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The construction of The Three Gorges Reservoir has changed
wetland vegetation type and reconstituted Hydro-fluctuation belt
pattern. In this paper, we use the improved method to extract
the Hydro-fluctuation belt with clear boundary and four types of
wetland land use types, and analyze the dynamic changes of
wetland land use types through the area change and structural
change. The CA-Markov model is used to simulate the
distribution map of the wetland utilization type in the next 20
years. The results show that the vegetation coverage stability of
the fluctuate belt has improved; the activity of each type is
reduced and the stability is enhanced; the transfer of the
terrestrial plants is affected by the bare soil, and the water body
has a great influence on the centroid transfer of the hygrophyte;
it can be seen from the prediction of the distribution pattern of
the future Hydro-fluctuation belt that the stability of the Hydro-
fluctuation belt will gradually decrease if the environment of the
Hydro-fluctuation belt is not protected by human intervention.

1. Introduction

As an important ecological protection area in the

types of Hydro-Fluctuation Belt, how to understand
current wetland use conditions and how to determine
future wetland development have become urgent

waters of the Yangtze River, the Hydro-Fluctuation Belt of
Three Gorges Reservoir Area has self-evident ecological
value. As the core zone of the Hydro-Fluctuation Belt, the
Fuling district has undergone dramatic changes. In
addition, with the rapid development of a market
economy as well as the vigorous advancement of the
urbanization process, vegetation type of the Fuling
Hydro-Fluctuation Belt in the Three Gorges Reservoir
Area has been impacted by human activity. How to
reasonably use Hydro-Fluctuation Belt resources, how to
adjust the relationships between different vegetation

problems requiring in-depth study.

At present, the fluctuation belt is generally considered
as the intermediate transition zone formed by the
repeated fluctuation of reservoir water level. And to study
the environment of the Hydro-fluctuation belt needs a
more accurate extraction method in water body range.
There are currently numerous water information
extraction methods. For example, Ma and Wan apply the
transformed degradation results of rock to rock mass to
calculate the stability and failure mode changes of
landslide over time, and to guide engineering through
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experiment based on hydro-fluctuation belt water-rock
interaction of Three Gorges Reservoir area (Ma et al.
2016; Wan et al. 2017). Liu et al. examined use of white
mulberry in the China's Sloping Land Conversion
Program to protect water quality and conserve soil in the
Three Gorges Reservoir (Liu et al. 2016). Li et al.
assessed the vegetation risk of different risk areas and
various vegetations respectively based on improved
relative risk assessment model (RRM) taking Xiangxi
river Hydro-fluctuation belt as an example (Li et al. 2016).
Jiang et al. analyzed the soil stability of mulberry
forestlands at different water levels in the hydro-
fluctuation belt by analyzing and comparing the changes
between soil physical and mechanical properties (Jiang
et al. 2015). Of all the research models, the dimidiate
pixel model is the simplest and the most widely used
mixed pixel decomposition method (Zhang et al. 2017).
Nevertheless, the model ignores the complexity of land
surface, additionally, it will cause great uncertainty
through selecting the extreme point to estimate the result.

At present, vegetation coverage change in the Hydro-
Fluctuation Belt is an important factor that affects the
ecological environment and has become a central issue
in land use change and sustainable development
research (Liu and Willison, 2013). Vegetation coverage
change is a very complex dynamic process driven by
natural and human factors with a very complex
mechanism. Vegetation coverage change simulation is
among the main approaches for improving the driving
mechanisms of wetland, supporting urban planning and
policy formulation and evaluating the effects of land use
on the ecological environment. For example, Guan et al.
dynamically simulated future spatiotemporal land use
changes in the Japanese city of Saga by introducing the
natural and socioeconomic factors affecting land use into
the cellular automata (CA)-Markov model (Guan et al.,
2011); Lin et al. characterized the spatiotemporal
dynamics of the wetland landscape in the Zhoushan
Islands during 1985-2015 to reveal the spatially explicit
influential indicators (Lin et al.,, 2018); Liu et al.
developed a new conditional random field model to
integrate multi-view information and context information
for improving land cover classification accuracy (Liu et al.,
2018). Li et al. employed the self-organizing map neural
network method to identify the land cover changes in
Inner Mongolia and characterize the dynamic change
map by using the grid cell method (Li et al,
2018). Mariana et al. combined logistic regression,
Markov chain methods and a multi-
objective land allocation model into a hybrid geo
simulation model to simulate the spatiotemporal trends of
change in open wetlands (Mariana et al., 2019).

