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As an important part of the ecosystem, green vegetation coverage is crucial to people’s
sensory and mental health. Using reliable data sets to classify and identify the green
vegetation cover on the land surface and explore its spatial distribution law can provide
important reference for the work of regional ecosystem managers and urban planners. The
optimization of effective screening methods for green vegetation coverage areas is an
important requirement to measure the surface vegetation status. UAV aerial images feature
high definition, large scale, small area and high up-to-dateness. However, at present, there
are few studies based on the reliable UAV aerial image system to identify green vegetation
cover and further explore its spatial changes. In this study, 701 residential neighborhoods in
Beijing were taken as the research objects, and the green vegetation of 7,695 sample points
was identified by UAV. The green vegetation coverage was measured, and the spatial
distribution pattern of green vegetation in different land surface areas was quantitatively
compared. The results show that the image processing method proposed in this paper can
effectively detect the boundary of green vegetation cover area from UAV aerial images, the
correlation of texture segmentation is good, and the segmentation performance is better than
other methods. The distribution of green vegetation cover in the research target area is
uneven, with 63.79% of the research area having relatively low (Level 2) and medium (Level
3) green vegetation coverage, which indicates that the green vegetation coverage area in the
research area is insufficient to meet the needs of regional ecosystem development. The
characteristics of green vegetation cover in 16 districts in the study area are different,
showing different spatial distribution patterns; except Xicheng District, there are 211 points
without landscape in the area covered by green vegetation in 15 districts. The results can

provide support for urban land surface planning and management.

1. INTRODUCTION

Arbors, shrubs, vines, herbs, bamboos, lawns and other
green vegetation on the land surface have become an important
part of the ecosystem. Green vegetation coverage is vital to
people’s sensory and mental health [1-6]. Since 2019, the rapid
prevalence of novel coronavirus disease (COVID-19) has
brought a profound impact on people’s work and life. The
green vegetation coverage on the land surface effectively
alleviates the residents’ psychological pressure and depression
through its visual effect. If the green vegetation cover on the
land surface is uneven in the area, it is easy to be destroyed or
removed due to private occupation. The use of reliable data
sets to classify and identify the green vegetation cover on the
land surface and explore its spatial distribution can provide
important reference for the work of regional ecosystem
managers and urban planners [7-13].

Conventional green vegetation coverage survey includes
field survey and remote sensing monitoring [14-18]. Since the
greening situation calculated based on satellite remote sensing
images only roughly extracts and characterizes the features
and conditions of green vegetation canopy, which is in low
consistency with the actual situation [19-22]. In addition, most
of the commonly used remote sensing images are acquired by
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passive detection technology. The image volume is large and
the data types are diverse, which may have display problems
or be interfered by entities such as cloud, precipitation and
haze. In contrast, UAV aerial images have the advantages of
high definition, large scale, small area and high up-to-dateness.

Meyer and Okin [23] tested the performance of spectral
mixture analysis (SMA) and multiple endmember spectral
mixture analysis (MESMA) to estimate heterogeneous and
non-photosynthetic vegetation (NPV) and soil composition.
The savanna with complicated structure in the Western
Kalahari was studied with the reflection adjustment product
based on the Nadir bidirectional reflection distribution
function with moderate resolution imaging spectroradiometer
(MODIS). Vegetation plays an important role in the exchange
of carbon, water and energy on the land surface. Vegetation
coverage is one of the most important variables in surface
simulation. In literature [24], more attention is paid to green
vegetation coverage, and strict geometric and radiation
pretreatment ensures the necessary accuracy of HJ-1 CCD data.
After that, the linear spectral hybrid model and NDVI-based
model were used to generate the vegetation fraction image.
According to the obtained map, the spatial pattern of
vegetation coverage was explained. Ling et al. [25] proposed
a semantic segmentation method for UAV aerial remote


