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Abstract: In the application of quantitative remote sensing in water quality monitoring, the existence
of mixed pixels greatly affects the accuracy of water quality parameter inversion, especially for
narrow inland rivers. Improving the image spatial resolution and weakening the interference of
mixed pixels in the image are some of the urgent problems to be solved in the study of water quality
monitoring of medium- and small-sized inland rivers. We processed Sentinel-2 multispectral images
using the super-resolution algorithm and generated a set of 10 m spatial resolution images with
basically unchanged reflection characteristics. Both qualitative and quantitative evaluation results
show that the super-resolution algorithm can weaken the influence of mixed pixels while maintaining
spectral invariance. Before the application of the super-resolution algorithm, the inversion accuracy
of water quality parameters in this study were as follows: for NH3-N, the R2 was 0.61, the root
mean squared error (RMSE) was 0.177 and the mean absolute percentage error (MAPE) was 29.33%;
for Chemical Oxygen Demand (COD), the R2 was 0.26, the RMSE was 0.756 and the MAPE was
4.62%; for Total Phosphorus (TP), the R2 was 0.69, the RMSE was 0.032 and the MAPE was 30.58%.
After the application of the super-resolution algorithm, the inversion accuracy of water quality
parameters in this study were as follows: for NH3-N, the R2 was 0.67, the RMSE was 0.161 and the
MAPE was 25.88%; for COD, the R2 was 0.53, the RMSE was 0.546 and the MAPE was 3.36%; for TP,
the R2 was 0.60, the RMSE was 0.034 and the MAPE was 24.28%. Finally, the spatial distribution of
NH3-N, COD and TP was obtained by using a machine learning model. The results showed that
the application of the super-resolution algorithm can effectively improve the retrieval accuracy of
NH3-N, COD and TP, which illustrates the application potential of the super-resolution algorithm in
water quality remote sensing quantitative monitoring.

Keywords: super-resolution algorithm; total phosphorus; chemical oxygen demand; water quality
monitoring; Sentinel-2; NH3-N; remote sensing

1. Introduction

Water is one of the core elements of ecology and the environment and is an important resource for
all life including human beings. However, with the rapid development of the economy, the problem of
water pollution is becoming increasingly serious. At present, a large number of organic pollutants
are produced in industrial production, livestock breeding and human daily life, which seriously
pollute the surrounding water and endanger aquatic organisms [1,2]. With the expansion of the
food chain, this affects human health [3]. Early, timely, accurate and complete monitoring of water
quality parameters of inland waters is of great significance to assess the risks that may affect human

Water 2020, 12, 3124; doi:10.3390/w12113124 www.mdpi.com/journal/water

http://www.mdpi.com/journal/water
http://www.mdpi.com
http://www.mdpi.com/2073-4441/12/11/3124?type=check_update&version=1
http://dx.doi.org/10.3390/w12113124
http://www.mdpi.com/journal/water


Water 2020, 12, 3124 2 of 18

health. The traditional water quality monitoring method is time-consuming and laborious. Its biggest
disadvantage is that it can only obtain water quality information by monitoring section points of a
river, which is not enough to reflect the water quality information of the whole river. Remote sensing
can realize large-scale synchronous observations and can be used to monitor and analyze the spatial
heterogeneity of water quality of the whole river so as to provide a timely, accurate and reliable
guarantee for water quality monitoring of inland rivers, which cannot be achieved by field sampling of
the traditional monitoring sections.

Water quality monitoring is an important remote sensing application. As critical water quality
parameters, NH3-N, Chemical Oxygen Demand (COD) and Total Phosphorus (TP) are important
reference indexes for water pollution prevention and control. Gong et al. found that nitrogen had
the highest correlation coefficient for 404 nm and 447 nm [4]. Wang et al. found that NH3-N and
COD have a high correlation with the SPOT5 satellite’s red band, green band and near infrared
(NIR) band [5]. Chen et al. analyzed the COD standard solution with a certain ratio and found that
COD has a significant spectral response characteristic at 550 nm, 565 nm, 1016 nm and 1047 nm [6].
Sun et al. estimated the concentration of TP in inland waters with complex optical turbidity based on
the near-infrared and green bands of the HJ-1 satellite [7]. Previous studies have proven that there is a
certain relationship between NH3-N, COD, TP and reflectance spectra [4–9], which lays a foundation
for the use of remote sensing technology for water quality monitoring.

