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Abstract: Global warming and economic development have intensified the evaporation and
exploitation of river waters, resulting in reduced global river runoff. In minimum ecological
flux management, objective determination of the minimum ecological flux and evaluation of whether
a river complies with standards are urgently required. Satellite remote sensing allows for rapid,
large-scale, and dynamic monitoring. Herein, the Tangmazhai cross-section of the Taizi River was
analyzed using the Chinese Gaofen (GF) series satellite that comprises panchromatic multi-spectral
sensors and the Sentinel-2 multi-spectral images to automatically extract the water surface width.
We applied the Normalized Difference Water Index (NDWI)-Iterative Self-Organizing Data Analysis
Technique Algorithm (ISODATA) to 225 cloudless scenes from January 2015 to November 2019.
We proposed a method to evaluate the minimum ecological flux using water surface width. The river
surface width at this location increased from January 2015 to November 2019, and all widths exceeded
the minimum river surface water width for the month. The degree of the minimum ecological flux
guarantee was determined to be satisfactory. Because there are less clouds and rain in the North
China than South China, our results may be used for evaluating the degree of minimum ecological
flux guarantee of many river sections in the north China through monthly monitoring.

Keywords: minimum river surface width; river surface width; GF; Sentinel-2; minimum ecological flux

1. Introduction

With the continuous development of society and economy, humans continue to exploit rivers in
addition to constructing many water conservancy projects, deteriorating the ecological environment
of rivers [1]. China has proposed the “Water Pollution Prevention Action Plan” to ensure minimum
ecological flux and restore river ecology. Minimum ecological flux refers to a hydrological regime
aiming to maintain the balance between social economic and environmental demands from water
resources [2]. The objective determination of the minimum ecological flux and evaluation of whether a
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river currently complies with standards must be urgently addressed. In general, the common practice
is to determine the minimum ecological flux through different methods. At present, more than 200
such determination methods have been developed, which can be divided into hydrological, hydraulic,
biological habitat [3], and eco-hydraulics [4] methods. Among these, the Tennant hydrological
method is a generally accepted method for calculating the minimum ecological flux nationally and
internationally owing to its rapid calculations and convenient application, as field investigation and
measurement are not required [5]. Traditional methods require multi-period ground measurement
data to calculate the minimum ecological flux of a certain cross-section at a certain time. After the
minimum ecological flux has been determined, then compared to the calculated ecological flux of
a section, if the calculated ecological flux is greater, then the ecological flux is considered sufficient;
otherwise, it is considered insufficient. The main problem with using traditional methods to evaluate
the degree of the minimum ecological flux guarantee is the limited data from hydrological stations
and the difficulty in obtaining ground observation data. Remote sensing technology can provide
large-scale, low-cost, and long-term monitoring of the minimum ecological flux, which can overcome
the problems associated with traditional data collection, but other challenges must be considered also.
If a river cross-section is rectangular, there is no one-to-one correspondence between the river water
surface width and water level, as well as between the water level and discharge flow [6]. However,
whether natural or man-made channels, most river cross-sections are non-rectangular; such sections
are primarily trapezoids and arcs. Therefore, in such cases, one-to-one correlations exist between
the water surface width and the water level of the river, as well as between the water level and the
discharge flow of the river. The minimum river surface width corresponds to the minimum ecological
water level, and the minimum ecological water level corresponds to the minimum ecological flux.
The minimum river surface width is regarded as an index for evaluating the minimum ecological flux.
Therefore, by comparing the river surface width to the minimum river surface width, the compliance
of a river to minimum ecological flux standards and the ecological health status of the river can be
assessed. Many scholars have calculated river surface widths based on remote sensing data at different
spatial resolutions, and some of them have extracted the water surface width of large rivers from
low-resolution remote sensing images.

