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THE GARDEN VEGETATION COVERAGE MONITORING AND SPATIAL ANALYSIS
MODEL BASED ON REMOTE SENSING TECHNOLOGY

YINGYING TAN∗AND JIANG CHANG†

Abstract. A correlation study was conducted between SPOTVEGNDVI monthly data and rainfall data in Yulin, Yan ’an,
Xi ’an and Ankang of Shaanxi Province from 2015 to 2022. The ecological effects of urban vegetation cover were studied using
the revised standardized Vegetation Index (NDVIC). It is found that NDVIC has a strong correlation with precipitation, and
its correlation increases with the increase of altitude. Vegetation cover in the Ankang area increased significantly from 2016 to
2022. The net primary productivity index of urban green space increased significantly in October 2016-2022, which is an objective
reflection of the effectiveness of urban green construction. This study can lay a theoretical foundation for the objective quantitative
assessment of the ecological effects of urban vegetation cover.
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1. Introduction. Soil erosion and desertification are the most severe ecological problems in China. This
is also the main reason for the frequent occurrence of flood disasters and wind and sand disasters in recent years
[1]. Vegetation is critical in soil improvement, climate control, carbon dioxide emission reduction, soil and water
conservation, and conservation. Remote sensing can make rapid and large-scale ground-to-ground observations
non-contact, providing vital support and accuracy guarantees for large-scale and dynamic ecological environ-
ment monitoring. Using advanced remote sensing to monitor the vegetation evolution of forest ecosystems in
real-time can shorten the time of field investigation, reduce the cost and improve monitoring accuracy. At the
same time, it allows researchers to carry out real-time observation in areas that are difficult to access, such
as mountains, deserts and wetlands. It is more practical. Presently, domestic and foreign researchers mainly
use Landsat remote sensing and MODIS remote sensing images to study the vegetation coverage of the study
area [2]. There are few studies on regional plant coverage based on satellite remote sensing data of Ankang
City. Most of the current research is carried out in Shaanxi province. Reference [3] uses MODIS/NDVI data
combined with meteorological and DEM data to study the temporal and spatial distribution characteristics of
vegetation coverage in Shaanxi Province in recent years and discusses the effects of temperature and rainfall
on vegetation coverage. Literature [4] uses a pixel dichotomous model to study the ecological environment of
Buxell County. Literature [5] studied the ecosystem in the source area of the Kaidu River based on the binary
model of image elements. Literature [6] used satellite image data to study the vegetation cover in the North
Canal Zone. In literature [7], the pixel simulation method was applied to study the urban area of Kashgar,
Xinjiang. Ecological environmental protection and biodiversity protection in Ankang City are the basis for
evaluating the implementation effect of ecological engineering projects and environmental protection [8]. This
project plans to take Yulin, Yan ’an, Xi ’an and Ankang in Shaanxi Province as the research objects [9]. In this
paper, an improved standardized Vegetation index (NDVIC) is established to study the influence of vegetation
cover on urban construction.

2. Overview of the survey area. Shaanxi Province is a severe soil and water loss and desertification area
in China. The area of soil and water loss has reached 66.9%, which has seriously affected the region’s economic
development [10]. Through ecological and environmental protection projects such as afforestation, 60% of soil
erosion has been eliminated by the end of 2019. Yulin (YL), Yan ’a (YA), Xi ’an (XA) and Ankang (AK) are
located in the North-South transect of Shaanxi Province, and their natural conditions and precipitation have
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Fig. 2.1: Land use status of Yulin, Yan ’an, Xi ’an and Ankang in 2017.

a good transition, which is suitable for NDVI precipitation related research, and also show an excellent spatial
pattern from north to south (fig. 2.1).

3. Data and methods.

3.1. Data Sources. In this paper, remote sensing images of 1 km*1 km were obtained from 2015 to
December 31, 2022, using SPOT VEGETATION satellite data [11]. There are 300 images. Its calculation
method is given in equation (3.1).

NDV I =
NIR− Re d

NIR+Re d

NIR represents the reflectivity of SPOT in the red-light region. Red represents the wavelength of SPOT.
NDVI ranges from 0.1 to 0.7. With the increase of NDVI value, vegetation coverage increased gradually. The
NDVI of the study area is the average NDVI of each pixel [12]. The NDVI for that month is the average of
the previous, middle and following three months of each month. The national precipitation data from 2015 to
2022 are the precipitation data of the China Meteorological Administration from 2015 to 2022. The rainfall of
each month is the sum of the daily rainfall.

3.2. Establishment of Green Plant Coverage Evaluation Index system. The linear regression
model of NDVI and precipitation is given by equation (3.2).

