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QUANTIFYING URBAN VEGETATION COVERAGE CHANGE 
WITH A LINEAR SPECTRAL MIXING MODEL:  

A CASE STUDY IN XI’AN, CHINA  

Abstract:  With the rapid development of urban area of Xi’an in recent years, the contradiction between ecological 
environmental protection and urban development has become prominent. The traditional remote sensing 
classification method has been unable to meet the accuracy requirements of urban vegetation monitoring. 
Therefore, how to quickly and accurately conduct dynamic monitoring of urban vegetation based on the spectral 
component characteristics of vegetation is urgent. This study used the data of Landsat 5 TM and Landsat 8 OLI in 
2011, 2014 and 2017 as main information source and LSMM, region of variation grid analysis and other methods 
to analyse the law of spatial-temporal change of vegetation components in Xi’an urban area and its influencing 
factors. The result shows that: (1) The average vegetation coverage of the study area from 2011 to 2017 reached 
more than 50 %, meeting the standard of National Garden City (great than 40 %). The overall vegetation coverage 
grade was high, but it had a decreasing trend during this period. (2) The vegetation in urban area of Xi’an 
experienced a significant change. From 2011 to 2017, only 30 % of the low-covered vegetation, 24.39 % of the 
medium-covered vegetation and 20.15 % of the high-covered vegetation remained unchanged, while the 
vegetation in the northwest, northeast, southwest and southeast of the edge of the city’s third ring changed 
significantly. (3) The vegetation quality in urban area of Xi’an has decreased from 2011 to 2014 with 6.9 % of 
vegetation coverage reduced; while from 2014 to 2017, the overall vegetation quality of this area has improved 
with 2.1 % of the vegetation coverage increased, which was mainly attributed to urban construction and Urban 
Green Projects. This study not only can obtain the dynamic change information of urban vegetation quickly, but 
also can provide suggestions and data support for urban planning of ecological environmental protection. 

Keywords: urban vegetation changes, vegetation components partition, Linear Spectral Mixing Model (LSMM), 
vegetation quality, remote sensing 

Introduction 

With the formulation and implementation of the national plan for building city clusters 
and metropolitan areas, China’s urbanization rate has reached 59.58 % in 2018 [1]. As more 
and more rural population is moving to cities, the ecological space in urban areas are 
threatened and there are prominent contradictions between ecological environmental 
protection and economic development [2]. In this case, the spatial-temporal change 
monitoring of urban environment will become more and more important [3]. Urban 
vegetation is the sum of all kinds of plants such as forests, thickets, hedges, flower beds 
also situated in green roofs, grasslands, trees and crops owned by parks, campuses, temples, 
squares, courts, courtyards, streets, farmlands and idle spaces in the city [4-6].  
As an important element of urban ecosystem, urban vegetation plays an irreplaceable role 
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in promoting the development of urban production, enriching citizens’ life and maintaining 
ecological equilibrium [7]. For example, it can alleviate “Urban Heat Island”, improve 
regional climate and so on [8]. 

With the rapid development of urbanization, the change of vegetation coverage has 
become an important basis of measuring urban ecological status and promoting urban 
ecological landscape planning [9, 10]. At present, researches on urban vegetation coverage 
dynamics that scholars at home and abroad carried out are mainly as follows. (1) Image 
monitoring based on time series [11]. Du et al. [12] used MODIS NDVI data and 
meteorological observation data during 2000 to 2016 and adopted maximum synthesis, 
trend analysis and other related methods to study the distribution characteristics of NDVI in 
Qinghai-Tibet Plateau at different periods and its relationship with precipitation and 
temperature. Li et al. [13] studied the law of ecological environment evolution in the 
Yangtze River Delta based on MODIS influence. But this method generally has a low 
resolution ratio, so that it is difficult to reveal the subtle change of vegetation.  
(2) Vegetation change monitoring based on medium-resolution land use classification data. 
Liu et al. [14] used multi-source remote sensing data to clarify the relationship between 
land use change and urban ecological environment in urban area of Beijing. Hussein et al. 
[15] extracted land use classification data by Landsat images and monitored urban 
vegetation coverage. This method usually depends on land use classification standards, so it 
is difficult to reflect the dynamic conversion between vegetation in different areas with 
different coverage grades. (3) Urban land monitoring based on Unmanned Aerial Vehicles 
(UAV) and high-resolution images [16]. Liang et al. [17] pointed out that the UAV remote 
sensing in the aspect of urban green space information extraction is very mature, which can 
effectively evaluate urban green spaces and ecological services. Hashim et al. [18] studied 
urban green space extraction and vegetation index thresholds using high-resolution images. 
However, there are some limitations in application and promotion due to high-resolution 
images’ large volume of data and its high cost. Monitoring on urban vegetation change 
mostly focuses on land use classification, but it is time-consuming and labour-intensive.  
And the computer classification and recognition algorithms are usually used as statistical 
regression or training methods, most of which are supervisory modelling analysis [19, 20]. 
In the current researches based on land use classification, the "majority" method is often 
used to classify mixed pixels, and vegetation components in non-vegetation pixels are often 
ignored, resulting in statistical errors. How to eliminate these statistical errors from the 
perspective of remote sensing mechanism and spectral decomposition and how to find out 
vegetation components contained in non-vegetation units are worth studying. 