Water surface width can be extracted from MODIS [7,8], medium-resolution (Landsat) satellite
data [9], JERS-1 [10], and other optical remote sensing images. Meanwhile, based on ERS-1 [11],
RADARSAT [12], SMMR [13], and AMSR-E [14], microwave remote sensing images have been used to
extract river surface width. The aforementioned optical and microwave remote sensing images do not
have a high resolution, and microwave remote sensing images are further limited by unique geometric
distortions and speckle noise, leading to large errors in river width measurements. Furthermore,
microwave remote sensing is unable to carry out conventional monitoring of small- and medium-sized
rivers. With the launch of high-resolution optical satellites, monitoring of small- and medium-sized
rivers has become possible. Relatively few studies have used high-resolution remote sensing images to
automatically monitor river surface width. River surface width has been extracted using Sentinel-2 [15]
and worldview-1 [16] satellite data, but the degree of automation is not high.

The present study analyzed the cross-section of the state-controlled Tangmazhai Station, Taizi River
as the research object based on the high-resolution Sentinel-2 (resolution 10 m) and the Chinese Gaofen
(GF) series satellites that comprises panchromatic multispectral sensors (PMS, resolution from 0.8 to
2 m). The remote sensing images were used to realize an automatic method for extracting river surface
width, and the width of the river surface at the cross-section of Tangmazhai Station from January 2015
to December 2019 was monitored. This method will be of great significance for assessing river surface
width both in the observation area and globally. At the same time, we evaluated the relationship
between river surface width extracted by remote sensing automation and the minimum river surface
width to evaluate the satisfaction degree in the minimum ecological flux of the river.
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2. Materials and Methods

2.1. Overview of Study Area

The Taizi River is in Liaoning Province, China. The main stream was 413 km long and runs
east–west, flowing through important hydrological stations, such as Xiaoshi Station, Benxi Station,
Liaoyang Station, Xiaolinzi Station, and Tangmazhai Station, and finally into Liaodong Bay of the Bohai
Sea along the Daliao River (Figure 1). The cross-section of the river at Tangmazhai Hydrological Station
is the research area of our study, which is between 122◦32′24” and 122◦51′36”E, and 41◦2′24” and
41◦22′12”N, and belongs to the plain river area [17]. According to the shape of the riverbed, the river
can be divided into four categories: Wandering, branching, curved, and straight [18]. Among them,
straight rivers are the simplest and are easy to study. The reach at the section at Tangmazhai Station on
Taizi River was selected as a straight river.
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Figure 1. Map of Taizi River Basin [19].

2.2. Data Source

2.2.1. Measured Data

The measured data included both hydrological observation and field survey data. Hydrological
observation data included daily discharge and water level data for the Taizi River at Tangmazhai
hydrological station from January 1988 to December 2001 and from January 2006 to December 2018 for
27 years, the cross-sectional water level diagram, and measurements of the position of the cross-sectional
line of the river surface width [20] (Figure 2). According to hydrological observation data over the years,
May–September was a period of abundant water, while October–April was a period of water scarcity.
At the same time, on 18 November 2019, the research team visited the Tangmazhai cross-section of the
Taizi River to conduct on-site investigations to determine the location of measuring discharge flow
and water level. The center point of the section line was 122◦43′10.289”E, 41◦11′8.547”N, with a total
length of 1021 m.
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Figure 2. Satellite image and photograph of Tangmazhai cross-sectional line of Taizi River. (a) Original
GF2 image (RGB: 3, 2, 1) and (b) field photo.

2.2.2. Remote Sensing Images

We used both the GF series and Sentinel-2 satellite data from Tangmazhai Hydrological Station
from January 2015 to November 2019 (Table 1). During data screening, data with >20% cloud cover
were removed. GF series satellite data refer to remote sensing data from Chinese GF satellites equipped
with PMSs, including data from six satellites (GF1A, GF1B, GF1C, GF1D, GF2, and GF6). GF series
satellite data pre-processing involved fusion and geometric correction. Fusion refers to the merging
of panchromatic and multi-spectral images from the same satellite. The spatial resolution of GF2
data was increased from 4 to 0.8 m, and the spatial resolution of other GF data was increased from
8 to 2 m. Affected by the cloud cover, the number of GF images of each season was relatively small.
To increase the continuity of data, Sentinel-2 images (spatial resolution of 10 m) were downloaded
as supplementary data. We selected the blue, green, red, near-infrared (NIR), and two short-wave
infrared (SWIR) bands of the Sentinel-2 satellite multispectral imager (MSI) sensor. The Sentinel-2
data pre-processing mainly involved resampling the SWIR band with a spatial resolution of 20 m to a
resolution of 10 m. Finally, the total number of images obtained were 225 scenes, including 44 scenes
from the GF series and 181 scenes from Sentinel-2.