NDV IR = f(Rα in fall ) = αR+ β

NDV IC = NDV Iob −NDV IR

NDV IR is the monthly average NDV I value obtained by the multiple linear regression model in the study
area. R stands for precipitation intensity. α, β is a parameter of the equation. The NDV IC index of structure
(3.3) is used to reflect the influence of urban green landscape. Where NDV IC is NDV I after deducting rainfall
response. NDV Iob is the objective, standardized vegetation index on the NDVI image.

3.3. Pixel binary mode. The basic idea of ”pixel dichotomy” is to divide the reflection coefficient of the
pixel S into two regions: reflectance Sα of the vegetation part and Sβ of the non-vegetation part, in which the
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reflectance of any pixel can be expressed by reflectance Sα of vegetation part and Sβ of nonvegetation part,
that is:

S = Sα + Sβ

Suppose that the proportion of one plant in each pixel on the image is gz (the vegetation coverage on the
pixel), then the proportion of the two types is 1− gz. The reflectance of a pixel is Sveg when it is completely
covered by plants, and Ssoil when it is completely uncovered by vegetation. The information Sα contributed
by the vegetation portion of the mixed pixel can be expressed as an integral on one pixel [13]. It is a pure
product of vegetation reflection coefficient Sveg and pixel Gz. The information Sβ contributed by non-vegetation
components can be expressed as the product of Ssoil and 1−Gz

Sα = Gz × Sveg

Sβ = (1−Gz)× Ssoil

By solving equations (3.4), (3.5) and (3.6), the following formula for calculating vegetation coverage can
be obtained:

Gz = (S − Ssoil ) / (Sveg − Ssoil )

3.4. Extraction of vegetation coverage. This project selects the highest annual peak value of MODIS
NDVI data as the vegetation cover data. According to the pixel dichotomy theory, it is assumed that surface
NDVI can be divided into two components [14]. That is, the information contributed by the green vegetation
part and the information contributed by the non-vegetated part. According to the method of formula (3.7),
the calculation formula of ”vegetation coverage” can be expressed as:

Gz = (NDV I −NDV Isoil ) / (NDV Iveg −NDV Isoil )

NDV Isoil indicates the value of NDV I for the area where the soil is entirely bare or without plants [15].
NDV Iveg represents pixelNDV I covered by plants, which is simply pixelNDV I. When there is no observation
data, the minimum of NDVI of a specific confidence interval is used as the best non-vegetation coverage on the
image of the evaluation area. is NDV Iveg to select the maximum NDVI value on the evaluation area image of
a specific trusted range, that is, the ideal vegetation coverage area of the region. Thus, the vegetation indicator
model becomes:

Gz = (NDV −NDV Imin) / (NDV Imax −NDV Imin)

Thus, the vegetation index in the mixed pixel is transformed into the surface vegetation coverage. ER-
DASIMAGE9.1 platform and Modeler were used to construct a quantitative conversion model of vegetation
coverage. According to the spectral characteristics of pixels, vegetation coverage was statistically classified and
graded according to 0% ∼ 5%, 5% ∼ 20%, 20% ∼ 50%, and 50% ∼ 100%.

4. Results and discussion.
4.1. Research on the correlation between vegetation index and precipitation. The correlation

analysis of NDVI and precipitation in the study area in each month from 2015 to 2022 (Table 4.1) shows that
precipitation has a strong lag effect on NDVI. The average of the two is the largest between the ”precipitation of
the month and the previous month.” This is inconsistent with the correlation between the average precipitation
of the previous month and the previous month, which is related to the natural conditions in the study area.
Xi ’an is the primary water source in the four pilot zones [16]. The degree of correlation with the other three
regions is small. And they have little correlation with precipitation (Table 4.1).

Through the linear regression of NDVI and the average data of ”precipitation in the current month and the
previous month,” the correlation between the two is obtained in Yan ’an area [17]. It is followed by Yulin and
Ankang, Xi ’an is the lowest, and there is a big difference between the fitting results and the ideal conditions
that increase with the elevation. The reason is probably because the Yulin area is mainly desert, and the
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Table 4.1: Correlation between vegetation index and precipitation in Yulin, Yan ’an, Xi ’an and Ankang.