Xi’an is the only megacity in northwest China and a key city along the Belt and Road 
Initiative [21]. In 2014, the establishment of Xixian New Area was approved by the State 
Council; in 2018, the National Development and Reform Commission (NDRC) issued  
a document to approve the Guanzhong Plain City Cluster Development Plan, clearly 
proposing to build Xi’an into the ninth National Central City [22]. This development trend 
indicates that with the urban construction speed of Xi’an, its urban environment is 
changing. Therefore, it is of great significance to carry out research on vegetation coverage 
change in Xi’an. This study takes the urban area of Xi’an within the third ring as the study 
area, using the TM remote sensing data in 2011, 2014 and 2017 as the information source 
and taking the high spatial resolution Google images of the same period as references to 
analyse three points as follows. (1) The change of vegetation coverage and vegetation 
components in Xi’an urban area during the past decade. (2) The law of vegetation spatial 



Quantifying urban vegetation coverage change with a linear spectral mixing model: A case study … 

 

89

variation and mutual conversion in urban area of Xi’an. (3) The influence factors of 
vegetation change in urban area of Xi’an. The results of this research will provide 
references for urban vegetation construction and green space system planning in the study 
area. 

Materials and methods 

Study area 

Xi’an, the study area, is located between 107°40’~109°49’E and 33°39’~34°45’N  
(Fig. 1). The south and southeast of this city is bounded by the main ridge of the Qinling 
Mountains, which is adjacent to Hanzhong City and Shangluo City; the west of this city is 
bounded by Taibai Mountain and Qinghua Taiyuan, bordering Baoji City; the northwest is 
bounded by the Weihe River, facing Xianyang City across the river; and the east is bounded 
by the Linghe River and Ruyuan Mountains, bordering Weinan City. The climate of this 
area belongs to the Semi-humid Monsoon Climate of Warm Temperature Zone with four 
distinct seasons. 

 
Fig. 1. Study area 

Data source and pre-processing 

The remote sensing data in this study comes from the Geospatial Data Cloud of 
Chinese Academy of Sciences  and the administrative boundary data of the study area 
comes from Xi’an Database of Forest Resources Second Inventory. Considering that the 
cloud cover on the day when the remote sensing data was obtained was less than 10 % and 
the influences of vegetation growth season and other factors, 6 bands of the Landsat 5 TM 
sensor on June 4, 2011 and 7 bands of Landsat 8 OLI sensor on May 11, 2014 and April 17, 
2017 were finally selected, with a spatial resolution of 30 m. The orbit number is 127/36. 
For eliminating the effects of different data source and time, we used relative radiometric 
calibration method, while treated the Landsat 5 TM images as reference and other images 
conduct relative calibration. All the calibrations including FLAASH atmospheric correction 
and geometric correction for the original images was conducted with ENVI 5.3 [23] 
software. 
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Extraction of vegetation coverage grade 

