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Abstract: Regional EEal protection is an inevitable trend of environmental protection development.
Based on multi-source remote sensing data, a typical land remediation project was selected. The
rectification process of the project area. Monitoring and analysis. The results show that: 1) The
humidity and greenness indicators have a positive impact on the ecological environment (EE) quality
of the project area, and the dry heat index has a negative impact; 2) the average RSEI before repair,
the middle and the back are 0.652, 0.572 and 0.605 respectively; RSEI fine grade level ratio of 78.73%,
39.55% and 63.29%; RSEI worse, better change, the ratio was 42.55%, 46.25% and 11.20%; 3) the EE
quality in the project area showing the "first dropped and then rose to a total The trend of decline
indicates that the “remediation period — the deterioration of the recovery period” has become better —
the whole process is even worse. Land remediation will cause continuous disturbance to the EE of the
project area, and there will be a lag period for restoring and improving the regional EE. After five
years of construction, the EE quality level of the project area is still lower than the level before the
remediation.
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1. Introduction

With the rapid development of urbanization and industrialization, the contradiction between people
and land has become increasingly prominent, and the pressure on land, resources and the environment
is increasing. Land remediation plays an active role in ensuring national food security, supporting rural
revitalization strategies, optimizing land resource allocation, and promoting ecological civilization
construction. It has played an active role in stabilizing effective arable land, improving cultivated land
production capacity, and optimizing land use structure. This role has become one of the largest
organized human activities in China, changing land use patterns and affecting terrestrial ecosystems
[1-4].

Land and resources are the material basis for green development, space carriers, energy and
components. Under the goal of ecological civilization construction, China's land consolidation will
gradually shift from increasing the amount of cultivated land to focusing on the quantity protection,
quality protection and ecological protection of cultivated land. [5]. The “National Land Rehabilitation
Plan” clearly stipulates that “in accordance with the requirements of ecological civilization construction,
the implementation of landscape forest lake comprehensive improvement, strengthening EEal
protection and restoration, and vigorously building ecological land.” “Strengthening ecological
construction” security barriers, strengthening farmland ecological protection and construction to carry
out the demonstration and construction of land EE remediation as the main goal and important task,
and strive to promote the EE construction of land remediation.

EE quality monitoring and evaluation is the basis for analyzing the benefits of land spatial planning
and land remediation, but due to its rich connotation and multi-source performance, complex
mechanisms, scale differences and spatio-temporal changes [6-7] it has become an administrative and
scientific research difficult. On the regional scale, methods for evaluating the quality of EE include
analytic hierarchy process [6], comprehensive index method [8], fuzzy comprehensive evaluation
method [9] and coefficient of variation method [10]. However, a unified normative evaluation system
has not yet been formed. In 2006, the former State Environmental Protection Administration issued the
“Technical Specifications for EE Assessment (Trial)”, which proposed EE indicators as the basis for
regional EE evaluation and evaluation. Later, the EE assessment was revised. With the deepening of the
application of remote sensing technology, the EE assessment method has been continuously improved
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[11-12]. Xu Hangiu [13] proposed remote sensing ecological indicators with reference to the above
specifications. Using remote sensing data to achieve rapid monitoring of regional EE. At the project
level, scholars use different methods to assess and analyze the impact of land remediation on the EE
based on different perspectives. Overall assessment and local single factor assessment. The macro
overall assessment is based on landscape ecology [14], ecosystem services [15] and land consolidation
planning [16], and the land improvement project area as an ecosystem; the local single factor
assessment mainly selects the ecosystem. Key elements such as carbon [17-18] and nitrogen [19-20]
were evaluated; monitoring methods include comprehensive index method, multi-factor comprehensive
evaluation method, correlation analysis method, entropy weight matter element promotion model,
cloud model and so on. In general, at the project level, eco-environment monitoring is based primarily
on statistical data or land-use data, using a comprehensive index approach. For a period of time after
the implementation of the project, the objectives of the research scope, the objectivity of the data
source and the validity of the evaluation indicators are qualitative and semi-quantitative analysis of the
sexual and procedural aspects, as well as improved monitoring and evaluation.