At present, the sensors used in water quality inversion include WorldView-2 [10], TM/ETM+ [11],
OLI [9], MODIS [12], MERIS [13,14], HJ-1 CCD [15,16], SPOT [5,17], GOCI [18], GF-1 [19], Sentinel-2 [20,21], etc.
Due to the limitations of the spatial resolution of satellite sensors, most of these studies are focused on
lakes or coastal areas with large water areas [22–24], and less research is conducted on inland rivers,
especially small and medium-sized rivers. The river surfaces of small and medium-sized inland rivers
are usually narrow, and their narrow and long shape limits the application of some low-resolution
remote sensing data. Compared with other media and high-resolution images, Sentinel-2, which is
free and easy to obtain, has 13 multispectral bands with a spatial resolution of up to 10 m [25].
The combination of satellites A and B can revisit the site for up to five days, which has a strong
advantage in water quality inversion and can provide reliable data support for accurate inversion of
water quality parameters. Only four of Sentinel-2’s 13 spectral bands have a spatial resolution of 10 m,
so the spectral bands that can be effectively used for water quality monitoring in such a narrow and
long water area as inland small and medium-sized rivers are limited. However, the existence of a
10 m high resolution band makes it possible to improve other relatively low spatial resolution bands.
Super-resolution (SR) technology [26–28] can obtain the maximum output without increasing the cost
of the satellite.

Super-resolution technology refers to the reconstruction of high-resolution images from the
observed low-resolution images. It has important application value in the fields of monitoring
equipment, satellite images and medical images. There is a lot of research on monitoring water quality
parameters using remote sensing data, and few people pay attention to the application potential of
super-resolution technology in this aspect. The early super-resolution algorithm is actually from the
frequency domain signal processing technology [29,30], but in the super-resolution process, the spatial
domain algorithm can better maintain the image details, edges and overall structure and has a
relatively wide range of applications. Therefore, most of the later super-resolution algorithms are
mainly developed in the spatial domain. The commonly used spatial domain algorithms include
an imaging model [31,32], interpolation-based algorithm [33], Iterative Back Projection (IBP) [34],
Maximum A Posterior (MAP) [35,36], Projection Onto Convex Sets (POCS) [37,38], etc. In addition,
the learning-based algorithm is also used for image super-resolution reconstruction [26].

Sentinel-2 has the problem of uneven spatial resolution distribution (10 m, 20 m, 60 m).
The existence of mixed pixels in low-resolution bands lead to a large error between the calculated
pixel reflectance and the actual reflectance of the water surface. Multispectral images with high spatial
resolution can provide more reliable data support for water quality inversion. In previous studies,
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few researchers paid attention to the application of super-resolution technology in water quality
monitoring. Moreover, for NH3-N, COD and TP, which are three important parameters reflecting
water quality, there is no corresponding inversion model for Sentinel-2 data. Therefore, the novelty of
this paper is to apply super-resolution technology to water quality monitoring to weaken the impact of
mixed pixels on water quality monitoring of small and medium-sized inland rivers and improve the
utilization rate of multispectral bands of Sentinel-2 data. In addition, this paper focuses on establishing
inversion models of NH3-N, COD and TP based on Sentinel-2.

2. Materials and Methods

2.1. The Super-Resolution Algorithm

For satellite images, panchromatic sharpening is usually used to improve image resolution.
The panchromatic sharpening method ranges from the simplest multispectral band renormalization to
more advanced decomposition technology [39–41]. By estimating the contribution of each multispectral
band to the panchromatic band and solving each correlation component, the spatial resolution of
the multispectral image can be improved and the spectral distortion can be reduced simultaneously.
However, Sentinel-2 data donot have panchromatic bands. The super-resolution algorithm used in this
paper was proposed by Brodu [42] and is based on local consistency between neighboring pixels and
geometric consistency of sub-pixel components in the multispectral band. The algorithm is designed
for multispectral and multi-resolution images. In remote sensing images, most natural objects do
not fall completely within the pixel boundaries. As shown in Figure 1, some content is often shared
between adjacent pixel values, and the reflection of different wavebands is different. In remote sensing,
the reflection of each pixel (H) is usually considered as a linear mixture of its components (such as
the mixture of water and soil) [43]. Therefore, the mixing equation of each pixel can be expressed as
follows (Equation (1)):

