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ABSTRACT

In order to understand the water quality of the Qinghe Reservoir in a timely and accurate manner,
multi-spectral remote sensing technology is used to monitor the water quality. Using the OLI data
of Landsat satellite, the correlations of single-band and band combination with the chlorophyll
concentration and total suspended solids concentration of OLI data are analyzed by SPSS software. The
largest correlation coefficient is selected to construct the ratio linear regression model and the nonlinear
least squares support vector machine (LS-SVM). The two models are used to study the multi-spectral
remote sensing inversion of chlorophyll a and total suspended solids in Qinghe Reservoir. The results
show that compared with the ratio linear regression model, the LS-SVM model increases the deci-
sion coefficient R? of the predicted and actual chlorophyll a from 0.635 to 0.966, and the root mean
square error decreases from 4.83 to 2.67; the coefficient R* of the predicted and actual suspended solids
concentration is increased from 0.686 to 0.88, and the average relative error is reduced from 3.52% to
3.16%. The accuracy of multispectral remote sensing inversion of the concentration of chlorophyll a
and total suspended solids is significantly improved by LS-SVM model.

Keywords: Multi-spectral remote sensing; Water quality; Monitoring; Chlorophyll a; Suspended solids;

Least squares support vector machine

1. Introduction

As a large type II reservoir on the main stream of the
Qinghe River which is the first-class tributary of the mid-
stream of Liaohe River, Qinghe Reservoir undertakes
important tasks of flood control, irrigation, fish farming and
standby water source. If the water body is in eutrophication
state, it will form “green scum” on the surface of the water
body, causing fish to die, which seriously affects the water
quality of the water body and the operation of the reservoir,
so it is particularly important to obtain the water quality of
the Qinghe Reservoir accurately, quickly and objectively.

In recent years, the country mainly conducts remote
sensing inversion studies on water quality monitoring of large
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lakes such as Taihu Lake, Qiandao Lake and Wuliangsuhai.
For example, the literature proposed to use satellite to
monitor the sea chlorophyll a space near the water body
and performed time inversion; literature proposed to use
the improved quantitative remote sensing technology to
monitor inland water quality; literature proposed the use
of paper-based sensors and mobile phones for water qual-
ity monitoring [1-3]. However, the research methods in
these references have less research on the remote sensing
water quality of small-area waters such as inland rivers and
reservoirs. The relationship between the spectral character-
istics of satellite data and the concentration of water quality
parameters is analyzed and multi-spectral remote sensing is
established. The model is of great significance for the remote
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sensing water quality monitoring of inland small-area water
bodies [4].

In this paper, the Qinghe Reservoir is used as the research
area [5]. The OLI data of Landsat satellite is used to conduct
multi-spectral remote sensing inversion of chlorophyll a and
suspended solids in Qinghe Reservoir [6-8]. The correlation
between band combination and chlorophyll a and suspended
matter is analyzed, and the most relevant combination is
selected to establish the most suitable multi-spectral remote
sensing inversion model to provide a theoretical basis for the
remote sensing inversion of chlorophyll a and suspended
solids in Qinghe Reservoir [9-12].

2. Materials and methods
2.1. Overview of the study area

Qinghe Reservoir is located in Tieling City, Liaoning
Province, with east longitude 124°10'-124°26’, north latitude
42°29'-42°36'". Tt covers an area of 465.09 km? (water area is
47.6 km?), which is a large reservoir on the Qinghe River,
the left-hand tributary of the middle reaches of the Liaohe
River. The maximum capacity of the reservoir is 971 mil-
lion m® with the functions of power generation, irrigation,
flood control, breeding, tourism and so on. In 2010, the
People’s Government of Liaoning Province officially listed
Qinghe Reservoir as a backup water source. Therefore, it is
particularly important to conduct comprehensive and timely
monitoring, analysis and evaluation of the water quality of
Qinghe Reservoir [13].

2.2. Data acquisition and processing

The data selected in this study include the Landsat
satellite OLI data with imaging time of June 23, 2015 and the
water sampling data of Qinghe Reservoir acquired on the
same day. In order to obtain the sampling data of Qinghe
Reservoir, this study randomly selected 25 sampling points
in Qinghe Reservoir. The sampling time is from 9:00 to 12:00
on June 23, 2015. The weather is fine. The reservoir is used
for actual sampling. The sampling depth is 50 cm below the
water surface. The collected water samples are labeled with
brown bottles and the longitude and latitude of the sampling
points are recorded.