Continuously monitor and dynamically assess the quality of the EE. Based on multi-source remote
sensing data, this paper selected a typical land restoration project that uses Landsat-5TM and Landsat-8
OLI/TIRS image data to prioritize and repair basic geographic data. After the repair and the post-repair
period. Project construction data, coupled humidity and green. According to the index of degree, heat
and dryness, the RSEI model is constructed through principal component analysis to realize the
dynamic monitoring and evaluation of the EE.

2. Roposed Method
2.1 Multi-Source Remote Sensing

With the development of remote sensing technology, a large number of different optical observation
satellite sensors, such as optical, thermal infrared and microwave, collect multiple remote sensing
image data (multiphase, multispectral, multi-sensor, multi-platform and multi-resolution) in the same
field. The more you come, the more multi-source remote sensing.

Compared with single-source remote sensing image data, the information provided by multi-source
remote sensing image data is redundant, complementary, and synergistic. Redundancy of multi-source
remote sensing image data indicates that they have the same representation or description of the
environment or target; complementarity means that the information comes from different degrees of
freedom and is independent of each other; cooperative information refers to different sensors that
observe and process information. Rely on other information. In remote sensing, data fusion belongs to a
kind of attribute fusion. It intelligently synthesizes multi-source remote sensing image data in the same
region, resulting in more accurate, complete and reliable estimation and judgment than a single source.
The advantage is the robustness of operation, the improved spatial resolution and image clarity,
improve the accuracy of the planar mapping, classification accuracy and reliability, enhanced dynamic
monitoring and interpretation functions to reduce ambiguity, improve remote sensing image data.
Utilization rate, etc.

The form of multi-source remote sensing information can be divided into two levels: pixel level
(before feature extraction), feature level (before attribute description), and decision level (after sensor
data independent attribute description). Therefore, information fusion can be carried out on three levels:
at the pixel level, feature level and decision level, three low integration fusion frameworks are formed.
Pixel-level information fusion: This is the lowest level of information fusion that can be performed on a
pixel or resolution unit, also known as data-level fusion, which includes one-dimensional time series
data and focal plane data. The spatially-registered remote sensing image data is directly fused, and then
the feature extraction and attribute description of the fused data are performed. The advantage of
pixel-level fusion is that it retains as much information as possible and has high precision. The
downside is that it handles a lot of information, which is time consuming and poorly real time. Feature
Level Information Fusion: A single sensor performs only target detection and feature extraction
processing. Prior to target classification, target information or filtered trajectories from multiple sensors
are combined into a multi-source integration (MSI) trajectory, and feature extraction is then performed
to generate feature vectors. When the combination of these eigenvectors, based on feature-level fusion
process Bayes decision method, neural network method, and performing a feature vector-based fusion
properties described. The advantage is that a large amount of information compression can be realized,
it is convenient for real-time processing, and provides functions directly related to decision analysis, so
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the result of the fusion maximizes the feature information required for decision analysis. At present,
most research on fusion systems is carried out at this level. The disadvantage is that the fusion accuracy
is worse than the pixel level. Decision-level information fusion: This is the highest level of
convergence. Each sensor first completes the classification of the target and combines another
classification decision to generate a complete decision. Therefore, for the target, at least two sensors
must be detected and classified simultaneously prior to sorting.

2.2 The Selection of Evaluation Indicators

Whether the selection evaluation is reasonable or not has a significant impact on the EE evaluation
results. It is hoped that the selection of evaluation indicators is as small as possible and the evaluation
results are as accurate as possible. Therefore, the selection of evaluation indicators should follow the
following five principles: (1) Science: Evaluation indicators should be based on scientific definitions,
and their changes should be related to changes in EE, reflecting the current status and trends of EE.
surroundings. Geological environment. (2) Independence: There are many factors that affect EE, and
the contribution rate of each factor is also different. (3) The rationality of the time-space scale: the
time-space resolution index must be as consistent as possible, reflecting the status and characteristics of
regional energy efficiency. (4) Overall: According to the conceptual model, the corresponding
indicators can be selected to fully reflect the current status and changes of regional energy efficiency. (5)
Accessibility: The selected indicators should be obtained through remote sensing data as much as
possible. These indicators have clear meanings for qualitative or quantitative analysis. According to the
actual energy efficiency and year changes in the Qinghai Lake basin, 9 vegetation coverage,
temperature, vegetation drought index, net primary productivity, land type, surface temperature, annual
rainfall, digital elevation model, slope and wind speed are selected. index. These factors have different
driving forces for the changes in energy efficiency in the Qinghai Lake Basin. Climate factors mainly
include TVDI, annual rainfall, etc. Terrain factors include DEM and slope. The dynamic change of land
cover type is a lateral reflection of the impact of human production activities on energy efficiency;
vegetation cover is a “rule”. Using ground satellite data, it is possible to quickly obtain the ecological
evaluation indicators specified by the wind turbine. The evaluation unit is the smallest precise area in
the ecological environment evaluation process. Whether the selection of evaluation unit is reasonable
has a certain impact on the results of EE evaluation.