Hx,y = Wx,y,0 × Sx,y + Wx,y,1 × Sx+1,y + Wx,y,2 × Sx,y+1 + Wx,y,3 × Sx+1,y+1 (1)

where S represents the reflection of elements shared across pixels and W is the proportion of mixed
elements in the pixel.
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Therefore, the super-resolution pixel value with low resolution can be obtained only by calculating
the proportion weight (W) of the mixing elements in the pixel and the shared value (S) of the
low-resolution band. The specific operation is as follows:

For images with 20 m resolution:

(a) High-resolution, band-specific information S is separated from common-band information W.
Firstly, the 10 m resolution band Ho is subsampled to the 20 m version Ld. In this case, the optimal
hybrid model is estimated by minimizing the difference between (a) the high-resolution observed
pixel value Ho and (b) the resolution enhancement value Hr calculated from the subsampled data
Ld (Equation (2)). The initial weight Wopt is set to 1/4. The initial shared value Sopt is the mean
value of Ho of each high-resolution pixel it covers. The optimal weight value Wopt and shared
value Sopt are solved iteratively.{

Sopt, Wopt
}
= argmin

∑
β∈H

∑
x,y

∣∣∣∣∣∣∣∣Ho
β,x,y −Hr

β,x,y

∣∣∣∣∣∣∣∣2, (2)

whereH represents the set of all 10 m resolution bands and β is one of the 10 m resolution bands.
(b) Low-resolution, shared-value S is calculated.

V = argmin
∑
β∈H

∑
x,y

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣Sopt

β,x,y −
∑

n∈N(x,y)

vx,y,nLd
β,n

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣
2

, (3)

Sfit
b,x,y =

∑
n∈N(x,y)

vx,y,nLb,n, (4)

Scor
b,x,y = qb,x,ySfit

b,x,y, (5)

where N is the neighborhood location set of high-resolution shared value S relative to
low-resolution pixels, V is the neighborhood coefficient set of low-resolution pixel position
relative to the high-resolution shared value, Sfit

b,x,y is the shared value of the low-resolution b-band
and qb,x,y is the overall average sharpening rate of the b-band, which is used to correct the
low-resolution shared value.

(c) Super-resolution pixel values H are calculated.

Hb,x,y = Wx,y,0 × Scor
b,x,y + Wx,y,1 × Scor

b,x+1,y + Wx,y,1 × Scor
b,x,y+1 + Wx,y,3 × Scor

b,x+1,y+1 (6)

For images with 60 m resolution, the super-resolution method is similar. Firstly, the 60 m resolution
band is converted to the 20 m super-resolution band, and then the image is processed according to the
steps of 20 m to 10 m.

To quantify the performance of the super-resolution algorithm, Pearson’s correlation coefficient
(R) [44], the root mean squared error (RMSE) [45] and estimation accuracy (EA) [46] were calculated
for each band as follows (Equations (7) and (8)):

RMSE =

√∑n
i=1

(
ŷi − yi

)2

n
(7)

EA =

(
1−

RMSE
y

)
× 100% (8)

where n is the number of pixels, ŷi is the estimated value pixel in the super-resolution image, yi is the
value pixel in the original image and y is the average value of a pixel in the original image.
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2.2. The Inversion Models

The traditional statistical regression model (TSR) has been widely used in the inversion of water
quality parameters [47,48]. In this paper, a linear model, quadratic model, cubic model, exponential
model, logarithmic model, reciprocal model and power function model were used for the construction
of the inversion model (Table 1), and the model with the highest inversion accuracy was selected as the
output of the traditional statistical regression model.

Table 1. The traditional statistical regression models.