Table 1. Satellite data information.

Types Season
2015
Year

(Scene)

2016
Year

(Scene)

2017
Year

(Scene)

2018
Year

(Scene)

2019
Year

(Scene)
Band Band

Range/µm Resolution/m

GF series (1A,
6, 1B, 1C, 1D)

Spring / / 3 1 6 Blue 0.45–0.52 8
Summer / / / 2 1 Green 0.52–0.59 8
Autumn / 1 / 2 3 Red 0.63–0.69 8
Winter 1 1 3 4 5 NIR 0.77–0.89 8

Panchromatic 0.45–0.90 2

GF-2

Spring / 1 1 Blue 0.45–0.52 4
Summer 1 / / 1 Green 0.52–0.59 4
Autumn 2 2 / 1 1 Red 0.63–0.69 4
Winter / 1 NIR 0.77–0.89 4

Panchromatic 0.45–0.90 0.8

Sentinel-2

Spring / 6 6 18 21 Blue 0.44–0.538 10
Summer / 2 5 15 8 Green 0.537–0.582 10
Autumn 1 6 15 22 / Red 0.646–0.684 10
Winter 1 4 9 20 22 NIR 0.760–0.908 10

SWIR 1 1.539–1.682 20
SWIR 2 2.078–2.32 20
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2.3. Remote Sensing Extraction Method of River Water Surface Width

2.3.1. Definition of River Surface width

The width of the river surface refers to the width of the water surface, and it is necessary to avoid
the influence of non-water bodies, such as islands and sandbars. For wandering and branching rivers,
river surface width is calculated assuming that the section line is located on the surface of the river
with islands and sandbars in the cross-section as the sum of AP1 and P2B (Figure 3a). For straight and
curved rivers, assuming that the measured cross-sectional line passes through the known monitoring
cross-section at position P and is perpendicular to both banks, then AB is the width of the river surface
(Figure 3b), as in our research area at Tangmazhai Station. Generally, the cross-sectional line AB is
fixed for all hydrological stations with perennial observation data, but only needs to be digitized into
line vectors to facilitate subsequent remote sensing to extract the width of the water surface.
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branching rivers and (b) width of straight and curved rivers.

2.3.2. Automatic Extraction of River Surface Width

Identifying water pixels is a very important step in the automatic extraction of river water surface
width via remote sensing. To highlight water body information and suppress non-water body pixel
information, it is important to choose a suitable water body index. At present, the most widely used
and relatively mature water body indexes include the normalized difference water index (NDWI),
land surface water index LSWI [21], and modified normalized difference water index (MNDWI) [22].
Among them, the LSWI, (ρNIR − ρSWIR1)/(ρNIR + ρSWIR1), utilizes the reflectance of the SWIR band,
which is sensitive to soil and vegetation moisture, to obtain water body information. The MNDWI,
(GREEN-SWIR)/(GREEN+SWIR), is a logical operation between the green light and SWIR bands
to suppress vegetation information to the greatest extent possible and obtain valuable water body
information. However, China’s GF series remote sensing images do not have SWIR bands. Therefore,
according to the common band information of GF series satellite data and Sentinel-2 data, we chose
the NDWI to identify water body pixels. The NDWI is an algorithm based on the strong reflection of
water pixels in the green band and the strong absorption in NIR bands [23]:

NDWI =
(Green−NIR)
(Green + NIR)

(1)

where Green and NIR represent the green band and NIR band images, respectively, of Sentinel-2 and
GF series satellite data.

