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Abstract Turbidity (TB), an important factor that determines
water quality, can influence the water supply of reservoirs.
Using a submerged optical sensor, the TB of a body of water
can be observed. This study aims to use remote sensing (RS)
technology in order to examine TB variations of the water in
reservoirs. In general, previous studies have focused on eval-
uating the relationships among a number of single-spectrum
bands and in situ data. In this study, we included the Normal-
ized Difference Vegetation Index (NDVI) among the TBmon-
itoring methods for reservoirs and investigated its practical
utility. The ratio of NDVI is between −1 and 1. A negative
value indicates water or snow; a value of 0 indicates rock or
bare soil; and a positive value indicates a vegetative cover. We
consider the value of NDVI to be close to −1 in clean water
and close to 0 in turbid water. TB, which is the scattering
degree of incident light into water, is observed using a sub-
merged optical sensor. Water appears turbid if floating mate-
rial or suspended solids are found. Therefore, we use NDVI in
this study in an attempt to estimate TB concentration. Images
from the Landsat-7 ETM+ satellite were used to observe sev-
eral important reservoirs in northern Taiwan, and multiple
linear regression (MLR) was used for analysis. This study
examines the data of 47 samples and found the gaps between

the 3 days of the in situ date and the date the images were
taken.We found that the NDVI has a negative correlation with
TB. After including the NDVI in our model, its explaining
ability and improvement rate increased by 11.2 and 8.72 %,
respectively. Therefore, using the NDVI can provide addition-
al reflective information, as well as improve the model’s
accuracy.
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Introduction

Turbidity (Turb / TB) is defined as the scattering degree of
incident light into water. It is often used to determine water
quality as water appears turbid when floating materials or
suspended solids are present. A high TB level inhibits light
transmission, thus affecting aquatic plants’ photosynthesis
and fish’s ability to breathe; degermation for the purposes of
water purification is also upset. In most cases, TB is observed
using a submerged optical sensor (Garaba et al. 2014).

First developed in the 1960s, remote sensing technology
has become a useful and comprehensive method of observa-
tion that has been applied to modern physics, space technolo-
gy, electronic technology, computing technology, information
science, and environmental science (Chang et al. 2012; Liou
et al. 2012; Liou et al. 2015). Remote sensing technology
provides the key for observing the earth and its environments
(Liou et al. 2013). Because of its advantage of being able to
evaluate environmental changes over large areas, remotely
sensed images have been widely applied to obtain a variety
of information about the earth’s surface, ranging from data for
military applications to environmental change in the
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vegetation cover, water pollution, and polar ice fluctuations
(Liou et al. 2012).

In the light scattering phenomenon, light is degraded, and
thus Remote Sensing (RS) technology can be applied to mea-
sure the concentration change of TB, an indicator of water
quality. Typically, the unit used to report the measure of TB
is the Nephelometric Turbidity Unit (NTU). RS technology is
characterized by a large observation range and real-time func-
tioning that returns quick and comprehensive monitoring re-
sults in order to increase the reliability of current the scientific
monitoring of local water quality (Changliang 2013).
Dogliotti et al. (2015) have indicated that ocean color remote
sensing can be useful for mapping TB and the concentration
of suspended particulate matter (SPM) in coastal waters.
Koponen et al. (2001) and Wu et al. (2007) effectively used
Landsat TM satellite images to perform statistical regression
analysis using multiple single-bands to monitor the TB chang-
es in Finnish Lake and Poyang Lake, respectively. Zhang et al.
(2003) and He et al. (2008) also used Landsat TM satellite
images to monitor the TB changes in Finland Gulf and
Guanting Reservoir, respectively, and in addition to using
multiple single-bands, these studies also used simple multi-
band combination types as factors. Statistical regression was
applied to create a prediction model in the above studies,
wherein the coefficient of determination (R2 or R squared), a
number that reflects how well data fit a statistical model, was
0.709 and 0.878, respectively. These results demonstrate that
model prediction accuracy increases with the inclusion of
multi-band combination types. Furthermore, Zhang et al.
(2003) used the Artificial Neural Network (ANN) for
analysis and found improved accuracy of the prediction
model, with the explanatory power of R2 reaching 0.942.
Dhillon and Mishra (2013) found that Landsat 7 ETM+ can
be effectively used to estimate the Trophic State Index for
Sukhna Lake. Garaba et al. (2014) relied on time series mea-
surements at the Wadden Sea time series station Spiekeroog
(WSS) in the southern part of the North Sea to empirically
develop approaches for evaluating turbidity using ocean color
remote sensing products (OCPs). The empirical approaches
that they developed had good least squares linear correlations
and statistical significance (R2 > 0.7, p < 0.001). These OCP
approaches enjoyed relatively low uncertainties when
predicting turbidity with an encouraging mean absolute per-
cent difference of less than 31 %.