TSR Models Mathematical Expression (a, b, c and d Are Undetermined Parameters)

linear model y = a + b× x1

quadratic model y = a + b× x1 + c× x2

cubic model y = a + b× x1 + c× x2 + d× x3

exponential model y = a× ebx

logarithmic model y = a + b× log(x)
reciprocal model y = a + b

x
power model y = a× xb

A machine learning algorithm is a method that can automatically obtain rules from data and
predict unknown data according to the rules. Among many machine learning algorithms, the Back
Propagation (BP) neural network model [49] has very good nonlinear fitting ability, and the Random
Forest (RF) model [50] has a fast learning speed and can synthesize regression or classification functions
based on discrete or continuous data sets. Therefore, based on MATLAB 2016a, a three-layer BP neural
network model and an RF model were constructed for training, and the model with good performance
was used as the output of the machine learning model for the inversion of water quality parameters.
The accuracy of each model was mainly evaluated via a coefficient of determination (R2), the mean
absolute percentage error (MAPE) (Equation (9)) and the root mean squared error (RMSE).

MAPE =
100%

n

∑n

i=1

∣∣∣∣∣∣ ŷ− yi

yi

∣∣∣∣∣∣, (9)

where n is the number of sampling points, yi is the measured value and ŷ is the estimated value.
In the process of modeling, accurate selection of characteristic bands is the basis for obtaining high

inversion accuracy. We calculated the correlation coefficients of reflectance and band combinations
(such as addition, difference, ratio and NDVI pattern) with water quality parameters (NH3-N, COD and
TP) and selected the band or band combination with high correlation as parameters for modeling.
For machine learning models, too many input variables may not necessarily improve the inversion
accuracy [14,18,51]. After many attempts, 4~6 bands or band combinations with high correlation with
NH3-N, COD and TP were selected as parameters for modeling.

The experiment mainly included four modules: feature extraction, feature selection, regression
and prediction. Before constructing the regression model, we split the matching data into 55% for
training and 45% for testing. The specific methodological workflow is shown in Figure 2.
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super-resolution algorithm.

2.3. Study Area

This paper’s research area is part of the rivers in the Xinyang section of the Huaihe River
Basin (113◦45′ E~115◦55′ E and 31◦23′ N~32◦37′ N). The study area is located on the boundary line
between North and South China (Qinling–Huaihe Line), which belongs to the transition zone between
subtropical and temperate monsoon climates and the transition zone between humid and semi-humid
regions. The Xinyang Huaihe River is 363.5 km long. The Huaihe tributaries are dense. The tributaries
on the south side of the Huaihe River account for 2/3 of the total number of tributaries, which flows
into the Huaihe River in the southwest–northeast direction. The minimum width of the rivers is about
ten meters. On 1 September 2016, the concentrations of NH3-N, COD and TP of 41 water samples were
collected in the study area. The distribution of the measured sampling points and the location of the
study area are shown in Figure 3.
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2.4. Sentinel-2a Data

In this study, Sentinel-2a level 1C images obtained on 28 August 2016 were used (https://scihub.
copernicus.eu/dhus/#/home). In this paper, the sampling time and the satellite transit time interval
were short, and there was no event that obviously affected the experiment, such as heavy rainfall. Thus,
the difference between the samping time and satellite transit time had no obvious influence on the
water quality parameter estimation in this paper [52]. The spatial resolution and spectral range used in
this paper are shown in Table 2. To obtain the surface reflectance, Sencor-2.5.5 [53] was used to correct
the Sentinel-2a image. To get a set of high-spatial-resolution images within 10 m, the super-resolution
algorithm was used to enhance the atmospheric corrected data. To compare with the image enhanced
by the super-resolution algorithm, the nearest-neighbor method was used to resample 60 m and 20 m
images to 10 m to obtain the same size of pixels and the same reflectivity.

Table 2. Spectral bands of the Sentinel-2a L2A used in this study.