Once the water index is determined, it is also necessary to find a method to automatically determine
the threshold. At present, the main methods that can realize batch automatic segmentation of water
bodies are the Iterative Self-Organizing Data Analysis Technique Algorithm (ISODATA) method [24]
and Modified Histogram Bimodal Method (MHBM) [25]. In the MHBM, the valley between the
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two peaks usually has to be manually selected as the best threshold, but the manual method is less
efficient and has a certain contingency and randomness. However, the ISODATA algorithm only needs
appropriate initial parameters to be set without manual intervention, and automatically distinguishes
water bodies from other ground objects accurately. The principle of the algorithm is mainly based
on the K-means algorithm, adding the two operations of merging and splitting clustering results.
When the number of samples in a cluster is extremely small or when the two clusters are extremely
close, the clusters are merged. When the variance within a certain characteristic class of a sample
results in high clustering results, the class is split.

To ensure greater accuracy, based on the calculation of the NDWI water body index, the ISODATA
method was used to extract the river water surface width automatically; this is briefly described
as the NDWI-ISODATA method. The process for automatically extracting river surface width in
this study—Normalized Difference Water Index-Iterative Self-organizing Data Analysis Technique
Algorithm (NDWI–ISODATA)—is depicted in Figure 4. The pre-processed digital number (DN) value
image of Sentinel-2 and GF series satellite data was taken as the input and cropped into a small image
containing only the river. Simultaneously, the NDWI image was classified and segmented using
the ISODATA method, and the vector of the water body was automatically obtained. To improve
the accuracy of the calculated river surface width, the water body vector was smoothed, and the
intersection model of the water body vector and the cross-section line vector was constructed to obtain
the line vector of the river water surface width and perform statistical analyses; finally, the river surface
width of the cross-sectional lines was obtained.
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Figure 4. Process for automatic extraction of river surface width.

Using the Tangmazhai cross-section as an example, a scene of a GF2 image was selected and
cropped with an expansion range 2–3 times that of the target water body, and the calculated NDWI
image was considered as the input (Figure 5a). The ISODATA method was applied to the image,
which was divided into seven categories, and the resulting classification results are shown in Figure 5b.
Then, they were sorted in descending order according to the average value of the classification
results [26]. The average value of NDWI in water was significantly higher than the other features.
This can be derived from the NDWI statistical results of multiple scenes of different time-phase images.
In Figure 5c, the average value of the seventh type of water body is significantly larger than the
average value of other land types. Therefore, after sorting, according to the descending order of
means, the one with the largest mean can be automatically determined as a water body. Following
image segmentation, the segmentation area was determined as the target water body of the study area.
The NDWI–ISODATA method does not require manual determination of the threshold; provided that
the type of the largest average value is automatically defaulted to be a water body, the water body can
be automatically extracted.
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2.4. Minimum Ecological Flux Remote Sensing Supervision Method

After automatically extracting the river surface width using remote sensing, the correlation
between the river surface width and minimum ecological flux should be established. When the river
cross-section is trapezoidal, arc-shaped, or has another non-rectangular shape, there is a one-to-one
correspondence between the river flow and water level and between the water level and river
water surface width. Therefore, in an ideal state, the minimum ecological flow corresponds to the
minimum ecological water level, which, in turn, corresponds to the smallest river water surface width.
The minimum river water surface width corresponding to the minimum ecological flow is regarded as
the evaluation index of ecological flow. When the river water surface width monitored via remote
sensing is greater than the minimum river water surface width, the river ecological flow reaches the
standard value, and the river ecological health is determined to be in a satisfactory condition.

The calculation of the minimum river surface width mainly involves three steps:

1. Calculation of the minimum ecological flux according to the minimum ecological flux threshold.
The Tennant method was used to select 10% of the historical flow data as the threshold [27].
The Tennant method is the only method that can be used to determine the minimum ecological
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flow based on the natural hydrological rhythm. It is also one of the primary methods used by the
Chinese government to evaluate ecological flow [28].

2. Calculation of the minimum ecological water level based on the flow and water level relationship
and the minimum ecological flux fitted by the measured data.

3. Determination of the minimum river surface width based on the minimum ecological water level
and the cross-sectional water level map.