OLI data of Landsat satellite have nine bands. When
performing multi-spectral remote sensing inversion of
suspended solids concentration in Qinghe, it is especially

Table 1
Atmospheric correction input parameters

important to select the appropriate band to construct the
model suitable for Qinghe Reservoir. This paper uses the true
value of the single-band surface reflectance of pre-processed
OLI data and chlorophyll a and suspended solids concen-
tration values at the sampling point of Qinghe Reservoir to
make correlation analysis.

The Landsat-8 satellite is a joint launch by the National
Aeronautics and Space Administration and the US Geological
Survey, which provides reliable data for resources, water, for-
ests, the environment, and urban planning. ENVI software
is used for pre-processing of OLI data by radiometric cali-
bration, atmospheric correction, geometric cutting, etc. The
main input parameters of atmospheric correction are shown
in Table 1:

2.3. Acquisition and pretreatment of sampling point data in
Qinghe Reservoir

2.3.1. Acquisition and pretreatment of sampling point data of
chlorophyll a in Qinghe Reservoir

2.3.1.1. Extraction method

The collected water sample is filtered by a suction fil-
ter [14]. After the suction filtration is completed, the filter
membrane is removed and cut into a graduated centrifuge
tube, and frozen for 4-8 h. After the freezing, 90% acetone
is added to the centrifuge tube and centrifuged. Then the
supernatant is added to the cuvette, and the chlorophyll
a concentration is obtained by reading with a fluorescent
chlorophyll meter.

2.3.1.2. Correlation between water reflectance and chlorophyll a

The analysis found that the bands sensitive to the con-
centration of suspended solids are blue band (B,), green band
(B,) and red band (B,).The near-infrared band (B,) is sensitive
to chlorophyll a difference, but the single-band correlation is
not high. By performing the above four bands combination
[15]; the band combination with higher correlation is listed
and described in Table 2:

2.3.1.3. Establishment of ratio linear regression model of
chlorophyll a

In this paper, there are 25 sampling points, and the band
combination of 17 sampling points is randomly selected

Input parameter Parameter value

Input parameter

Parameter value

Latitude/(°) 43.180997
Accuracy/(°) 123.85833
Aerosol inversion 2-Band (K-T)
Water vapor inversion Nothing
Minimum memory/MB 100

Pixel size/m 30

Aerosol Model Suburban model

Transit date

Transit DMT
Atmospheric model
Visibility/km
Ground elevation/km
Sensor height/km
Sensor type

June 23, 2015

27:19.4

Mid latitude summer
40

0.187

705

Landsat-8 OLI
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Table 2
Correlation analysis of band combination and chlorophyll a
concentration

Band combination S, S, S, S, S, S,
Correlation 0527 0595 0.636 0.699 0.705 0.729
coefficient
Note: S, =B, - B, S,=B,/B;S,=B,/B,; S, =BJ(B, +B,); S, =B, -B,;

S,= BB,

for multi-spectral remote sensing inversion of chlorophyll
a concentration. The regression analysis is performed by
three trends of exponential, linear and polynomial, and the
remaining eight are used as verification points. The analy-
sis results are shown in Table 3. It can be seen that the cor-
relation coefficient of the one-dimensional linear model

= -100.9x + 117.53 is 0.725, and the value is the highest,
indicating that the multi-spectral remote sensing inversion
is the best.

2.3.2. Acquisition and pretreatment of sampling data of
suspended solids in Qinghe Reservoir

2.3.2.1. Extraction method

The water sample is filtered by a filter with a pore size of
0.45 pm and a vacuum pump. After the filtration is stopped,
the filter containing the suspended matter is taken out and
placed in a constant weighing bottle and transferred to an
oven for drying at 103°C to 105°C for 1 h. It is then trans-
ferred to a desiccator, allowed to cool to room temperature,
then weighed, repeatedly dried, cooled and weighed until
the weight is less than 0.4 mg for twice, and the suspended
solids concentration is calculated.

2.3.2.2. Correlation analysis between water reflectance and
suspended solids

The analysis found that the bands sensitive to the
concentration of suspended solids have blue band (B,),
near-infrared band (B,) and green band (B,), and their deci-
sion coefficient R? are 0.51, 0.505 and 0.399, respectively.
The regression analysis of B, B, and B, as independent
variables and the single-band regression model did not
have accuracy high enough to meet the estimation require-
ments of the concentration of suspended solids in Qinghe
Reservoir.