Meanwhile, the single-band trial and error combination
generates combined band type factors that significantly corre-
late to TB, thus increasing the accuracy of the prediction mod-
el; however, the feasibility of the combined type generated
may not be common. Therefore, our aim is to integrate an
index variable to interpret vegetation, which is the Normalized
Difference Vegetation Index (NDVI), into the research to de-
termine whether it can evaluate and improve the accuracy of
TB concentration estimates.

Methodology

Normalized Difference Vegetation Index (NDVI)

In general, image classification is a part of the research that
involves interpretation of the Normalized Difference Vegeta-
tion Index (NDVI). Equation 1 shows that the ratio of Near
Infrared Red (NIR) to Red is between −1 and 1. A negative
value indicates water or snow; a value of 0 indicates rock or
raw soil; and a positive value indicates a vegetative cover.
Compared to other vegetation indexes, this index value range
is considerably stable. Regarding multi-period Landsat-7
ETM+ satellite images, in addition to using NIR and Red,
water messages that can be interpreted via NDVI are also
included as factors to determine its potential for monitoring
TB changes in reservoirs. The aim is to increase the prediction
model’s accuracy and establish common RS technology fac-
tors.

NDVI ¼ NIR‐Red

NIRþ Red
ð1Þ

Where, NIR represents the short wave near the infrared red
band, and Red represents the red band.

Image Preprocessing

The satellite imagesmay have inaccuracies related to radiation
measurements due to atmospheric scattering and sunlight in-
cident angle and geometry due to distortion or deformation
due to vehicle forms, orbital parameters of aviation, or surface
curvature. Therefore, the data obtained from sensors may not
correctly match clutter reflections. Furthermore, the ground’s
sample position may not precisely match the image’s location
coordinates on the map, which is known as the so-called “im-
age distortion” problem (Liou et al. 2015). Therefore, the im-
ages obtained have been corrected prior to application to be
classified. This process is referred to as “image correction” or
“image processing” and includes geometric correction and
radiometric correction (Wang 2010).

Multiple Linear Regressions (MLR)

Regression analysis (RA) is commonly used to comprehend
the quantitative relationship between an independent variable
and dependent variables. This statistical method is applied to
determine the mutual correlation between two or more vari-
ables. That is, predictor x is used to explain or predict criterion
y, the result of which is expressed in the relational function y =
f(x) by means of the least error square sum principle. New
information with value x can be inserted into the relational
function to predict the consequent y value. Multiple linear
regression (MLR) analysis is often applied in order to express

830 J Indian Soc Remote Sens (October 2016) 44(5):829–836



dependent variable change. When working with regression
analysis that has two or more variables, a regression surface
is shown. MLR is represented with the following equation:

Y
∧ ¼ a0 þ a1x1 þ a2x2 þ ε ð2Þ

Where Y ∧ is a dependent variable; a0 is the intercept; a1
and a2 are independent variable coefficients; x1 and x2 are
independent variables; and ε is the error. Therefore, Band-
NIR, Band-Red of Landsat-7 ETM+ satellite images and the
NDVI index are all used for analysis. Furthermore, the 47 data
samples were divided into 38 training samples and 9 test sam-
ples, as shown in Table 1. MLR analysis is applied to develop
a TB prediction model in order to study the influence on the
model before and after including NDVI.

Case Study

Study Area

With regard to the studied areas, this study investigated north-
ern Taiwan’s primary reservoirs, which are Feitsui Reservoir,
Shihman Reservoir, Baoshan Reservoir, Yeonghershan Reser-
voir, and Mindah Reservoir, as shown in Fig. 1, among which
Baoshan Reservoir and Yeonghershan Reservoir are consid-
ered off-channel reservoirs, which are water supply lakes built
next to or close by a river, while the other reservoirs are con-
sidered on-channel reservoirs, which means that the dam site
is actually located on the river.