This article takes tangmazhai station section of the Taizi River as an example to calculate the
minimum river water surface width of the section from January 2015 to December 2018. The multi-year
monthly average (m3/s) of the minimum ecological flux from January 2015 to December 2018 was
calculated. On this basis, according to the data of the daily discharge flow (m3/s) and water level (m) in
the hydrological data over 27 years from January 1988 to December 2001 and January 2006 to December
2018 at the Tangmazhai station section, the flow–water level relationship curve was constructed
(Figure 6a). According to the constructed relationship curve, the corresponding minimum ecological
water level value (m) under the multi-year monthly average (m3/s) of the minimum ecological flux
was calculated. Using the cross-sectional water level diagram, the minimum river water surface
width (m) corresponding to the multi-month average (m) at the minimum ecological water level
was calculated. The cross-sectional water level diagram of the Tangmazhai cross-section is shown in
Figure 6b. Assuming that the dotted line in the figure is the minimum ecological water level value M
(m) in a certain month, y = M intersects with the elevation line of the Taizi River bottom and is greater
than the line segment of the bottom elevation, namely the sum of P1P2, P3P4, and P5P6, and is the
minimum river surface width (m).
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Figure 6. Minimum river surface width. (a) Schematic diagram of the discharge flow–water level
relationship fitting curve of Tangmazhai Station on the Taizi River; (b) Water level diagram of the
Tangmazhai cross-section, reflecting the relationship between water level and river width.

By comparing the relationship between the width of the river surface and the minimum width of
the river, the ecological environment of the aquatic animals and plants living in the river channels and
the state of the river ecosystem were evaluated. When the width of the river surface, automatically
extracted via remote sensing, is greater than the minimum river surface width, the monitored section
of the river in the study area meets all water requirements, both inside and outside the channel. Thus,
the structure and function of the river water system can be maintained. Conversely, when a section of
a river falls below the minimum ecological flux for a long period of time, the width, depth, and flow
rate of the river surface tend to be significantly reduced and the quality of the ecological environment
inhabited by aquatic animals and plants will decline. Consequently, problems associated with poor
ecological environments will continue to occur in such cases.
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2.5. Accuracy Evaluation

The accuracy was evaluated by mean relative error (MRE) and root-mean-square error (RMSE)
with the following formulae:

MRE =
100%

n

n∑
i=1

∣∣∣∣∣ ŷi − yi

yi

∣∣∣∣∣ (2)

RMSE =

√√
1
n

n∑
i=1

(ŷi − yi)
2 (3)

where n represents the number of points, ŷi represents the extracted river surface width, and yi
represents the true value of the river surface width.

3. Results

3.1. Results of Remote Sensing Extraction of River Water Width

We automatically extracted the width of the river surface from January 2015 to November 2019
using the remote sensing images. The statistical results are shown in Figure 7. We found that the water
surface width of the river in the study area increased from 2015 to 2016, decreased slightly from 2016 to
2018, and increased from 2017 to 2019. Among these trends, the inter-annual change in width during
the flood season increased from 133.4 m in 2015 to 135.7 m in 2016, and then decreased to 132.2 m in
2017. Under the governmental requirements for improving the quality of the water environment [29],
the width of the river water surface increased steadily at a low rate from 2017 to 2019. The inter-annual
changes in the width of the river surface during the dry season from 2015 to 2019 were 131.14, 131.7,
131.45, 130.91, and 132.4 m, respectively. Generally, the inter-annual variability of rivers in the study
area fluctuates slightly.
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Figure 7. Interannual variation in water surface width of the Tangmazhai cross-section of the Taizi River.

3.2. Supervision Result of Ecological Flow Guarantee

In the actual ecological flow monitoring process, to facilitate the monitoring operation,
a trapezoidal, arc-shaped, or another non-rectangular river cross-section was selected, and 10%



Remote Sens. 2020, 12, 2899 10 of 18

of the historical flow data in the study area were selected as the threshold value for the river ecological
flow warning. This river had reached the minimum standard of 10% ecological flow (Table 2).

Table 2. Minimum ecological flux, minimum ecological water level, and minimum water surface width
of Taizi River from January 2015 to December 2018 (Tennant method).