Band Wavelength Range (nm) Spatial Resolution (m)

Band1—Coastal aerosol 430.4~457.4 60
Band2—Blue 447.6~545.6 10

Band3—Green 537.5~582.5 10
Band4—Red 645.5~683.5 10

Band5—Vegetation Red edge 694.4~713.5 20
Band6—Vegetation Red edge 731.2~749.2 20
Band7—Vegetation Red edge 768.2~796.5 20

Band8—NIR 762.6~907.6 10
Band8a—Vegetation Red edge 848.3~881.3 20

Band9—water vapour 932.0~958.0 60
Band11—SWIR 1542.2~1756.7 20
Band12—SWIR 2081.4~2323.4 20

https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
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3. Experiments and Results

3.1. Consistency Evaluation of the Super-Resolution Image and Original Image

In order to evaluate the enhancement effect of the super-resolution algorithm, we verified the
super-resolution image qualitatively and quantitatively. Figure 4 shows a detailed comparison of Band
8a and Band 9 between the original and enhanced Sentinel-2 reflection images. From the perspective
of subjective vision, the resolution of images (Figure 4d,g) processed by the super-resolution algorithm
was significantly improved, the image details were significantly enhanced and the edges of water
bodies, buildings and bridges were further refined, which was particularly prominent in Band 9 with
60 m spatial resolution. The smaller the pixel size, the higher the pixel purity. This means the mixed
pixels of the bridge across the river and the edge of the water on both sides of the river were reduced,
and the spatial heterogeneity of the corresponding actual features was smaller. The images (Figure 4c,f)
processed by the nearest-neighbor method were still low-resolution images in essence, although the
image size was the same as that of the high-resolution image.
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Figure 4. Comparison of the enhanced image and original image. (a) RGB true-color image, R/G/B =

Band4/Band3/Band2; (b) Band 8a (20 m) of the original image; (c) Band 8a (10 m) of the resampling
image by nearest neighbor method; (d) Band 8a (10 m) of the enhanced image by super-resolution
algorithm; (e) Band 9 (60 m) of the original image; (f) Band 9 (10 m) of the resampling image by nearest
neighbor method; (g) Band 9 (10 m) of the enhanced image by super-resolution algorithm.

We randomly selected 1000 samples from the study area to quantitatively analyze the changes in
pixel values before and after the super-resolution algorithm, as shown in Figure 5. We found that the
reflectivity of the super-resolution image is highly correlated with that of the original image. The R of
each band before and after the super-resolution algorithm enhancement was above 0.89. The EA values
of reflectance estimation accuracy of 20 m spatial resolution bands were all above 83%, and that of 60 m
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spatial resolution bands was above 72%. This means that the surface reflectance in the super-resolution
image is highly consistent with that of the original image.
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We can therefore conclude that the super-resolution algorithm can not only enhance the details
of the image and reduce the spatial heterogeneity of pixels, but also maintain the invariance of the
spectrum, which provides the possibility to obtain higher-precision water quality inversion results.

3.2. Correlation Analysis among NH3-N, COD and TP with Sentinel-2

The correlation among NH3-N, COD and TP with 276 groups composed of a single band or a
band combination was calculated. Four combination modes were adopted: (A/B), (A−B), (A+B) and
(A−B)/(A+B), where A and B represent two different bands. The R value with the highest correlation
coefficient among the four combinations was used as the R value between the two bands to draw the
correlation matrix (Figure 6). From the statistical results of these three correlation coefficient matrices,
it could be seen that the correlation coefficients of band combinations were quite different. We found
that the correlation between reflectance and NH3-N, COD and TP increased after super-resolution
enhancement. It also showed that the inversion accuracy of NH3-N, COD and TP could be improved
by the enhancement of the Sentinel-2 image using the super-resolution algorithm.