In Situ Data

The in situ data of each of the reservoirs have been obtained
through fixed samples located at WGS84 on the earth using

Global Positioning System (GPS). However, the in situ sam-
pling periods for each reservoir differs. While the Reservoir
Authority uses monthly periods, the Environmental Protection
Administration (EPA) uses quarterly periods. In order to com-
ply with satellite image dates, this research uses both monthly
and quarterly sampling data to search the available satellite
image data for different periods. Since the in situ historical
data of observation cannot be easily matched to the satellite
images of the same date, we chose to use satellite images
(without clouds or rain) for the 3 days of gaps between the
in situ data and the recording data. Therefore, this study con-
sists of the search of 47 samples’ data

Image Data

This research features Landsat-7 ETM+ satellite images ob-
tained from the Earth Resources Observation and Science
(EROS) Center and taken by the Agricultural Engineering
Research Center (AERC). An instrument carried onboard
the Landsat-7 satellite malfunctioned, so all of the images
received by the ETM+ Sensor were affected by the Scan Line
Corrector being in the off (SLC-off) mode (USGS 2007),
which generates noise, since 2003. Regarding imagery correc-
tion, only radiometric correction has been performed on the
captured images. With regard to geometric correction, both
coordinate conversion and image resampling have been per-
formed in this research. To recover the Digital Number (DN)
values of the image data for the corresponding water quality
samples, the mean DN value of 3 × 3 Pixels on images is used
to describe the corresponding ground points. Landsat-7
ETM+ has a total of seven spectrum bands that range from
0.45 to 2.35 μm to provide surface messages using visible
light, NIR light, shore wave IR light, and thermal IR light,
as shown in Table 2. The temporal resolution, also known as

Table 1 Satellite images and in
situ samples (a total of 47
samples)

Types Image Date Sampling Date Gaps of Days Samples Reservoirs

Training Set 1999/08/08 1999/08/09 1 5 Feitsui

1999/08/10 2 4 Baoshan

3 Yeonghershan

Mindah

2003/11/07 2003/11/10 3 6 Feitsui

4 Baoshan

2004/02/11 2004/02/09 2 7 Feitsui

8 Shihman

1 Baoshan

Total 38

Testing Set 2004/11/09 2004/11/08 1 7 Feitsui

2004/11/11 3 2 Yeonghershan

Total 9
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the revisiting rate, is 16 days. Consequently, only two bands,
Red and NIR, are used as investigative factors in this study in
order to evaluate the possibility of using NDVI as a method
for monitoring the TB change in reservoirs.

The spatial distribution of TB on images that cover the
entire body of water in the reservoirs is drawn for comparison,
as seen in the scatter plot in Fig. 2. However, as in the radia-
tion image, the satellite images were distorted or deformed by
geometric errors due to atmospheric scattering, sun angle dif-
ference, vehicle forms, surface curvature of the flight trajecto-
ry parameters, and other factors. Therefore, we performed
both radiometric correction and geometric correction during
image preprocessing to obtain accurate data and information.

Results

Data Pre-Processing

Regarding in-situ sampling time, this research included
images within 3 days before and after the satellite

photography was taken. We used a total of six multi-
period Landsat-7 ETM+ images, which is equivalent to
47 samples, as shown in Table 1. The two most recent
images, which were taken in 2004, are used as test exam-
ples and consist of a total of nine samples, while the other
images, which consist of a total of 38 samples, are used as
training examples. The range of data was determined by
matching, retrieving, and performing statistical analysis of

Fig. 1 Reservoir sites in northern Taiwan

Table 2 Landsat-7
ETM+ image bands Band Spectral

Resolution
(μm)

Spatial
Resolution
(m)

B1 (Blue) 0.45 ~ 0.52 30
B2 Green) 0.52 ~ 0.61

B3 (Red) 0.63 ~ 0.69

B4 (NIR) 0.75 ~ 0.90

B5 (SWIR) 1.55 ~ 1.75

B6 (TIR) 10.4 ~ 12.5 60

B7 (SWIR) 2.09 ~ 2.35 30
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the data obtained, as Table 3 demonstrates. Moreover, the
results of the correlation analysis reveal an improved cor-
relation between TB and Red, as well as a correlation
between TB and NDVI (Table 4), for which the correla-
tion coefficients (CCs) are 0.61 and −0.439, respectively.
The NDVI is found to correlate negatively with TB, thus
suggesting a large change in TB concentration as NDVI
approaches 0.

Prediction Model

In this research, we use MLR analysis to develop a TB
prediction model between images and in specific areas, as
shown in Equations 5 and 6. Including NDVI was found
to be able to increase the model’s R2 to 0.667 and its
explanatory power by 11.2 %, while reducing the RMSE
of both the training examples and test examples to 47.125
(NTU) and 22.151 (NTU), respectively. Furthermore, the
improvement rate was increased to 8.72 %, as shown in
Table 5. Figure 3 shows that the model can predict unrea-
sonable phenomena with negative TB because the TB
concentration ranges from 1.23 to 499.36 NTU, which is
a large change that would generally be prone to the infe-
rior evaluation ability of the model for low TB concentra-
tions. However, integrating NDVI can decrease errors in
the test examples in order to improve the accuracy of the

prediction model, as shown in Fig. 4b, so that it can be
applied as an index criterion for monitoring TB changes
in reservoirs.