Month (Month) 1 2 3 4 5 6 7 8 9 10 11 12

Minimum ecological flux
(m3/s) 2.73 2.75 2.82 2.77 14.24 8.95 13.76 22.04 7.68 4.02 3.49 2.86

Minimum ecological water
level (m) 3.1 3.1 3.1 3.1 3.3 3.2 3.3 3.4 3.2 3.1 3.1 3.1

Minimum river surface width
(m) 84.0 84.0 84.0 84.0 101.2 95.8 101.2 105.6 95.8 84.0 84.0 84.0

We selected the five-year data from January 2015 to November 2019 of Sentinel-2 and GF series
satellite remote sensing images and automatically extracted the five-year river water surface width.
By comparing the river water surface width extracted by remote sensing every day with the minimum
ecological water surface width of the current month, as shown in Figure 8, we found that the river
water surface width extracted by remote sensing was greater than the minimum river water surface
width, meeting the minimum ecological flux guarantee. In other words, the degree of the minimum
ecological flux guarantee in Taizi River in the Tangmazhai area from January 2015 to November 2019
did not exceed the limit.
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different years.

3.3. Accuracy Assessment

To verify the accuracy of the NDWI–ISODATA method for automatically extracting river water
surface width, the following two methods were used for comparative analysis: (1) Comparison between
the river surface width based on visual extraction and automatic extraction, and (2) data for different
sensors crossing the same day, Sentinel-2 compared to GF satellite.

Firstly, GF-2 at 0.8 m resolution and other GF images at 2 m resolution were used to automatically
extract the river water surface width and compare it to the visually extracted data, as shown in
Figure 9a,b. The MRE was 0.4% and 0.8%, respectively, and the RMSE was 0.6 and 1.6 m, respectively.
The errors were less than 1 pixel. The results show that the GF series data at different resolutions can
automatically extract water surface widths with low errors, indicating more accurate values.
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Secondly, considering the river surface width automatically extracted by GF series remote sensing
images as the true value, the Sentinel-2 image at 10 m resolution within 2 days of the time difference
between the GF series images was selected, and the NDWI–ISODATA method was used to extract
the width of the water surface of the Tangmazhai section. A total of 22 pairs of GF and Sentinel-2
images covering the Tangmazhai cross-section within a short period of time were selected. As shown
in Figure 9c, the river surface widths were automatically extracted from the different sources with
low error; the MRE was 2.2%, the RMSE was 3.5 m, and the error was within 1 pixel. Therefore,
when conducting long-term analysis, when the amount of GF data is insufficient due to factors such as
cloudiness, the Sentinel-2 data are valuable as a reference to the relevant supplemental data in the
time series.

4. Discussion

4.1. Comparison of Different Water Index Calculations

NDWI was more suitable for this study than LSWI and MNDWI. We used the Tangmazhai section
of the Taizi River as an example and compared the effectiveness of NDWI, LSWI, and MNDWI in
calculating the water body index from the MSI image of Sentinel-2. As shown in Figure 10, the three
water body indexes can clearly highlight water bodies and land areas. The boundaries of the water
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body are quite obvious, from the NDWI and MNDWI images, and the contrast between water bodies
and land is particularly strong. Therefore, when extracting river water surface widths from MSI
images of Sentinel-2, NDWI and MNDWI calculations are more accurate than those of the LSWI.
However, considering the influence of the PMS sensor’s own parameters on the GF series, such as
bands, it has only five bands, namely the panchromatic, blue, green, red, and NIR bands. For extracting
river water surface width, due to the lack of a SWIR band, LSWI and MNDWI are not applicable.
Therefore, to use multi-source remote sensing images to extract hydrological information from long
time series, we selected NDWI, which has a high extraction efficiency and is suitable for Sentinel-2 and
GF series images.Remote Sens. 2020, 12, x FOR PEER REVIEW 12 of 18 
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Figure 10. Calculation of different water indexes. (a) Sentinel-2 remote sensing image data on
July 26, 2019 (RGB: 4, 3, 2); (b) calculation of normalized difference water index (NDWI) water
index; (c) calculation of improved normalized difference water index (modified NDWI (MNDWI));
(d) calculation of land surface water index land surface water index (LSWI).