Table 3
Retrieval model of chlorophyll a concentration in Qinghe
Reservoir

Parameter Inversion model Correlation
coefficient
y =419.61x* — 847.88x + 449.06 0.716
X = BS/B4 =-100.9x%> - 117.53 0.725
y=-90.11 Inx + 17.112 0.719

2.3.2.3. Establishment of ratio linear regression model of
suspended solids

Since the linear regression model with single-band as the
independent variable has low precision, in order to improve
the estimation accuracy of suspended solids concentration,
by combining the above three bands, the band combination
with higher concentration of suspended solids is selected as
the independent variable to establish the suitable model for
estimating the concentration of suspended solids in Qinghe
reservoir. Through the combination of S, = Band(a)/Band(b),
the band ratio obtained as a result of B,/B, has the largest
correlation in the ratio combination. The model established
by using it as an independent variable has a decision coeffi-
cient of only 0.331. Through the combination of S, = Band(a)/
Band(b), the band combination with the result of B, + B, is
the most relevant to the suspended solids. The model estab-
lished by using it as an independent variable has a decision
coefficient of only 0.686. Through the combination of
S, =Band(a) + Band(b) + Band(c), the model with B, + B, + B,
combination as the independent variable can be obtained a
decision coefficient of 0.646. The model established by three
forms is shown in Fig. 1. It is generally considered that the
decision coefficient can be used to evaluate the quality of the
model. The model with 0.5 < R? < 0.65 is a poor model; the
model with an R? between 0.66 and 0.81 is an accurate model.
It can be seen from Fig. 1 that the largest decision coefficient
is 0.686 in the linear regression model established with B,,
B, and B, as independent variables, and the standard of the
model is the general model.

2.4. Establishment of least squares support vector machine model

Since the linear regression model does not accurately
predict the concentration of chlorophyll a and suspended
matter in Qinghe Reservoir, in order to more accurately
predict the concentration of chlorophyll a and suspended
matter in the Qinghe Reservoir, a nonlinear least squares sup-
port vector machine model (LS-SVM) is selected, which has
great predictive advantages in small sample, nonlinear and
high-dimensional pattern recognition [16]. The least squares
support vector machine (LS-SVM) is to add an error squared
term to the standard support vector machine’s objective func-
tion. It is a modified version of the standard support vector
machine regression process and has a faster solution than
the standard SVM, as well as with less computing resources
required. The basic principle of it is to map the input vector
from the original space to the high-dimensional space through
nonlinear mapping and perform linear regression fitting in
high-dimensional space [17]. The least squares support vector
machine algorithm for function estimation is as follows:

Let the training sample be D = {(x,, y,)lk =1, 2, ..., N},
x, € R", y, € R. x, is the input data and y, is the output data.
The function estimation problem in w space can be described
to solve the following issue:

min]((oe)—lu)Toﬁ1 i 2 1
) 2Y € 1)

wbe =

where: error variable ¢, € R; b is the amount of deviation; v is
the regularization parameter.
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Fig. 1. Regression analysis of total suspended solids concentration and actual value. (a) B,/B, Combination degree model, (b) B, + B,
combination degree model and (c) B, + B, + B, combination degree model.

The constraint of the above equationisy, = w'@(x,) +b=¢,
k=1, .., N, where w is the weight vector, and ¢ is the
parameter of the kernel space mapping function.

The Lagrangian function is defined as L(w,b,e,a)z

J(,e)- iak {mTqa(xk )+b+e, - yk} , where the Lagrangian
k=1

multiplier is a, € R.
The above equation is optimized, and according to the
KTT condition, there is:

%—O—N)—ia (x)
20 k=1 PLX
N
%:Oa a, =0
o= @
%—Oaa =ve
de, R
oL
8—%=0—>mT<p(xk)+b+ek—yk:0

For k=1, ..., N, eliminating w and e can get the following
equation:

¢ el

where: 1=1[1, .., 11, Y=1[y, .., y, )" a=[a, .., a]" Misa
square matrix whose elements in the i-th row and j-column
are Ml.]. =@ (x)" @(x)=M(x, x].), and M(x,y) is the kernel func-
tion. To find a and b by the least squares method, and the
predicted output is:

©)

Y(x)=kZ[Z;ak(p(x)T(p(xk)+b=ZakM(x,xk)+b 4)

In this paper, all 25 groups of data are processed by
MATLAB [18]; and predict is selected as the kernel function
of LS-SVM. Among them, 17 groups are used as modeling
data, and the remaining 8 groups are used as verification
data.