Despite the rich discussion of wetland models, the
following two essential aspects have been less commonly
studied over the long term: (1) extraction and estimation
of vegetation coverage in the Hydro-fluctuation belt are
especially lacking; (2) spatio-temporal simulation of
vegetation coverage in the Hydro-fluctuation belt is
especially lacking.

As the world's largest artificial riparian zone, the
ecological problem research of Three Gorges Reservoir
area is a preliminary study, currently mainly focusing on
ecological restoration of riparian belt, vegetation
succession, ecological system changes of riparian belt,
restoration and reconstruction of wetland vegetation,
distribution management and development dynamic
simulation of riparian belt and so on. (Gao et al. 2011;
Huang et al. 2013; Nie et al. 2017).

Against this background, our objective is to
extraction and simulate of vegetation coverage type in
the Hydro-fluctuation belt. In this paper, we explore the
spatial and temporal evolution characteristics of
vegetation coverage through research the change of area
and structure of wetland utilization types in the reservoir
area. Markov model was used to predict area change of
wetland vegetation type. CA model was used to simulate
the distribution patterns of wetland utilization patterns in
2018, 2023, 2028 and 2033. The results are anticipated
to provide theoretical and evidenced support for the
Three Gorges Reservoir Environmental decision.

2. Study area and data processing
2.1 Study area

The Fuling district of the Three Gorges reservoir is at
the hinterland of the Three Gorges reservoir in the Middle
East of Chongqing city (Figure 1). The study area lies
between latitude 29°21” N to 30°01” N and longitude
106°56’ E to 107°43’ E, the total area is 2941.46 km?
(Guan et al. 2018). The Hydro-fluctuation Belt of Three
Gorges Reservoir can adjust the water level fluctuation to
meet the needs of power generation and Flood Control in
Hydraulic Engineering. Its water surface area between
the highest water level line in flood period and the lowest
water level in dry season of reservoir has the obvious
plant community gradient, environmental impact factor
and ecological process characteristic. Therefore, this
region has high ecological vulnerability and is easy to be
polluted and damaged.

2.2 Data processing
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2.2.1 Extracting the fluctuating zone in Fuling district

The eigenvalue method as a new method of water
body information extraction is proposed. Band 5 in RS
image has best effect to distinguish roads, soil and water.
Although band 3 can also be a good monitoring of the
road and the soil, it has poor ability to identify water. So,
water information can be well identified through removal
of road and soil from three objects which are identified in
band 5. This method is more efficient, simple and rapid
than the commonly used methods such as Multi band
spectral correlation method, Normalized Difference Water
Index (NDWI) and Modified Normalized Differences
Water Index (MNDWI), and the extraction of water body
boundary with this method is much clearer. Using
eigenvalue method to extract the water image from
highest water level (175m in October 31, 2010) and the
lowest water level (145m in August 25, 2010) at the same
period. And difference vector image between the highest
water level and the lowest water level is calculated in
ArcGIS. The Three Gorges Reservoir's vector map is cut
with Fuling area vector data to obtain the Fuling section
hydro-Fluctuation Belt in the Three Gorges Reservoir
(Fig.1), the total area is 20.49 km? (Guan et al., 2018).

2.2.2 Estimation of vegetation coverage of reservoir

A linear mixed spectral model is used to estimate the
vegetation coverage of the Fuling section of the Three
Gorges Reservoir area (Li et al. 2015).

Firstly, Pixel Purity Index algorithm which is semi-
automatic end member extraction method is employed to
extract the end-element of image under the guidance of
prior knowledge. The extraction using the PPI algorithm
is based on the linear mixing spectral models and the
principle that end-element is endpoint of convex simplex
formed by remote sensing image in feature space
(Rahmati and Hamzehpour 2017). The process can be
divided into three steps:

The first step is Minimum Noise Fraction Transform
(MNF). According to the correlation between each band,
band 1, band 2, band 3, band 4, band 5 and band 7 of
image are integrated for minimum noise separation. The
results are shown in Fig.2.

The second step is the calculation of Pixel Purity
Index. In this study, a certain threshold is set to obtain
end-element colony in region of interest (ROI) from PPI
image. The number of iterations is 10000 times, and the
iterative factor is 2.5. The pixel in the ROl is a pure pixel,
which is used for the selection of the end-element and
spectra in the N dimensional visualization analysis, as
shown in Fig. 3.

The third step is N dimensional visualization analysis.
The purpose of the N dimensional visual analysis tool for
human-computer interaction is to determine the end-

b m w

Fig. 1. A map of study area.

B 7 Cemposect 7
Fig. 2. Components information and noise figures after MNF
transformation.