4.2. Comparison of Methods for Automatically Extracting River Water Surface Width

To improve the accuracy of automatic extraction of river water surface width via remote sensing,
the NDWI water body index was used as the basis of water body pixel recognition, and different
automatic water body segmentation methods were used for comparison. Among them, the automatic
water body segmentation methods are NDWI-MHBM and NDWI-ISODATA. Using these two methods,
the results of the river water surface width were automatically extracted. A certain difference was
observed between the two methods. The NDWI–ISODATA method provided more detailed results than
the NDWI–MHBM method did when extracting the water boundary, and the extracted water and land
boundary areas were highly similar to the actual situation (Figure 11a). Using the NDWI–ISODATA
method to automatically extract the width of the river surface with long-term remote sensing data,
the extraction result was highly precise, the long-term variation did not fluctuate, and the result was
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relatively stable. The results were basically consistent with the actual situation and agreed with the
variation law of river surface width in the study area (Figure 11c). However, the NDWI–MHBM
method uses artificially selected optimal thresholds to extract water bodies, resulting in subjectivity in
the width of the river surface. The variation in the long time series greatly fluctuated, the result was
not stable, and large differences are observed with respect to the actual situation.Remote Sens. 2020, 12, x FOR PEER REVIEW 13 of 18 
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where y1 is the DN value of the normal water body, y2 is the DN value of the building, x1 is the DN 
value of the normal water body in the processed image, and x2 is the DN value of the building in the 
processed image. Further, x is the DN value of different features of the image before normalization, 
and y is the DN value of different features in the image after normalization (Figure 12). 

Firstly, whether the eight cases only exist on the water surface is discussed. There were only 
strong glitter, weak glitter, thick ice, and thin ice on the water surface. Among them, the normalized 
DN values of strong glitter, weak glitter, and thin ice were similar to the normalized DN values of 
ordinary water bodies in the blue, green, red, and near-red bands, which have no effect on the water 

Figure 11. Comparison of water extraction methods. (a) NDWI–ISODATA automatic extraction of water
bodies (RGB: 4, 3, 2); (b) NDWI–Modified Histogram Bimodal Method (MHBM) automatic extraction of
water bodies (RGB: 4, 3, 2); (c) automatic extraction of river water surface width time series by remote
sensing with different methods over a long time series (NDWI–MHBM and NDWI–ISODATA methods).

4.3. Influence of Glitter, Ice, Shadow, and Clouds on Width of River Water

Glitter, shadow, ice, and clouds will directly affect the accuracy of extracting the river water
surface width by remote sensing. When the water surface is calm, it can be regarded as a smooth
surface. The strong reflection (specular reflection) that occurs when sunlight enters the water surface is
called glitter. Shadows in optical remote sensing images are often due to direct sunlight being blocked
by clouds, forming cloud shadows. The glitter, ice, shadow, and clouds that can appear in images are
specifically classified into eight types: Strong glitter, weak glitter, thick cloud shadows, thin cloud
shadows, thick ice, thin ice, thick clouds, and thin clouds. We tested the effects of these eight cases
occurring in the original image, normalized water index image, and image after automatic threshold
segmentation, as shown in Table 3.
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Table 3. Effects in different situations.

Category Original Image
(RGB: 4, 3, 2)

Normalized Water
Index Image (NDWI)

Image after Automatic
Threshold

Segmentation
(ISODATA)

Weak glitter
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The DN value of the image was dimensionless. We considered (low) normal water bodies and
(high) buildings as benchmarks, and normalized the DN value as follows:{

y1 = ax1 + b
y2 = ax2 + b

⇒ (a, b) (4)

y = ax + b (5)

where y1 is the DN value of the normal water body, y2 is the DN value of the building, x1 is the DN
value of the normal water body in the processed image, and x2 is the DN value of the building in the
processed image. Further, x is the DN value of different features of the image before normalization,
and y is the DN value of different features in the image after normalization (Figure 12).
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Figure 12. Normalized digital number (DN) values for eight different situations: Strong glitter,
weak glitter, thick cloud shadow, thin cloud shadow, thick ice, thin ice, thick cloud, and thin cloud.

