study Area Sensor Error
Dong et al. N . Danjiangkou Iy R?=0.739,
[40] NH3 N =0.474 x B550/B488 + 0.276, Reservoir Sentinel-2 RMSE = 0.0107 mg/L

He et al. [41]
Ma et al. [42]

Wu et al. [43]

Al-Shaibah
et al. [44]

In(NH3-N) = —7.177 + 1.93In(B7) + 0.1323(B6) Guanting Landsat 5
—2.185(B6/B3)—0.07648B1 Reservoir ™

R? =0.806, MRE = 28%

NH;-N =1.7313((B3 + B4)/B1) — 3.9968 Taf;%(’;“n GF-2,GF-6  R?=0.8497, MRE = 21.53%
NH;-N =0.219 + 0.001(B5 + B7) Haihe River Lar(‘;li?t 8 R? = 0.611, MAD = 0.404
Landsat
NH;3-N= 0.8 X (Breq + BNIR) + (Bplue/BNIR) X ™S5, 2
Erlong Lake R? = 0.862, RMSE = 0.645 mg/L
(Bplue + BNIR)+ (Bplue/ BNIR) X 0.099 8 ETM?, 8/
and OLI8

From the comparison in Table 10, it can be observed that the R? values for total phos-
phorus range from 0.60 to 0.89, while the RMSE values mostly fall between
0.0048 and 0.17 mg/L. The accuracy of the results in this study is comparable to that
in previous studies, with smaller RMSE values compared to those obtained by other re-
searchers, except for the values that were larger when compared to Shang’s results [34].

Similarly, from the comparison in Table 11 for ammonia nitrogen, it can be seen that
the findings in this study are consistent with previous research. In other studies, the R?
values range from 0.61 to 0.86, while the RMSE values mostly fall between 0.01 mg/L and
0.64 mg/L.

The above comparisons indicated that the models can effectively invert the concen-
trations of ammonia nitrogen and total phosphorus in the study area, facilitating the
large-scale and long-term monitoring of these concentrations. Moreover, they provide
a reference for analyzing the distribution characteristics of nutrients and understanding
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water pollution conditions. However, the inversion model established in this study requires
substantial support from in situ measurements, and it imposes high demands on input
data. The collection of data for extreme conditions may be incomplete, leading to potential
shortcomings in the model’s response to such extreme situations. Thus, it is necessary to
continue increasing the number of in situ data samples.

Unlike in the present research, there were few previous studies that employed remote
sensing methods for monitoring the study area, thus prohibiting direct comparative analy-
sis. A thorough investigation has been conducted on the long-term trends and potential
sources of water quality parameters within the study area [3,45]. Chen et al. conducted an
analysis of water quality changes in the Huaihe River Basin, utilizing data from 110 moni-
toring sections spanning the period of 2003 to 2019 [3]. The results indicated an increasing
trend in TP within the downstream area, while ammonia nitrogen exhibited a clear decreas-
ing trend. This study did not observe any increasing trends in annual TP variations, as
TP consistently maintained a relatively low state throughout the year. In their analysis
of irrigation canals, Tian et al. studied the characteristics of variations in water quality
parameters and their driving factors [45]. Both total phosphorus and ammonia nitrogen
pollution sources were predominantly associated with agricultural pollution.

According to Figures 5 and 6, the inversion results indicate the occurrence of high
concentrations of total phosphorus and ammonia nitrogen in the estuarine areas of the
Guanhe River and the North Jiangsu Irrigation Main Canal on 16 May. According to
data from the real-time monitoring system for national surface water quality, the water
quality on that day was poor, with the water quality category at the Yanwei Gate Water
Quality Monitoring Station being Class IV. According to the agricultural departments in
Lianyungang and Yancheng, rice planting generally begins from April to May, while corn
is a summer crop typically sown from May to June. During this period, a large amount
of nitrogen and phosphorus fertilizer is applied as base fertilizer, possibly resulting in the
inflow of pollutants from farmland and agricultural drainage into rivers and estuaries,
leading to high concentrations of total phosphorus and ammonia nitrogen in the water.
The inversion results also indicate the occurrence of high total phosphorus concentrations
in the estuarine areas of the Guanhe River and the North Jiangsu Irrigation Main Canal
on 10 October. According to the agricultural departments in Lianyungang and Yancheng,
wheat is a winter crop usually sown from October to November, and phosphorus fertilizer
is an important fertilizer for promoting root development and flower bud differentiation,
which is typically applied in the early growth stage of wheat. This practice may result in
the discharge of agricultural wastewater into rivers, leading to water pollution.