Remote sensing inversion method establishes correlation with vegetation coverage 
grade through establishing vegetation remote sensing spectral information of the study area, 
and then obtains vegetation coverage grade [24-26]. When the interaction between incident 
radiation and the land-cover material in the scene involves a single endmember, then the 
pixel’s spectral response can be satisfactorily modelled by the weighted sum of the 
endmembers’ spectral responses, with the weights estimated by the fraction of the pixel 
covered by the endmember. The modelling process is then known as Linear Spectral 
Mixture Model (LSMM) [27]. The Linear Spectral Mixing Model (LSMM) decomposition 
adopted in this study does not require the measurement of ground vegetation coverage data 
for modelling which is easy to popularize [28]. Generally, LSMM’s definition is that the 
reflectance of pixels in a certain spectral band is a linear combination of the reflectance of 
the terminal units constituting pixels and its proportion in the pixel area as the weight 
coefficient [29-31]. The formula is as follows: 
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where Riλ is the spectral reflection of the i pixel in the λ band; N is the number of basic 
components; in N ≤ m + 1, m is the number of bands; f is the value of component occupied 
by the k basic component in its corresponding i pixel; Ckλ is the spectral reflection of the k 
basic component in the λ band; εiλ is the error value of the i pixel in the λ band; RMS is the 
error image of root-mean-square. 

Endmembers collection 

According to the characteristics of land cover in this study area, the endmembers can 
be defined as four categories: bare soil, vegetation, impervious layer and water body. 
Generally, there are many methods to collect endmembers, such as endmembers extraction 
based on geometric vertex, Pixel Purity Index (PPI) or Sequential Maximum Angle Convex 
Cone (SMACC), etc. [32] In this study, the endmembers were selected by establishing 
Region of Interest (ROI). Generally, ROI is defined as selecting and applying information 
about the area you want to capture in remote sensing image processing. First, it used 
Minimum Noise Fraction (MNF) transformation to remove the noise of mask data and 
confirm the intrinsic dimensions of data, so as to reduce the amount of calculation in 
subsequent study [33-35]. In this way, the images in three stages were changed into six 
band components through MNF transformation. This study synthesized the bands of the 
first three components to obtain false colour images. Then, based on the Google Earth 
historical images of the same period as a reference, ROI was established. At last, the 
original range of the endmembers that influence the spectrum was collected [36] (Fig. 2). 
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Fig. 2. Spectral reflectance of each band: a) in 2011, b) in 2014, c) in 2017 

LSMM decomposition and validation 

Using the collected spectral profile of endmembers, the vegetation coverage of this 
study area was obtained through LSMM decomposition with the restrictive Least Squares. 
According to the RMS images of data’s root-mean-square in three stages obtained through 
LSMM decomposition, the mean error was 1.69, which met the analysis accuracy 
requirements of vegetation coverage change. 

Changes of vegetation coverage grade 

Vegetation components extracted through LSMM were defined as vegetation coverage 
grades. According to the realities of the study area, the vegetation coverage in this area was 
divided into five grades (Table 1) using the classification method proposed in the literature 
[37] and was denoted by Fg. Then the spatial distribution of vegetation coverage grades is 
obtained. Through transition matrix and hierarchical encoding (Table 1), changing trends of 
vegetation coverage grades from 2011 to 2014 and from 2014 to 2019 are calculated.  
The formula is as follows [38]: 

 ( 1)10i j ti j t i jY X X× × + ×= × +  (4) 

where i, j represent the line and column code number of raster graphics; Yi×j  represents 
vegetation coverage change of pixel in the line i, column j from t to t+1 period; Xki×j  

represents the code number of the previous vegetation coverage; and X(k+1)i×j represents the 
code number of the latter vegetation coverage [39]. 

 
Table 1 

Thresholds of different vegetation coverage grades (Fg: fraction of vegetation coverage) 

Vegetation coverage No-covered Low-covered Medium-covered High-covered Full-covered 
Grade 1 2 3 4 5 

Coverage degree [%] 0 ≤ Fg  < 20 20 ≤ Fg < 40 40 ≤ Fg < 60 60 ≤ Fg < 80 80 ≤ Fg 
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Analysis of vegetation quality grade change based on geospatial grid method 

This study used grid analysis to describe the spatial distribution of vegetation change 
[40]. Considering the area and the reasonable form of the vegetation distribution of the 
study area comprehensively, 480 × 480 m grids were divided. The attributes of vegetation 
evolution type in the grid are defined according to the weight of the vegetation change type 
in the grid. If the weight of vegetation evolution type in grid is more than 50 %, then define 
this type as grid transition. In this way, the main spatial distribution of vegetation evolution 
types can be obtained. 