From Figure 6a, it can be seen that the combinations containing Band 5 have a high correlation with
NH3-N, among which the combination of Band 5 and Band 8 has the highest correlation with NH3-N
and has a correlation coefficient reaching 0.78. It is speculated that Band 2, Band 3, Band 4, Band 5,
Band 6, Band 7, Band 8 and Band 8a are important bands for NH3-N inversion. The combination of the
visible band and the red edge band has a high correlation with COD (Figure 6c). The combination of
Band 4 and Band 5 can significantly improve the correlation between COD and spectral information,
and its correlation coefficient can reach 0.53. It can be inferred that Band 2, Band 3, Band 4, Band 5,
Band 6, Band 11 and Band 12 are important bands for COD inversion. The correlation coefficient
between TP and spectral reflectance was generally high (Figure 6e). The correlation coefficient of TP
with the combination of Band 1 and Band 4 was the highest, and the correlation coefficient was 0.81.
It is speculated that Band 1, Band 2, Band 3, Band 4, Band 5, Band 7, Band 11 and Band 12 are important
bands for TP inversion.
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Figure 6. The correlation coefficient matrix of water quality parameters with bands and band
combinations. The X and Y axes are the respective bands of the image: (a,c,e) super-resolution image;
(b,d,f) resampling image by nearest-neighbor method. (a,b) NH3-N; (c,d) Chemical Oxygen Demand
(COD); (e,f) Total Phosphorus (TP). Relation of 0.6 > R > 0.4 is significant at the 0.05 level, and the
relation of R > 0.6 is significant at the 0.01 level.

3.3. Accuracy Comparison of Inversion Models

Based on the original image and the super-resolution image, the statistical regression models of
NH3-N, COD and TP were constructed. Twenty-three samples were used to train the models, and the
remaining eighteen samples were selected for verification. The accuracy of each model method was
evaluated by comparing the measured values with the estimated values. The detailed information on
the optimal model inversion results is shown in Figure 7. For the super-resolution images, the optimal
results obtained by the statistical regression method are shown in Figure 7a–c. The R2 between the
measured NH3-N and the estimated NH3-N using Band 5 and Band 8 was 0.67, the RMSE was 0.161
and the MAPE was 25.88%. The R2 between the measured COD and the estimated COD using Band 4
and Band 5 was 0.53, the RMSE was 0.546 and the MAPE was 3.36%. The R2 between the measured TP
and the estimated TP using Band 1 and Band 4 was 0.60, the RMSE was 0.034, and the MAPE was
24.28%. For the original image, the optimal results based on statistical regression method are shown in
Figure 7d–f. The R2 of measured NH3-N and estimated NH3-N using Band 2 and Band 4 was 0.61,
the RMSE was 0.177, and the MAPE was 29.33%. The R2 of measured COD and estimated COD using
Band 2 and Band 8a was 0.26, the RMSE was 0.756 and the MAPE was 4.62%. The R2 of measured TP
and estimated TP using Band 4 and Band 11 was 0.69, the RMSE was 0.032 and the MAPE was 30.58%.
We found that when using the same inversion method, the accuracy of COD and NH3-N retrieved
from the super-resolution image was higher than from the original image. Although the coefficient of
determination R2 between the measured TP and the estimated TP was reduced, the average relative
percentage error MAPE was significantly reduced by 6.3%. In general, the super-resolution image is
better for water quality inversion than the original Sentinel-2 image. In addition, it was found that
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in the process of constructing the statistical regression model, the correlation coefficient between the
TP concentration value retrieved from the reciprocal model and the measured value data was higher,
the error was smaller and the cubic function model was more suitable for the inversion of NH3-N
and COD.
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Figure 7. Accuracy assessment results of NH3-N, COD and TP estimated by the statistical regression
models using super-resolution images (a–c) and original images (d–f). The X-axis is measured data,
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In this paper, a machine learning inversion model of NH3-N, COD and TP was constructed based
on super-resolution images. The optimal inversion results based on the machine learning method are
shown in Figure 8. The R2 between the measured NH3-N and estimated NH3-N using Band 2, Band 3,
Band 4, Band 5 and Band 8 was 0.74, the RMSE was 0.149 and the MAPE was 22.68%. The R2 between
the measured COD and estimated COD values using Band 2, Band 3, Band 4, Band 5, Band 6 and Band
7 was 0.60, RMSE was 0.476 and MAPE was 2.99%. The R2 between measured TP and estimated TP
using Band 1, Band 3, Band 4, Band 5, Band 11 and Band 12 was 0.81, the RMSE was 0.028 and the
MAPE was 21.93%. The results showed that the machine learning method has greater advantages in
estimating the concentration of water quality parameters of complex inland rivers.
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3.4. Spatial Distribution of Water Quality Parameters