100

Fig. 3. The process of PPI iterative calculation of pure pixel.
Progress : Leftis 1%, Right is 100%.

element of image. Clicking on four components in the
window can build a scatter plot. Then, the image spatial
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feature should be combined with spectral feature of a
prior ground object. Subsequently, different colors are
selected to indicate and select the data points at the
corner or the relatively independent data points in the
four-dimensional dynamic image. And, partial regions
around the scatter plot need be highlighted. Afterwards,
average spectra from original image of study area is
selected as the end-element spectrum to determine the
type of end-element and spectral information, as shown
in Fig.4. As can be seen from the spectral characteristic
curve in Fig.5, four types of end-elements reflect the
obvious spectral characteristics of different objects, and
in the third wave band, the vegetation spectrum appears
steep slope to reach a peak value.

Secondly, this research uses the linear spectral tools
to solve the linear spectral decomposition model with
unconstrained condition, the general formula is as
follows:

N
p=).ce+n=Ec+n (1]
i=1

Where: E is the end-element vector; ¢ is abundance
values of various types of ground objects; n is error term.

The result of linear spectral decomposition model with
unconstrained condition is shown below.

Finally, the terminal unit spectra used in the SAM
model come from ASCII files of all types of end-element
spectra obtained after the end-element extraction. If the
angle is small, it represents the close match with the
reference spectra; if the angle is large, it indicates that
the pixel is far away from the specified radian threshold
and cannot be classified. The classification formula is as
follows:

n n n /
S =cos™ [Z tLr z (t,2 )]/2 (ti2 )l ’ J 2]
i=1 i=1 1

i=]

Where: # is spectrum of ground object to be
classified; r; is the spectrum of the reference end element
after extracted; » is band number.

After calculating the classification, error and leakage
pixel objects need be manually divided into various
categories according to false color composite image of
wave band 432.

The spectral angle classification results of the five
images are verified by Kappa coefficient accuracy. The
evaluation results of image classification accuracy are
shown in the following Table 1 to Table 5.

It can be seen from Table 1 to Table 5, using the
spectral angle classification model can make overall
accuracy of average classification. The overall accuracy

reflectivity

wavelength/un "
Fig. 4. Spectral characteristic curves of four type of objects
a) Bare soil; b) Terrestrial plant; c) Hygrophytes; d) Water

A

Terrestrial plant Hygrophyte

Abundance
value

Bare soil Water body

Fig. 5. The distribution maps of abundance values of four
type ground objects solved by Hybrid spectral model.

Table 1. Classification accuracy parameters in 2003.

Ground Terrestrial Hygrophyte Bare soil Water
object type plant ygrop body
Terrestrial

plant 63 0 0 0
Hygrophyte 1 45 6 0

Bare soil 0 0 32 0
Water body 0 0 0 42

Drawing = 9844 100.00 84.21 100.00
accuracy/%

User — 400.00 86.54 100.00  100.00
accuracy/%

Overall
accuracy/% 96.16

Kappa 0.9486
coefficient

in 2003, 2004, 2008, 2010 and 2018 reach to 96.16%,
94.69%, 96.55%, 89.86% and 94.11, respectively. And
the average Kappa coefficient in 2003, 2004, 2008, 2010
and 2018 reach to 0.9486, 0.9213, 0.9532, 0.8816, and
0.9247, respectively. It is evident that the spectral angle
classification is reliable for assessing vegetation
coverage type of Fuling Hydro-Fluctuation Belt in the
Three Gorges Reservoir Area.
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3. Results and discussion

3.1 Analysis of the dynamic degree of the ground object
type in the reservoir fluctuating zone

The area value of each wetland land use types in the
spatial distribution pattern map of wetland vegetation of
the five periods in Fuling section Hydro-fluctuation belt of
the Three Gorges Reservoir were statistically. The results
are shown in the following Fig.6.

Single dynamic degree analysis can be used to
analyze the variation of land use types in the fluctuating
zone in a certain time range. It can be seen from the Fig.
7 that the fastest annual change of land use type is
hygrophyte from 2003 year to 2004 year, and the annual
change rate is 107.75%; followed by bare soil, the annual
change rate is 62.37%; from 2004 to 2008, the fastest
annual change is the bare soil, the growth rate is 61.84%,
the slowest annual change is the vegetation, the average
change rate only around 5%; bare soil showed a
decreasing trend in 2008-2010, the reduction rate was
51.1%; from 2010-2013 ,the change rate of wetland
utilization types was small in, showing a gradually stable
trend. During 10 years from 2003 to 2013, the fastest
growth was the hygrophyte with a comprehensive growth
rate of 113.71%, followed by bare soil, the growth rate
was 100.75%, the land plants and water body were
reduced, and the reduction rate was 24.66% and 30.87%,
respectively.