The vegetation change types were divided based on the transition matrix and the 
spatial distribution of vegetation coverage grade. The increase of vegetation coverage grade 
is defined as high-transition type, an unchanged vegetation coverage grade is defined as 
invariant-transition type, and a decline in vegetation coverage grade is defined  
as low-transition type. The formula is presented as follows: 

 ( 1)i j t i j ti jTY X X× + × ×= −  (5) 

where TYi×j represents vegetation coverage change type from t to t+1 period; X(t+1)×j 
represents the code number of the previous vegetation coverage; Xki×j represents the code 
number of the latter vegetation coverage (Table 1). If TYi×j  > 0, the vegetation type is 
defined as high-transition type; if TYi×j < 0, the vegetation type is defined as low-transition 
type; and if TYi×j = 0, it is defined as invariant-transition type. 

Results and discussion 

Vegetation components characteristics in Xi’an urban area 

The average vegetation coverage of the study area in three stages reached 50 %, and 
the coverage rate was relatively high (Fig. 3, Table 2), which exceeded the evaluation 
standard of National Forest City (great than 40 %). The annual average vegetation coverage 
decreased by 11 % from 2011 to 2014, 3 % from 2014 to 2017, and 13 % from 2011 to 
2017 respectively. The average reduction of standard deviation of vegetation coverage 
grade in study area during these three stages was 1.73, 6.17, 7.90 % respectively, where 
mainly occurred in the surrounding of the urban city. From the area of different vegetation 
coverage grades, it can be seen that there is an increasing trend of no vegetation coverage 
during all these three stages where mainly occurred in the north and northwest of urban 
area; in the variation trend of low, medium, high, and full vegetation coverage, except that 
low coverage in 2011 to 2014 and full coverage in 2014 to 2017 increased slightly, the rest 
of them showed different degrees of downward trend. 
 

Table 2 
Statistics of average vegetation coverage and its grade composition area between three stages of the study area 

Year 
Area of different vegetation coverage [km2] 

Fg No coverage Low coverage Medium coverage High coverage Full coverage 
2011 58.00 190.28 94.72 75.33 50.72 46.70 
2014 48.00 238.58 99.20 58.24 32.87 28.86 
2017 45.00 251.80 76.79 51.27 32.72 45.15 
∆14-11 –11.00 48.30 4.47 –17.09 –17.85 –17.84 
∆17-14 –3.00 13.22 –22.40 –6.97 –0.14 16.30 
∆17-11 –13.00 61.52 –17.93 –24.06 –17.99 –1.54 
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Fig. 3. Vegetation coverage grade: a) in 2011, b) in 2014, c) in 2017 

Transitions of vegetation coverage grades in urban area of Xi’an 

During 2011 to 2017, areas without vegetation coverage were located in impervious 
areas (located in the core of urban city) such as urban buildings, water bodies, etc., among 
which 83.12 % remained unchanged (Table 5, Fig. 4c). The rest was mainly transferred to 
low and medium coverage grades. The transition to low coverage areas were located at the 
north, south and southwest to central part of study area; and the transition to medium 
coverage areas were located at the north and south of study area. Areas that transferred to 
no coverage grade include all kinds of coverage grade components. The comprehensive 
transition effect led to a 7.90 km2 reduction of no coverage area and the proportion of low 
coverage area remained unchanged. The proportion of the rest areas that mainly transferred 
to no coverage, medium coverage, high coverage and full coverage accounted for 50.10, 
13.28, 3.91 and 2.71 % respectively. 

 
Table 3 

The transition matrix of different vegetation coverage grade area from 2011 to 2014 

Transition rate [%] 
2014 

Grade No coverage Low coverage Medium 
coverage High coverage Full coverage 

2011 

No coverage 86.93 10.22 2.04 0.58 0.24 
Low coverage 44.61 42.97 9.41 1.98 1.02 

Medium 
coverage 

20.37 35.70 31.06 8.68 4.19 

High coverage 16.76 15.55 31.58 24.99 11.12 
Full coverage 15.73 8.63 12.82 22.87 39.96 
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Fig. 4. a) Transfer distribution maps of area proportion of vegetation coverage grade from 2011 to 2014, 
b) transfer distribution maps of area proportion of vegetation coverage grade from 2014 to 2017, 
c) transfer distribution maps of area proportion of vegetation coverage grade from 2011 to 2017, 
note: N means no coverage, L means low coverage, M means medium coverage, H means high 
coverage, F means full coverage 

Table 4 
The transition matrix of different vegetation coverage grade area from 2014 to 2017 