According to Figures 7 and 8, the ammonia nitrogen concentration in the North Jiangsu
Irrigation Main Canal and the estuarine area ranges from approximately 0.1 to 0.3 mg/L,
while the total phosphorus concentration ranges from approximately 0.1 to 0.4 mg/L. These
two water quality parameters exhibit stable concentrations in the North Jiangsu Irrigation
Main Canal with minimal variations throughout the year. In the marine environment, the
ammonia nitrogen concentration is higher due to the influence of freshwater runoff from
rivers, resulting in lower-concentration zones in the estuarine area.

Throughout the year, the water quality in the North Jiangsu Irrigation Main Canal
remains good, with a long-term water quality category of Class II. However, on 16 May,
high ammonia nitrogen concentrations were observed. According to the data from the
real-time monitoring system for national surface water quality, the water quality on that
day was poor, with the water quality category at the Liuduo Gate Water Quality Monitoring
Station being Class IV.

The water quality parameters encompass various components, such as chemical
oxygen demand, total phosphorus, total nitrogen, and ammonia nitrogen, all of which
are commonly used to characterize the water quality. The present study employed high-
resolution remote sensing imagery to retrieve water quality parameters by developing
a model specifically designed for parameter retrieval. The primary aim was to evaluate
the efficacy of satellite remote sensing in estimating water quality parameters within
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the designated study area. Total phosphorus and ammonia nitrogen were selected as
representative water quality parameters. If the feasibility of this approach is demonstrated,
it could be readily applied to other parameters like total nitrogen and chemical oxygen
demand, enabling the comprehensive long-term monitoring of water quality in the study
area in the future.

5. Conclusions

Water quality parameters serve as important indicators of aquatic environments,
and timely and accurate monitoring plays a crucial role in understanding the aquatic
environment and protecting water quality and ecological environments. In addition to
conventional field observations, satellite remote sensing has become an essential tool. In
this study, total phosphorus and ammonia nitrogen were selected as indicators of water
quality parameters. Through laboratory measurements of standard solutions and spectral
analysis, we utilized the Sentinel-2 spectral bands to construct inversion models. Model
calibration was performed using field measurements from 10 stations in the study area in
2022 and matching datasets generated by Sentinel-2, yielding applicable models for total
phosphorus and ammonia nitrogen in the study area. Importantly, the models took into
consideration the influence of water components, and a turbidity correction model was
developed specifically for total phosphorus. Validation using an independent test dataset
yielded an R? value of 0.7302 and an RMSE of 0.02614 mg/L for total phosphorus and an
R? value of 0.8024 and an RMSE of 0.0368 mg/L for ammonia nitrogen. The application
of the models to satellite remote sensing monitoring in the study area in 2022 provided
insights into the spatial distribution and temporal variations throughout the year.

In this study, the absence of equivalent field-measured water reflectance spectra
impedes direct comparisons between laboratory-measured spectra and in situ water spectra.
To address this limitation, future research will involve comprehensive in situ spectral
measurements. When constructing the model, it is vital to account for potential disparities
between laboratory-measured spectra and in situ water surface spectra. Additionally, the
inclusion of water quality parameters and in situ spectral data should be considered in
order to optimize inversion models for their subsequent application to remote sensing
satellite images, thus enabling long-term monitoring.
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