Comprehensive dynamic degree can be used to
analyze the speed of land use change. It can be seen
from the Fig.8 that the comprehensive variation of
terrestrial and hygrophyte showed a small fluctuation
trend, indicating that the changes of terrestrial and
hygrophyte showed a stable trend, and that the water
body showed a moderate fluctuation trend, and the trend
of the three land types showed a tendency appear
increase-decrease-increase-decrease. it is indicated that
the changes of terrestrial and hygrophyte are closely
related to the water body. And the comprehensive
change of the bare soil is the most intense. It can be
seen that the trend of drastic reduction of bare soil is
closely related to the factors of human disturbance.
Overall, the comprehensive dynamic degree of land use
types is decrease in the fluctuation zone, indicating that
the stability of the fluctuation zone is gradually increasing.

3.2 Spatial distribution prediction of vegetation in hydro-
fluctuation belt

This paper uses CA-Markov model for the neighbor
relation analysis which not only contributes to accurate

Table 2. Classification accuracy parameters in 2004.

Ground Terrestrial Hvaroohvte Bare soil Water
object type plant ygrophy body
Terrestrial

plant 87 0 0 0
Hygrophyte 0 74 0 0

Bare soil 0 0 36 0
Water body 0 13 0 35

Drawing 40000 85.06 100.00  100.00
accuracy/%

User ~ 100.00 100.00  100.00  72.92
accuracy/%

Overall
accuracy/% 94.69

Kappa 0.9213
coefficient )

Table 3. Classification accuracy parameters in 2008.

Ground Terrestrial Hvarophvte  Bare soil Water
object type plant ygrophny body
Terrestrial 75 0 0 0

plant
Hygrophyte 4 80 0 0

Bare soil 6 0 67 0
Water body 0 0 0 50

Drawing ¢354 10000  100.00  100.00
accuracy/%

User
accuracy/% 100.00 95.24 91.78 100.00

Overall
accuracy/% 96.55

Kappa
coefficient 0.9532

Table 4. Classification accuracy parameters in 2010.

Ground  Terrestrial ] Water
objecttype  plant Harophyte Baresoll o
Terrestrial 60 0 0 5

plant
Hygrophyte 9 88 5 0

Bare soil 4 0 48 0
Water body 0 0 10 52

Drawing
accuracy/% 82.50 100.00 76.19 100.00

User = 10000  86.25 92.31 84.17
accuracy/%

Overall
accuracy/% 89.86

Keppa 0.8816
coefficient -

Table 5. Classification accuracy parameters in 2013.

Ground Terrestrial Hvarophvte  Bare soil Water
object type plant ygrophy body
Terrestrial 75 9 0 0

plant
Hygrophyte 1 30 0 5

Bare soil 0 5 50 0
Water body 0 2 0 85

Drawing — gg 5g 76.19 100.00  94.45
accuracy/%

User 9740 84.12 90.91 97.70
accuracy/%

Overall
accuracy/% 94.11

Kappa
coefficient 0.9247
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= Terrestrial plant
Hygrophyte

= Bare soil

= Water body

Fig. 6. Areas of land use types from 2003 to 2013.

2003-2004year 2004-2008year

= Terrestrial plant

2008-2010year
Hygrophyte = Bare soil =\Water body

2010-2013year

Fig. 7. Single dynamic degree change of land use type in
fluctuating belt at different times.

180
160
140
120
100
80
G0
40
20

2003-20044F 2004-20084F 2008-2010¢ 2010-20134F

m Terrestrial plant Hygrophyte = Bare soil s'Water body

Fig. 8. Comprehensive dynamic degree change of land use
type in fluctuating belt at different times.

predict the future land use quantity structure based on
the Markov chain, but also strengthens the simulation
ability of spatial pattern.

According to wetland utilization type of hydro-
fluctuation belt in 2008 year and 2013 year, the state
transition matrix of each year is predicted, as shown in
the Table 6-9.

As predicted in the above tables, during five years
from 2013 to 2018, the terrestrial plant will decrease
0.5871 km?, hygrophyte will increase 0.1795 km?, bare
soil will decrease 0.1026 km? and water will be increased
0.5102 km?. Furthermore, during ten years from 2013 to
2023, terrestrial plant will decrease 0.7432 km2
hygrophyte will decrease 0.0114 km?, bare soil will
decrease 0.1155 km? and water will increase 0.8703km?2.
During fifteen years from 2013 to 2028, terrestrial plant
will decrease 0.7877 km?2, hygrophyte will decrease
0.0843 km?2, bare soil will decrease 0.1417 km? and water
will increase 1.0136km?2. During twenty years from 2013
to 2033, terrestrial plant will decrease 0.8023 km?2,

Table 6. Transition probability matrix of land use type in
hydro-fluctuation belt from 2013 to 2018.