In order to further verify the applicability of the model, the machine learning model was applied
to remote sensing images. The spatial distribution of NH3-N, COD and TP in the Xinyang section
of Huaihe River Basin is shown in Figure 9. Most of the water bodies in the study area were in a
healthy state, which is consistent with the results of the local water resources bulletin. It can be seen
that most of the ammonia nitrogen concentrations in the study area were within the limits of the
three indicators (Figure 9a), and only the southeast part of the study area had mild COD pollution
(Figure 9b). In addition, the concentration of total phosphorus in some sections of the Huanghe
River was relatively high, and the pollution was serious (Figure 9c). The nutrient C:N:P required for
the growth and reproduction of microorganisms is 100:5:1, and microorganisms can obtain C and N
from nature, while P is almost completely supplied by human beings (there is no urban sewage with
phosphorus removal or poor phosphorus removal and irrigation water flowing into water body on the
land with phosphate fertilizer). It can be seen from the geographical location of the river section that
the river passes through residential areas and that the discharge of domestic sewage directly affects the
water quality of the river section, resulting in a TP concentration of the river section higher than that of
other areas.
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Figure 9. The spatial distribution of NH3-N, COD and TP in the Xinyang section of Huaihe River Basin;
1 is part of the Huanghe River; 2 is part of the Nianyushan reservoir. (a) The spatial distribution of
NH3-N; (b) the spatial distribution of COD; (c) the spatial distribution of TP.

4. Discussion

Differences in water component content cause significant differences in reflectance in a certain
wavelength range, which is the theoretical basis of quantitative inversion of water quality parameters
by remote sensing. Whether the direct inversion method or the indirect inversion method is used ,
its essence is based on the correlation between water quality parameters and remote sensing reflectance
to carry out quantitative inversion. Our research showed that Band 2, Band 4, Band 5 and Band 8 are
sensitive bands for NH3-N (Figure 6a). Among them, the sensitivity of NH3-N to the near-infrared
band shows the frequency-doubled or combined frequency characteristics of nitrogen-containing
functional groups. In addition, COD has a high correlation with Band 2, Band 3, Band 4, Band 5
and Band 8a (Figure 6b). The sensitivity of COD to Band 3 and Band 8a shows the combined
frequency of the vibrations of hydrogen-containing groups (O–H, C–H) in organic molecules and their
frequency-doubled absorption characteristics. The red band and the red edge band are the sensitive
bands of Chl-a [20], and the metabolism of phytoplankton in the water body will also release organic
matter. Chl-a can reflect the level of phytoplankton inventory. From this process, COD is the passive
factor of Chl-a. TP affects and controls the growth and reproduction of planktonic algae to different
degrees, and some studies have shown that it is closely related to chlorophyll content [7]. In this
paper, Band 1, Band 4 and Band 11 were used to estimate TP concentration in both the statistical
regression method and the machine learning method, which provides a useful reference for monitoring
TP concentration with band data of the multi-spectral imager. The rivers in the study area belong to a
flowing water body, and the water composition is not uniform. Therefore, some sensitive bands of
NH3-N, COD and TP in Sentinel-2 satellite are slightly different from those of previous studies.

In general, the method for remote sensing inversion of water quality parameters using satellite
images is to establish the remote sensing inversion model of water quality parameters by analyzing the
relationship between water quality parameters and remote sensing reflectance. In the actual research
process, it is often done by establishing an effective connection between the point data obtained
from field sampling and the remote sensing pixel surface data with different spatial resolutions.
The remote sensing observations value is a surface datum, and the sample point measurement value is
a point datum. The conversion between them will inevitably cause certain errors, which is also the
general uncertainty of quantitative remote sensing inversion. Using high-spatial-resolution images
is one way to reduce this uncertainty. This is the significance of our research. We focus on fully



Water 2020, 12, 3124 14 of 18

exploiting the potential of existing data without increasing the cost of satellites and producing a series
of high-resolution image data by using super-resolution algorithm for water quality inversion.