3. Results

3.1. Test results of multi-spectral remote sensing inversion of
chlorophyll a in Qinghe Reservoir by using two models

In this paper, 25 sets of experimental data are processed,
and 17 sets of data are used to establish two different predic-
tion models of ratio linear regression model and a nonlinear
least squares support vector machine model (LS-SVM). The
band ratios of the remaining eight sets of data are, respectively,
placed in a multi-spectral remote sensing inversion model to
calculate the predicted value of chlorophyll a concentration.
And the correlation between the predicted value and the actual
value is analyzed. The results are described in Fig. 2, and the
relative error results are calculated as shown in Table 4:

It can be seen from Fig. 2 that the correlation of the pre-
dicted concentration value and the measured value of Chl-a
by using the LS-SVM model is R? = 0.966, and the predicted
value of the ratio linear model is R? = 0.6353. Calculating

RMSE = %Z(yl -Y, )2 can obtain RMSE = 2.67 for the
i=1

LS-SVM model and RMSE =4.83 for the ratio linear regression

model.

In this paper, the Landsat-8 satellite and the four bands
with high water sensitivity are selected for the inland clean
water of Qinghe Reservoir, and the combination S, = B./B,
with best correlation is used as the independent variable.
The multi-spectral remote sensing inversion of the concen-
tration of chlorophyll a in Qinghe Reservoir is carried out
by using ratio linear regression model and LS-SVM model,
respectively. The results are described in Fig. 2 and Table 4.
It can be seen from Fig. 2 and Table 4 that the ratio linear
model has the highest correlation. The prediction results of
two multi-spectral remote sensing inversion models show
that the maximum error of the LS-SVM model is 13.3%, and
the error of multi-spectral remote sensing inversion is less
than 10%; while the maximum error of the ratio linear model
is 29.3%. There are four points of which the spectral remote
sensing inversion error is below 10%. And the correlation
between the predicted value and the measured value of the
LS-SVM model is R? = 0.966, the root mean square error is
RMSE = 2.67, while those of the ratio linear regression model
is R? = 0.6353 and RMSE = 4.83. The correlation between
the predicted value and the measured value of the LS-SVM
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Fig. 2. Correlation analysis between chlorophyll a concentration and actual value. (a) Prediction results of Chl-a concentration in ratio
linear model and (b) prediction results of Chl-a concentration in LS-SVM model.

Table 4

Relative error between measured and predicted values of chlorophyll a concentration in samples

CHl-a measured concentration/(ug L)

Ratio linear regression model

LS-SVM model

Forecast/(ug L™)

Relative error/(%) Forecast/(ug L™) Relative error/(%)

16.4 21.2 29.3 18.1 10.4
19.6 21.9 11.7 20.4 4.08
28.5 20.3 28.8 247 13.3
27.1 30.8 13.7 259 4.42
26.5 32.1 21.1 26.6 0.38
36.7 33.8 7.90 33.9 7.63
36.8 35.2 4.35 35.0 4.89
40.4 34.5 14.6 35.3 12.6
model is larger than that of the ratio linear regression model, m=0~15 g/l
and the root mean square error is smaller than the ratio lin- = 15~30 pg/L
mm30~45 pg/L

ear regression model. Therefore, the prediction effect of the
LS-SVM model is better.

Based on this, the LS-SVM model is used to perform
multi-spectral remote sensing inversion of the concentration
of chlorophyll a in Qinghe Reservoir on June 23, 2015. The
concentration distribution is shown in Fig. 3.

It can be clearly seen from Fig. 3 that most of the con-
centration of chlorophyll a in the Qinghe Reservoir is
15-45 pg L, and the concentration of chlorophyll a between
45 and 75 pg L™ is mainly distributed at the edge of the res-
ervoir area. The growth conditions of algae in the edge part
of the reservoir area are better than those in the middle part
of the reservoir area, and the concentration of chlorophyll a
is higher. Because the multi-spectral remote sensing inver-
sion time is June 23, 2015, June is the relatively dry season
of Tieling, with less precipitation, which is the most vigor-
ous growth season of algae. Therefore, the concentration of
chlorophyll a in the multi-spectral remote sensing inversion
of Qinghe Reservoir is relatively high.

3.2. Test results of multi-spectral remote sensing inversion of
suspended matter in Qinghe Reservoir by two models

In this paper, all single-band and concentration of sus-
pended solids of Landsat-8 is carried out the correlation
analysis, and the bands with high correlation obtained areas

m45~50 pg/L
mm60~-75 png/L

Fig. 3. Distribution of chlorophyll a concentration in Qinghe
Reservoir in June 23, 2015.