2018 year
Terrestrial . Water
plant Hygrophyte Bare soil body
Terestrial 3431 04555  0.0838 0.1175
plant
22;? Hygrophyte 0.2445  0.4219  0.0807 0.2530
y Bare soil 0.5458 0.2890  0.1467 0.0184
Water body 0.2292  0.3449  0.0157 0.4102

Table 7. Transition probability matrix of land use type in
hydro-fluctuation belt from 2013 to 2023.

2023 year
Terrestrial . Water
plant Hygrophyte Bare soil body
;g':tes”'a' 02346 04742  0.0828 0.2083
22;? Hygrophyte 0.3229  0.3156  0.0783 0.2833
y Baresoil 03774 04219  0.0675 0.1332
Water body 0.2795  0.4286  0.0510 0.2409

Table 8. Transition probability matrix of land use type in
hydro-fluctuation belt from 2013 to 2028.

2028 year
Terrestrial . Water
plant Hygrophyte Bare soil body
gg:‘fsma' 02205 04616  0.0763 0.2416
22;? Hygrophyte 0.3330  0.3097  0.0766 0.2807
y Bare soil 0.3164 0.4296  0.0557 0.1983
Water body 0.2960  0.4403  0.0635 0.2002

Table 9. Transition probability matrix of land use type in
hydro-fluctuation belt from 2013 to 2033.

2033 year
Terrestrial . Water
plant Hygrophyte Bare soil body
;g:fsma' 02162 04566  0.0735 0.2537
22;? Hygrophyte 0.3348  0.3094  0.0765 0.2793
4 Bare soil  0.2987 0.4246  0.0515 0.2251
Water body 0.3030  0.4433  0.0679 0.1858

hygrophyte will decrease 0.1162km?, bare soil will
decrease 0.1504 km? and water will increase 1.0687km?2.
The increase of water area and hygrophyte area indicate
that frequently water flooded has great influence on the
growth and evolution of plants, and the long-term water
flooded of the terrestrial plants will be gradually
transformed into hygrophytes.

Based on the data of 2013 year, we are predict the
wetland utilization type of Fuling section hydro-
Fluctuation Belt in the Three Gorges Reservoir in 2018,
2023, 2028 and 2023 year. The main change trend of
terrestrial plants is decreasing yearly and the decrement
is also decreasing yearly. The wetland plant is increasing
in 2018 year and then will decrease yearly. The bare soll
remains basically unchanged with maintaining a relatively
stable level. The water coverage is increasing yearly and
has the largest increase amplitude as compared with
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other types. To a certain extent, it can be concluded that
the stability of the hydro-fluctuation belt slope is low and
affected greatly by the water body function. Further
research is needed. Therefore, the CA-Markov model is
used to compute probability matrix and then forecast the
wetland utilization type layout for various years of hydro-
fluctuation belt. As shown in Fig.9. The results showed
that the terrestrial plants and water body will continue to
decrease, hygrophyte will continue to increase, the bare
soil is relatively stable.

4. Conclusions

This study analyzed the dynamic changes of wetland
use types in Fuling area Hydro-fluctuation belt from the
aspects of area change and structure change based on
the evolution rule of past vegetation type. The Markov

model was used to calculate the probability transfer
matrix of the wetland utilization types in each period, and
the CA-Markov model was used to simulate the
distribution patterns of wetland utilization patterns in the
future. It is found that high coverage area of terrestrial
plant is mainly distributed in the tributary of the northeast
and southwest of the study area; hygrophyte is
characteristics of linear distribution along the waterfront;
bare soil mainly shows the scattered distribution in other
areas. Meanwhile, spectral angle classification for five
images is performed according to the spectral reflectance
curve of the end-element. The classification results have
a high accuracy, illustrating that classification effect is
relatively rational. Our results can provide a reference
support for restoration and development planning
scheme of the hydro-fluctuation belt in the Three Gorges
Reservoir.

0 1,1502,300

. - Bare soil - Terrestrial plant
- Ilyarophyte l:l Water body
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Fig. 9. Vegetation distribution prediction map of hydro-fluctuation belt from 2018 to 2033 (Section)

Note: a, b, ¢ and d present simulation results of 2018, 2023, 2028 and 2033, respectively.
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