Transition rate [%] 
2017 

Grade No coverage Low coverage Medium 
coverage High coverage Full coverage 

2014 

No coverage 84.80 11.11 2.56 0.84 0.68 
Low coverage 33.16 36.66 21.98 5.69 2.51 

Medium 
coverage 

15.59 17.05 29.35 24.04 13.97 

High coverage 12.79 7.17 13.36 23.81 42.87 
Full coverage 12.65 4.65 6.18 11.25 65.28 

 
Table 5 

The transition matrix of different vegetation coverage grade area from 2011 to 2017 

Transition rate [%] 
2017 

Grade No coverage Low coverage Medium 
coverage High coverage Full coverage 

2011 

No coverage 83.12 10.66 3.73 1.47 1.02 
Low coverage 50.10 30.00 13.28 3.91 2.71 

Medium 
coverage 

29.98 22.71 24.39 13.25 9.67 

High coverage 25.14 12.77 17.22 20.15 24.72 
Full coverage 24.07 9.01 9.35 12.89 44.69 
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During 2011 to 2014, areas without vegetation coverage were widely located in 
impervious areas (located in the core of urban city) such as urban buildings, water bodies, 
etc. (Table 3, Fig. 4a), among which 86.93 % remained unchanged. The other 13.07 % 
mainly transferred to low and medium coverage grades which were mainly located at the 
central of Weiyang District, the south of Baqiao District and Yanta District. Areas that 
transferred to no coverage grade included all kinds of coverage grade components.  
The comprehensive transition effect led to a 48.30 km2 increase of no coverage area and the 
proportion of low coverage area remained unchanged (42.97 %). The proportion of the rest 
areas that mainly transferred to no coverage and medium coverage accounted for 44.61 % 
and 9.41 % respectively; areas transferred to no coverage were distributed all over the study 
area; areas that transferred to no coverage, medium coverage, high coverage and full 
coverage had a comprehensive impact that resulted in the increase of the low coverage area 
by 4.47 km2. 

During 2014 to 2017, areas without vegetation coverage were widely located in 
impervious areas such as urban buildings, water bodies, etc., among which 84.80 % 
remained unchanged. The rest 15.20 % mainly transferred to low and medium coverage 
grades which were mainly located at the north, southwest, southeast and east of the study 
area (Table 4, Fig. 4b). Areas that transferred to no coverage grade included all kinds of 
coverage grade components. The comprehensive transition effect led to a 13.22 km2 
increase of no coverage area and the proportion of low coverage area remained unchanged 
(36.66 %). The proportion of the rest areas that mainly transferred to no coverage, medium 
coverage, high coverage and full coverage accounted for 33.16, 21.98, 5.69, 2.51 % 
respectively; areas transferred to no coverage and medium coverage were distributed all 
over the study area and areas transferred to high coverage and full coverage were mainly 
distributed at the fringe of study area; areas that transferred to no coverage, medium 
coverage, high coverage and full coverage had a comprehensive impact that resulted in the 
decrease of the low coverage area by 22.40 km2. 

Spatial dynamics of quality grade of vegetation coverage 

There were differences in vegetation coverage grade changes among 2011, 2014 and 
2017. The rise of vegetation coverage grade is considered to have a trend of vegetation 
improvement; the invariable vegetation coverage grade is considered to have an unchanged 
trend; and the decline of vegetation coverage grade is considered to have a trend of 
vegetation degradation [41-43]. From 2011 to 2014 (Fig. 5a), 6.9 % of vegetation coverage 
reduced in the study area. The dynamic changes of vegetation coverage in study area were 
mainly located at the west of Weiyang District, the east of Xincheng District, the north of 
Baqiao District and the west of Yanta District. The number of grids with declining 
vegetation coverage grade was greater than that of grids with increasing vegetation 
coverage grade, indicating that these areas had a trend of vegetation degradation (Fig. 5). 
From 2014 to 2017 (Fig. 5b), 2.1 % of the vegetation coverage increased in the study area. 
The dynamic changes of vegetation coverage in study area were mainly located at the west 
of Weiyang District, the north of Baqiao District and the southeast of Yanta District.  
The number of grids with increasing vegetation coverage grade was greater than that  
of grids with declining vegetation coverage grade, indicating that these areas had a trend of 
vegetation improvement. From 2011 to 2017 (Fig. 5c), the location of dynamic change  
of vegetation coverage in study area was similar to that from 2014 to 2017. The number of 
grids with increasing vegetation coverage grade was slightly less than that of grids with 
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declining vegetation coverage grade and the grids density was relatively large, indicating 
that the overall trend of vegetation improvement was similar to that of vegetation 
degradation during the past six years. 