B, B, B.. The single-band model is established to predict
the concentration of suspended solids in Qinghe Reservoir.
The decision coefficient is R =0.51, R>=0.399 and R? = 0.505,
respectively, as shown in Fig. 4:

In Fig. 4, the average relative error of the single-band
model for predicting the concentration of suspended solids
in Qinghe Reservoir is 5.29%, 6.52% and 4.86%, respectively.
Therefore, the model established by using the single-band as
an independent variable has a lower decision coefficient and
alarger relative error, and which is not suitable for the predic-
tion of concentration of suspended solids in Qinghe Reservoir.
In this paper, the ratio linear regression model and the non-
linear LS-SVM model are used to establish the multi-spectral
remote sensing inversion of the concentration of suspended
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Fig. 4. Regression analysis of predicted and measured values of
total suspended solids in LS-S5VM model.

solids in Qinghe Reservoir with the band combination of B,,
B,, B, band as the independent variable. In the ratio linear
regression model, model C,, = 0.06B, + 0.087B, + 26.77 with
B, B, as the independent variable has the largest decision
coefficient, R* = 0.686, and the average relative error is 3.25%,
because of C = 0.1B,-0.081B, + 0.025B, + 15.948 with B,, B,,
B, as the independent variable and C ,, =-51.137B,/B, + 85.94
with B,/B, as the independent variable. Taking B,, B,, B, as
the independent variable and the measured concentration of
suspended solid as the dependent variable, the established
LS-SVM model can determine the decision coefficient of sus-
pended solids in Qinghe Reservoir by R*=0.88, P < 0.05, and
the average relative error is 3.16%. Therefore, the prediction
effect of LS-SVM model is much better than that of the ratio
linear regression model.

Based on this, the LS-SVM model is used to perform
multi-spectral remote sensing inversion of the concentration
of suspended solids in Qinghe Reservoir on June 23, 2015.
The concentration distribution is described in Fig. 5:

Under normal conditions, the concentration of sus-
pended solids within 25 mg L™ in water is not harmful to
freshwater fish, and fish can be allowed to grow within

. 16.6-21.9 mg/L
N 21.9-27.1 mg/L
[27.1-32.4 mg/L
[1324-37.6 mg/L
I 37.6-42.9 mg/l

Fig. 5. Distribution of total suspended solids concentration in
Qinghe Reservoir in June 23, 2015.

25-80 mg L. As shown in Fig. 5, the concentration of sus-
pended solids in Qinghe Reservoir is in the range of 80 mg L,
and the area with the concentration of suspended solids in
27.1-37.6 mg L accounts for most of the Qinghe Reservoir
area [19]. The areas where algae and fish activities are rela-
tively strong are mainly distributed in the central part of the
reservoir area. Since the multi-spectral remote sensing inver-
sion time is June 23, 2015, June is a relatively dry season in
Tieling, precipitation is less, algae growth and fish activities
are more vigorous [20]. Therefore, the multi-spectral remote
sensing inversion of the concentration of suspended solids in
Qinghe Reservoir is relatively higher.

4. Discussion

Multi-spectral remote sensing can not only discriminate
the ground object according to the difference of the shape
and structure of the image but also discriminate the ground
object according to the difference of the spectral character-
istics and expand the information amount of remote sens-
ing. Multi-spectral photography for aerial photography and
multi-spectral scanning for terrestrial satellites can obtain
remote sensing data of different spectral segments [21-24].
The images or data of the spectral segments can be processed
by photographic color synthesis or computer image pro-
cessing, obtaining more abundant images than conventional
methods. It also provides the possibility for computer rec-
ognition and classification of feature images. In this paper,
the results of monitoring the water quality by multi-spectral
remote sensing technology show that compared with the
linear regression model, the LS-SVM model increases the
predicted and actual values of the decision coefficient R? of
chlorophyll a from 0.635 to 0.966, and the root mean square
error decreases from 4.83 to 2.67; the predicted and actual
values of the decision coefficient R? of suspended solids
increased from 0.686 to 0.88, and the average relative error
decreased from 3.52% to 3.16%, indicating that the LS-SVM
model can improve the multi-spectral remote sensing inver-
sion accuracy of chlorophyll a and total concentration of
suspended solids.

5. Conclusion

Because the water quality parameters of remote sens-
ing inversion are affected by many factors, the simple linear
model is difficult to adapt to the complex water structure.
The prediction result of the nonlinear L5-SVM model is close
to the measured chlorophyll a and suspended solids concen-
tration in Qinghe Reservoir. The correlation, the root mean
square error, the determinable coefficient and the average
relative error of the model are optimized to different degrees
compared with those of the linear model. In this paper,
multi-spectral remote sensing technology is used to moni-
tor chlorophyll a and suspended solids in Qinghe Reservoir,
which provided reference for remote sensing inversion of
inland clean water.
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