Sensitivity Analysis

Sensitivity analysis is a method that alters variables in a
model within a specific range to study subsequent chang-
es in the model. In this study, one specific variable is
changed while other variables are substituted by mean
values for the model in the research. By doing so, the
change situation of the aforementioned specific variable
in the model can be used to comprehend the sensitivity of
various variables in the model. As shown in the sensitivity
analysis diagram in Fig. 3, prior to integrating NDVI, the
TB concentration change range of Band-Red is greater
than that of Band-NIR, thus suggesting that Band-Red is
more sensitive in such a prediction model; following
NDVI’s integration, the TB concentration change range
of Band-Red is still rather large, even though NDVI is
playing a secondary role, as shown in Fig. 3b, thus indi-
cating that NDVI is a sensitive factor in that prediction
model as well.

Discussion and Conclusions

TB is a parameter of water quality. In previous studies,
satellite bands are generally made to be variables in the
model and are directly applied to determine TBTable 3 Statistical table of image bands and in situ TB’s data

Statistics Red (μm) NIR (μm) NDVI TB (NTU)

MAX 62 35 −0.05 499.36

MIN 23 10 −0.46 1.23

AVG 34.7 21.44 −0.24 21.17

STD 8.6 6.2 0.1 75.21
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Fig. 2 Scatter plot of spatial
distribution for NDVI vs. TB,
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Table 4 Correlation
table of image bands and
in situ TB’s data

CC Red NIR NDVI

TB 0.61 0.049 −0.439
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concentration. However, we found that NDVI, whose ra-
tio type of Near Infrared Red (NIR) to Red falls between
−1 and 1, has a value closer to -1 in clean water and
closer to 0 in turbid water. Consequently, only Red and
NIR bands are used as investigative factors in this study
in order to evaluate the possibility of using NDVI as a
method for monitoring the TB change in reservoirs. In-
cluding NDVI was found to be able to increase the R2 of
the model to 0.667, increase the explanatory power of the
model by 11.2 %, and reduce the RMSE of both the train-
ing samples and the test samples to 47.125 (NTU) and
22.151 (NTU), respectively, as well as increasing the im-
provement rate to 8.72 %. Therefore, we can use the
NDVI index as a variable in the model to accurately esti-
mate TB concentration.

TB is an important parameter for monitoring the water
quality of reservoirs. Since northern Taiwan’s reservoirs are
sensitive to SS, their characteristics can be monitored over a
large range using water quality RS technology to better com-
prehend the spatial and temporal changes of TB. To create a
prediction model, multiple single-bands, as well as NDVI,
are used as investigative factors within this research. Re-
garding classification, the NDVI value is negative for water,
while water quality has a negative correlation with TB. Al-
though we only used Landsat-7 ETM+ satellite images here
for the analysis data, said relationship is also found in data

analysis through SPOT-4 satellite images in later investiga-
tions. This result demonstrates that NDVI values approach 0
as TB increases, which indicates that NDVI can provide
valuable information regarding TB changes, thus increasing
the accuracy of the prediction model. However, only MLR
analysis is used in this research to study the viability of
integrating NDVI inclusion.

We believe that NDVI can be used as a variable to
accurately estimate TB concentration, but MLR is a linear
approach, and thus not being able to carry out nonlinear
problems is among the methodological limitations of this
research. With regard to future research, artificial intelli-
gence (AI) tools, such as artificial neutral networks
(ANNs) and genetic algorithm operation trees (GAOTs),
can be used in this field. ANN is an information process-
ing system whose architecture mimics the brain’s biolog-
ical system; it is a relatively new computational tool that
is especially useful when assessing systems with a con-
siderable amount of nonlinear variables. On the other
hand, GAOT, which consists of genetic algorithms (GA)
and operation trees (OT), finds the best function and can
explore complex relationships between inputs and outputs
in the case that a physical model cannot be created in
advance. Furthermore, AI tools may be included to not
only enhance the monitoring ability of water quality by
RS, but also assess the option of using NDVI to more
completely monitor TB changes in reservoirs. Therefore,
this model (with the NDVI variable) can be used to mon-
itor a wide range of turbidity changes in a reservoir with
RS. When TB concentration reveals abnormal changes in
a reservoir, prevention efforts can be made in advance of
a climate change. Furthermore, in the future, the model
can be applied to determine TB changes in new satellite
images and confirm our model’s accuracy with regard to
monitoring TB concentrations in reservoirs.
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Table 5 Analysis of TB’s prediction model

Statistics TB TB (+NDVI)

Training CC 0.775 0.817

Training R2 0.6 0.667

Training RMSE (NTU) 51.63 47.125

Testing RMSE (NTU) 27.941 22.151
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