C C�P1 C�P2 C�P3
Yulin 0.619 0.771 0.767 0.668
Yan’an. 0.798 0.853 0.782 0.649
Xi ’an 0.202 0.286 0.068 -0.086
Ankang 0.535 0.569 0.477 0.310

Fig. 4.1: Linear correlation analysis of vegetation index and precipitation: Yulin, Yan ’an, Xi ’an, Ankang.

relationship between them is weakened due to decreased vegetation coverage. The extensive irrigation area in
Xi ’an reduces its sensitivity to rainfall. The average annual rainfall in Ankang is more than 800 mm. Natural
precipitation has little effect on ground vegetation. Therefore, Yan ’an has become a typical area for studying
the impact of green landscapes in this region (FIG. 4.1).

4.2. NDVI change analysis. The NDVI of the Ankang region from 2016 to 2022 (FIG. 4.2) showed a
significant upward trend every month, and the area increased by 94.3% from July to September. In addition,
the southeast and the north are the important distribution areas of grassland and dry land, while the southwest
is the smallest distribution area of forest and shrubs [18]. The August NDVI growth rate reached 99.12%, with
July to September the same. In October, NDVI increased significantly in all provinces and regions, but the
differences among regions decreased. In the north, the increase rate was significantly lower than that from July
to September, but in the west, the highest value was still located in the southeast, and in the middle, there
was a band of low-value area of NDVI, indicating that the water distribution in this region was closely related
to the change of irrigation area.

NDVI has increased significantly each month, which is 1.45 and 1.41 in October, August and July-September
2022 (Figure 4.3). The spatial variation trend of NDVI in October showed that the highest point of the NDVI
curve from 2016 to 2022 was from high to low, and the number of patches at the highest point showed a
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Fig. 4.2: Spatial distribution of NDVI growth in Ankang from 2016 to 2022.

Fig. 4.3: Quantitative distribution of NDVI changes from July to September, August and October in Ankang
from 2016 to 2022.

decreasing trend, which indicated that the coverage of surface grassland, shrub and forest land was constantly
improving, and there was a decreasing trend among different regions [19]. Under the influence of natural and
human factors, the vegetation coverage of agricultural land increased significantly from 2016 to 2022. However,
the analysis of NDVI and corresponding precipitation data in October shows that the variation amplitude of
NDVI during 2018-2022 is not uniform, especially during 2018-2022. Therefore, it is suggested that precipitation
cannot explain the variation of NDVI well. In addition, different underlying surface conditions have different
effects on NDVI.

4.3. Effect analysis of garden vegetation coverage. The changing trend of the vegetation index
in the Ankang region from July to October 2015 to 2022 shows that human activities have an essential im-
pact on the growth of the vegetation cover index (Figure 4.4). NDVIC increased the most in July, from
0.31 in 2015 to 0.35 in 2022, due to the greening of the region, which has increased the vegetation coverage
per unit area by returning some dry fields that existed as bare soil during the cultivation period to wood-
land/scrub/grassland. NDVIC volatility increased in August and September but was not as large as in July.
NDVIC of the forest/irrigation/grass composite system increased significantly in October, indicating that the
forest/irrigation/grass composite area will increase rapidly from 2015 to 2022, which is also an objective re-
flection of the impact of landscape plants on the ecosystem. However, very few observational data available
at present cannot show the location of new forests/grasslands in landscape greening projects. Moreover, the
productivity of the farmland ecosystem is improved, which makes the NDVIC value of the farmland ecosystem
continue to rise. Because of the limitations of the data, people could not identify them.
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Fig. 4.4: Changes of NDVIC value in Ankang City from 7, 8, 9, and 10 2015 to 2022.

5. Conclusion. NDVI is an effective method to study vegetation distribution’s spatial and temporal
trends. The NDVI variation index excluding precipitation was established based on previous studies on the
relationship between NDVI and precipitation. The paper will take Ankang as a case to evaluate the effectiveness
of the project quantitatively. The results show that (1) there is a significant correlation between NDVI and
precipitation, but there is a lag in the response to rainfall, in which the lag time of Yulin area, Yan ’an area,
Xi ’an area and Ankang area is one month. The precipitation is the average precipitation in the current and
previous months. The correlation also increases as the latitude increases from low-value to high-value regions.
(2) NDVI of Ankang City showed a significant upward trend from 2016 to 2022, and the most significant trend
was from 2002 to 2022, mainly in the dry land and grassland in the southeast of the city. There are natural
and humanistic reasons for this phenomenon, and the humanistic reasons are caused by landscape greening and
other reasons. The Ankang Greening project has achieved remarkable results, and the number of NDVICs in
October 2015-2022 has significantly increased, which is reflected in this goal. (3) The specific location and scope
of green land are accurately located according to the correlation between NDVI and rainfall to realize better
the quantitative evaluation of the engineering effect of landscape green land based on adding meteorological
observation stations.
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