 

  

 

 

Fig. 5. Distribution of vegetation coverage grade dynamic: a) from 2011 to 2014, b) from 2014 to 2017, 
c) from 2011 to 2017 

Through the results analysis of this study, it can be seen that the vegetation coverage 
within the third ring of the main urban area of Xi’an has undergone different degrees of 
quantitative changes and spatial changes in the past six years. This change was in line with 
the law of general urban development. Generally, the changes in city’s central area were 
relatively small, while the changes in the urban fringe were relatively large, which was the 
results that influenced by combined factors such as nature, man-made factors, urban  
socio-economic development and so on. But it was mainly affected by the following 
factors: 
(1) Urban infrastructure had an impact on vegetation coverage change. With the 

development of this study area and the introduction of new urban planning, the urban 
construction of Xi’an was strengthened constantly. According to the survey data of 
Xi’an Bureau of Planning and Natural Resources [44], during the three stages from 
2011 to 2017, Xi’an completed a batch of comprehensive urban plans, such as 
Research on the overall Planning and Development Strategy of Xi’an International 
Metropolis, Overall Urban Planning of Greater Xi’an and so on. These construction 
measures affected the change of land using types for urban construction and thus 
indirectly affected the change of vegetation coverage. According to the Xi’an 
Statistical Yearbooks, the areas of urban construction land using and road areas in 
2011, 2014, and 2017 increased by 36.45 and 24.26 % on average. With the demand of 
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urban construction, some areas that used to be low and medium vegetation coverage 
transferred to construction land, resulting in a reducing trend of vegetation coverage in 
a short-term. However, this trend will be improved and enhanced with the construction 
of the Urban Green Space System. 

(2) Landscape engineering had an impact on vegetation coverage change. There were  
92 newly built or renovated green space squares in Xi'an in 2011, 60 in 2014, and 62 in 
2017 [43]. At the same time, the afforestation area in the study area was 6.66 km2 in 
2011, 7.06 km2 in 2014, 1.24 km2 in 2017. We can see that the increase of green square 
areas and afforestation areas obviously affected the improvement of vegetation 
coverage grade and effectively promotes the change of it. 

(3) To some extent, the improvement of vegetation coverage was affected by the climate 
change, because of air temperate and precipitation increased in recent decades, beside 
the effects of urban heat island could not be neglected. As it is well known, the 
decision of government had the largest effects on the coverage changes, because the 
effects of tree species and tree ages selection were greater than the growth of trees. 
Therefore, selecting the trees that could adapt to local soil and climate conditions is 
crucial for sustaining a health urban ecosystem. 

Conclusion 

Research on the change of urban vegetation coverage plays a significant role in 
formulating and adjusting the urban vegetation construction planning and improving he 
urban human settlement environment. Meanwhile, it can provide a basis for the fine 
management of urban vegetation. The conclusions of this study are as follows: 
(1) During 2011 to 2017, the vegetation construction within the third ring of the main 

urban area of Xi'an has achieved remarkable results. The results of the study showed 
that although it fluctuated in different periods, the vegetation coverage declined in 
2011 compared with that in 2014 or 2017, with an average decline of 12 %. However, 
the average vegetation coverage in these six years was above 50 %, which exceeded 
the evaluation standard (40 %) of National Forest City. The fluctuation of vegetation 
coverage affected by the development of urban infrastructure in a short-term is  
a normal phenomenon which does not affect the overall increase trend of urban 
vegetation coverage. 

(2) The spatial distribution of vegetation coverage in the main urban area of Xi’an is  
a dynamic process. In addition to the relatively stable changes in the central area, the 
northwest, northeast, southwest, and southeast fringe areas of study area had different 
degrees of change, which was consistent with the urban development progress of Xi’an 
in the past six years. 

(3) The geospatial grid analysis method of urban vegetation changes based on LSMM can 
intuitively express changes of vegetation quality. From 2011 to 2014, three stages 
vegetation coverage quality of Xi’an had a trend of degradation in the west of Weiyang 
District, the east of Xincheng District, the north of Baqiao District and the west of 
Yanta District; from 2014 to 2017, the quality of vegetation coverage had a trend of 
improvement in the west of Weiyang District, the north of Baqiao District and the 
southeast of Yanta District; from 2011 to 2017, the density of vegetation coverage in 
study area increased and the overall quality improved as well. 
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