In practical applications, the evaluation unit mainly combines the accuracy of index data with the
specific needs of people. (1) Grid/Grid Element: For the surface grid division of the evaluation area,
squares are usually used as the evaluation unit. Through reprojection and resampling, data with no
spatial scale can be obtained. (2) Administrative unit: the vector scope of the administrative division is
the evaluation unit, and the county and city level is the evaluation unit. These evaluation units have
abundant natural and economic conditions, and the common data source is statistical yearbook data.
The scope of administrative units is relatively fixed and the structure is incomplete. (3) Watershed unit:
The watershed maintains the integrity of the ecosystem to a large extent. The traditional method of
collecting watershed data is mainly based on statistical data. The area of the basin is generally large,
and the individual indicators in different regions of the basin are quite different.

2.3 Research ldeas

Land remediation is a process of reorganizing and re-optimizing land resources and their utilization
methods. According to different restoration stages, the comprehensive construction schedule, land use
methods, and land management methods of the project construction content have many direct impacts
on the environment. In terms of soil factors, the implementation of land improvement projects and
agricultural production will affect the physical and chemical properties of soil, soil biological activity,
etc., change soil moisture, soil temperature and texture, and affect soil fertility and soil. In terms of
water resources, the implementation of land remediation projects and the use of facilities will affect
local water resources allocation, improve water use efficiency, improve water resources management
and other activities, and may cause soil erosion. The EE quality dynamic detection process is shown in
Figure 1.
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Figure 1: E quality dynamic testing process
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This article describes the thermal index through the inversion of surface temperature. The steps are
as follows:

1) The gray value of the pixels in the TM6Landsat5 frequency band is converted into the radiation
value (L6) on the sensor. Use a specific surface emissivity (€6) to convert into actual surface
temperature (LST). The calculation methods are described in formulas (4), (5), and (6).

Lg=gain-DN +bias (4)
Tb:K2 / In( Kl / K6 +l) (5)
LST=Ty / [1+(AT / &)Ingg] (6)

2) In the infrared band Landsat82, the land surface temperature 10 selects the band inversion to
scale the thermal infrared radiation radiation value (L 10), which contains three components. The
calculation method of thermal infrared radiation value is shown in formula (7) and formula (8).

Lio =710 |:510810(Ts )+(1-¢&19 )|10¢]Jr o' ()

0 {
BlO(Ts)=|:L10_IlO —710(1—&10 )10 }”10510 (8)

The surface real temperature (LST) is obtained by Planck's law, and the formula is given by
equation (9).

LST =K, /In(Ky / Byo(Ts)+1) (9)

In the formula, K1 and K2 are calibration coefficients, which are obtained from image metadata.
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The building index and the bare soil index are used to synthesize the dryness index and record it as the
dryness index (NDBSI). The calculation method is shown in formula (10).

NDBSI =(SI+ IBI) /2 (10)

3. Experiments

This study selected a high-standard farmland construction project as a research case. The project
area belongs to the mid-subtropical zone - the north subtropical seasonal monsoon humid climate, with
sufficient sunshine, cold winters, hot summers and four distinct seasons; annual average temperature of
16.8 <C, annual precipitation of 1340 mm, annual frost-free period of about 281 days; project area
Kaiping, average 25 meters above sea level. The agricultural production in the project area is mainly
based on food crops, mainly planting double-season rice; other cash crops, mainly cotton and rapeseed.
The project construction scale is 2876.66hm2, with a total investment of 85.411 million yuan. The
implementation period is 2016-2018. The project involves 12 administrative villages with an area of
217.45hm2 of arable land, an area of 309.80hm2 of land leveling works, and an excavation area of
311800m3. New irrigation transformation channels, drainage channels and drainage channels
264.23km, pipelines culvert 4548, and reservoirs 180. There are 180 new pumping stations, 60
mechanical growth bridges, and 1.41km transmission lines; 297.44 kilometers of new roads and 173.81
kilometers of production roads. “The featured method has achieved agricultural benefits and increased
farmers’ income.