Firstly, whether the eight cases only exist on the water surface is discussed. There were only
strong glitter, weak glitter, thick ice, and thin ice on the water surface. Among them, the normalized
DN values of strong glitter, weak glitter, and thin ice were similar to the normalized DN values of
ordinary water bodies in the blue, green, red, and near-red bands, which have no effect on the water
area extracted from the river and, thus, have no effect on the extraction of river width. Thick ice has
a higher reflectivity in the NIR region than ordinary water bodies, which causes thick ice and water
bodies to be divided into two categories, resulting in a lack of water surface areas, which affects the
results of remote sensing automatic extraction of water surface width.

Secondly, thick clouds, thin clouds, thick cloud shadows, and thin cloud shadows will exist on
the water. Thick and thin clouds have high overall reflectivity, and the NDWI values are similar.
Therefore, when the ISODATA method was applied, thick and thin clouds were combined into one
category along with the water body, changing the water surface width information. Thin cloud
shadows are due to the weak intensity of the scattered light in the sky and the uneven brightness in
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the shadowed area. Therefore, the thin cloud shadows will show a low reflectivity state in the image,
which will not have a strong effect on water body extraction. Thick cloud shadows and water bodies
appear to have low brightness in the image so that the contrast with the thick cloud shadows will be
greatly reduced, and the ground features will become blurred. When the water body is extracted,
the recognition algorithm based on low brightness will erroneously characterize the low-brightness,
thick cloud shadows as the water body, changing the water surface width information. In summary,
strong glitter, weak glitter, thin ice, and thin cloud shadows will not affect the extraction of river surface
width, whereas thick ice, thick clouds, thin clouds, and thick cloud shadows will directly affect water
body extraction, which, in turn, affects the accuracy of the extracted river surface width. Therefore,
when pre-screening data, it is necessary to avoid thick ice, thick clouds, thin clouds, and thick cloud
shadows in the images.

5. Conclusions

Based on our findings, we recommend the following steps for implementing the remote sensing
method to automatically extract the water surface width of a river section: (1) NDWI, MNDWI,
and LSWI can be used to extract the main water body area from images. Not only does NDWI satisfy
the band selection requirements for water feature extraction from multi-source remote sensing data,
it also provides the best extraction efficiency. (2) To improve the accuracy and efficiency of water
body extraction, we selected the ISODATA method, which can automatically divide the water body or
determine the threshold value, so that the water body information is automatically extracted from
the batches before the river surface width is extracted. Comparing the results of NDWI–ISODATA
and NDWI–MHBM for automatically extracting the river water surface width, NDWI–ISODATA was
found to be more detailed when extracting water body boundaries, and the extracted water and land
boundaries were in agreement with the actual situation. The results from the automatic extraction of
river surface widths were stable and reliable. (3) The monitoring range of the water surface should be
limited to an area that is two to three times larger than the target water body, which can help eliminate
detection errors caused by surface differences and make the results of automatic water segmentation
more reliable. (4) The effects of glitter, ice, shadow, and clouds on automatic remote sensing to extract
river water surface widths were discussed separately, and the algorithm we described reduced the
influence of strong glitter, weak glitter, thin ice, and thin cloud shadows on the extraction results and
improved the efficiency of the extraction of river surface widths.

In this study, we proposed a method using river surface width indexes, extracted by remote
sensing, to evaluate whether ecological flow reaches the requested standards. The findings have
deepened our understanding of multi-source remote sensing data and improved our ability to use
remote sensing technology to automatically extract hydrological information. In addition, this method
effectively alleviates the dependence on traditional methods for evaluating river ecological flow on
ground-measured data and is of great significance for scientifically evaluating regional and global
ecological river flow. Moreover, the goal of China’s assessment on ecological river flow is to meet
the requirements of economic development from the perspective of water use, which needs to be
considered in combination with China’s river characteristics and water demand. Under China’s
river ecological flow evaluation standards, the minimum river water surface width was used as the
evaluation standard to meet the requirements of China’s national conditions, and a theoretical basis
was provided for effective use of river resources in China. This can enable the Chinese government [30]
(The Ministry of Ecology and Environment and the Ministry of Water Resources of the People’s
Republic of China) to manage water resources and river systems in the entire Chinese basin more
appropriately, strengthen the adaptive management of ecological flows, establish ecological flow
management strategies adapted for Chinese rivers, and coordinate economic and social relationships
between river ecosystems to ensure sustainable use of water resources.
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