To prove the advantages of Sentinel-2 satellite used in this paper, for water quality monitoring,
we processed GF-1 satellite images and Landsat 8 satellite images, which were at a similar field water
sample collection time. Distribution of the correlation coefficient between different band combinations
and water quality parameters (NH3-N, COD and TP) was calculated (Figure 10). The central wavelength
and bandwidth of the same band of different data sources were different, so for different satellite
images, the correlation between the same band or band combination and water quality parameters
is different. Compared with other medium and high-resolution satellite data (GF-1 and Landsat
8), the band combination of Sentinel-2 data shows a relatively high correlation with water quality
parameters (NH3-N, COD, TP) and has great potential in water quality parameter inversion.
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Figure 10. Distribution of the correlation coefficient between different band combinations and water
quality parameters (NH3-N, COD and TP). The X-axis is the number of single bands and band
combinations. G001, G002, · · · , G028 and G029 are the numbers of the four multispectral bands and
band combinations of the GF-1 satellite. L001, L002, · · · , L090 and L091 are the numbers of the seven
multispectral bands and band combinations of the Landsat 8 satellite. S001, S002, · · · , S275 and S276 are
the numbers of the seven multispectral bands and band combinations of Sentinel-2 satellite. The Y-axis
is the R value. The labels in the figure are the band combination numbers and R values of the highest
correlation between different satellite sensors and NH3-N, COD and TP. (a) NH3-N; (b) COD; (c) TP.

Our results show that the Sentinel-2 processed by the super-resolution algorithm has advantages
in the inversion of water quality parameters. Sentinel-2 provides the only satellite data that can
obtain multispectral bands and resolution up to 10 m for free. The super-resolution algorithm can
improve the spatial resolution of its low-resolution band to 10 m without increasing the cost and can
improve the spatial resolution while maintaining the spectral consistency so that the product generated
by the super-resolution algorithm has higher precision. In the application of quantitative remote
sensing in water quality monitoring, the smallest monitoring unit is a pixel. The purity of a pixel
has an important impact on the final results, especially when the monitoring range is inland rivers.
Spatial heterogeneity of water quality parameters results in marked scaling effects, and it influences
precision in the retrieval of water quality parameters from remote sensing images [54]. Therefore,
the selection of high-resolution satellite data is helpful to eliminate the error caused by scale effects in
the inversion process. Compared with lakes with large areas of water, inland rivers are usually narrow
and long. The existence of the river edge or a bridge across the river will also reduce the purity of the
corresponding pixels, and the existence of mixed pixels will bring more uncertainty to the river water
quality monitoring. In addition, the water quality near the sewage outlet in the inland river is worse
than that in other areas. The spatial heterogeneity of water quality parameters corresponding to the
sewage outlet in the 60 m, 30 m and 20 m spatial-resolution remote-sensing data is greater than that in
the 10 m spatial-resolution remote-sensing data. Therefore, 10 m spatial resolution images can reduce
the uncertainty caused by these factors and then improve the accuracy of water quality parameter
inversion and inland river water quality monitoring.

5. Conclusions

This study evaluated the performance of the super-resolution algorithm in monitoring several
water quality parameters in medium and small-sized rivers, such as the Xinyang section of the Huaihe
River Basin. The relationship between the field measured data and the Sentinel-2 band was studied,
and three indexes (NH3-N, COD and TP) were estimated from Sentinel-2 data. It can be concluded
from the present study that Sentinel-2 is an effective tool to establish a cheap and effective routine
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monitoring method for inland river water quality. The super-resolution algorithm can effectively
improve the quality of Sentinel-2 data, weaken the negative impact of mixed pixels on water quality
monitoring, and improve the accuracy of water quality prediction, which has great application potential
in quantitative remote sensing of water quality. The machine learning model constructed in this paper
can be used as the best method to predict water quality in the Xinyang section of Huaihe River Basin
and can provides data support for water quality monitoring and water pollution prevention and
control in Huaihe River Basin. Agencies can combine super-resolution technology with remote sensing
data as an alternative to collecting and processing information on inland surface water quality. In the
future, the super-resolution algorithm can be extended to other satellite remote sensing images with
multispectral bands and different spatial resolutions. In terms of long-term dynamic water quality
monitoring, multiple data sources can be combined.
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