4, Discussion

Perform PCA transformation on the synthesized new image to obtain the principal component
analysis results, as shown in Table 1. The results show that the first principal components of the 13
stages are 62.99%, 72.70%, and 66.89% respectively. The signs and amplitudes of other principal
component indicators are unstable, and the interpretation of the results is weak. This is only the first
time the principal component model has been established. Corresponding to the calculation results of
environmental quality, use 1-PC1 RSEIO to get the initial ecological index, and then normalize RSEIO
to get the RSEI index. The remote sensing evaluation of EE quality is shown in Figure 2.

Table 1: Principal component analysis results

index PC1 PC?2 PC 3 PC 4
WET 0.520 0.257 0.545 0.606
NDVI 0.264 0.695 0.462 0.484
LST 0.440 0.595 0.672 0.026
NDBSI 0.683 0.311 0.197 0.631
Eigenvalue (RSEI) 0.098 0.030 0.016 0.002
Percent Eigenvalue% 66.89 20.59 11.26 1.26
# g &
-
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Figure 2: Remote sensing evaluation of EE quality
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Based on three stages of remediation period (pre-remediation-remediation), recovery period (after
remediation-remediation) and whole process (before remediation-remediation), 5 levels of RSEI (poor,
poor, medium, good, Excellent) The grade difference is divided into four grades and four grades
according to the change of each grade to other grades, which are classified into three grades and nine
grades. 2 grade difference: grade range [4, 4]; the change range of each adjacent two grades is grade 1
(and so on), the negative value is high-grade to low-level change, the EE quality is deteriorated, and the
zero value indicates that the EE quality remains unchanged. Change, positive values indicate that the
quality of the EE is getting better, as shown in Fig 3.
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Figure 3: Evaluation of EE quality before and after remediation

Changes in various components: the humidity index continued to rise before, during and after the
recovery; the green index decreased slightly and then improved; the heat index increased significantly
and then decreased. According to the results of field surveys, the types of crops before, during and after
the project area remain basically unchanged, but the output has changed. Before, after and after the
restoration, the double-cropping rice and the average yield per mu were 11,100 and 10,950, respectively.
At the same time, improve the supporting projects in the irrigation area to improve the stability of
agricultural production; increase the impermeability of bridges, culverts, pumping stations and other
infrastructure. This situation in the region confirmed the changes in indicators such as NDVI, WET,
LST and NDBSI. The EE quality is shown in Figure 4.

Figure 4: EE quality map

From the perspective of space, according to the research results, UAV image recognition and on-site
research, the regions with different EEs at different stages are mainly distributed between facilities and
villages. The areas with large changes in the EE are mainly distributed by equipment. Regional and
agricultural land reflects the negative impact of project implementation and prevention of
environmental quality leakage in the project area.
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5. Conclusion

The project area has been restored for 6 years. Analyze the changes in EE quality during the entire
repair process. The results show that: 1) The humidity and greenness indicators of the project area are
positively correlated with the EE quality of the project area, the dry heat index is negatively correlated,
and the drought index is the most significant. 2) The areas with good RSEI before, after and after
restoration accounted for 78.73%, 39.55%, and 63.29% of the restoration, restoration, and whole
process stages, respectively. The main changes in RSEI have become worse, better, and unchanged.
The corresponding proportions are 62.48%, 44.39% and 46.25% respectively. 3) The energy efficiency
quality of the project area "decreased first and then increased-overall decline”, expressed as
"deterioration in the recovery period-long recovery period-deterioration in the whole process”. Land
improvement has caused continuous disturbance to the energy efficiency of the project area, and there
is a lag in the restoration and improvement of regional energy efficiency. During the restoration period,
the project facilities will benefit, the regional irrigation support rate will increase, crop growth
conditions will be improved and improved, and the ecological environment quality will be restored. In
general, the quality of the ecological environment in the project area first declined and then increased,
but the quality of the ecological environment after restoration was lower than the quality of the
ecological environment before restoration, mainly due to the production roads after construction.
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