https://crossmark.crossref.org/dialog/?doi=10.18280/ts.390438&domain=pdf

sensing image based on deep learning. The improved coding-
decoding network gradually enhances the extraction of details
and reduces the number of parameters. Based on ISegNet
network, five classification problems are transformed into five
binary classification problems for network training to obtain
high-precision image semantic segmentation results. In recent
years, UAV remote sensing images with high spatial
resolution have been widely used to estimate the physical and
chemical parameters of crops. The purpose of Deng [26] is to
explore whether background pixel removal is used to improve
the inversion accuracy of crop chlorophyll content and leaf
area index. The spectral information of vegetation pixels is
extracted to build the estimation model of physical and
chemical parameters of winter wheat. The high-resolution
UAYV multispectral image is adopted to perform the vegetation
index threshold segmentation to further improve the inversion
accuracy of SPAD, LAI and CCC. The results can provide
technical support for growth monitoring and yield prediction
of winter wheat. Sharma and VVerma [27] propose a method to
estimate the size of flood area by analyzing aerial images
acquired from unmanned aerial vehicles (UAVs). The method
calculates two parameters: one is based on unsupervised image
segmentation, and the other is based on the image similarity
between input and submerged images. The literature uses these
parameters to establish models to estimate flood magnitude in
aerial images. The proposed method was evaluated with the
FloodNet dataset and a FI score of 0.90 was obtained. The
robustness of the algorithm is proved.

At present, few studies identify green vegetation cover
based on reliable UAV aerial image system and further explore
its spatial changes. Taking appropriate methods according to
the actual conditions of different green vegetation coverage
areas will be more helpful to the high-precision screening of
green vegetation coverage areas and the identification of their
boundaries, and further realize their texture segmentation.
Therefore, this paper studies the effective screening and
texture segmentation of green vegetation coverage area based
on UAV images. In Chapter 2, the boundary detection of green
vegetation coverage area is carried out, the detection process
is provided, and the scientific loss function is constructed. In
Chapter 3, the paper studies the green vegetation coverage area
segmentation technology based on deep learning, optimizes
the performance of the constructed model by adjusting its
structure and parameters, and finally realizes the green
vegetation coverage area segmentation on the land surface
based on pixel level. The experimental results verify the
validity of the model and present the analysis results of the
study area. The results can provide support for urban land
surface planning and management.

2. BOUNDARY DETECTION
VEGETATION COVERED AREA

OF GREEN

The boundary detection of the green vegetation covered
area is mainly used to distinguish the green vegetation covered
area and the non-green vegetation coverage area in the current
target area, so as to realize the prediction of the green
vegetation coverage degree, which plays an indispensable role
in the analysis of the vegetation coverage evolution law.

Now the input UAV aerial image 4 is provided. Assuming
that the constructed detection model can support the detection
of D boundaries of the green vegetation covered areas at most,
the input UAV aerial image is divided into frectangles with a
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width of 1 pixel, and each rectangle is divided into ¢
rectangles. The classifier is represented by g¥(.) and can output
the position of the rectangle where the i(i€[1,D])m boundary
of the green vegetation coverage area is located from the
J€E[1,flm rectangle. Then the probability that the pixel of the ji
rectangle sample in the UAV aerial image belongs to the ju
area can be calculated by the following formula:

T.;=9"(A)ie[LD] je[L f] (1)

The obtained 7;; is a vector of 6+1. When all rectangles in
arow do not belong to the i, boundary of the green vegetation
covered area, 6 elements before 7;;are all zero and the (6+1) o
element is 1.

Based on the above analysis, the tag P;; of this task is the
independent heat vector of §+/ dimension. The realization of
the boundary detection task of the green vegetation covered
area based on the constructed detection model is to
continuously minimize the classification loss function SQur.

Assuming that the cross entropy loss function is represented
by SObpo, then:

D f

SQyr = ZZSQDO (Ti,j’PivJ')

i=1 j=1

2

The whole process of boundary detection of green
vegetation covered area is as follows: first, build a data set for
boundary detection of green vegetation covered area. In view
of the problems such as insufficient number and poor quality
of the data set, the original input UAV aerial images that
complete label matching need to be pre-processed for data
expansion. Only the geometric characteristics and texture
structure of the original input UAV aerial images are changed,
so as to improve the model performance.

Figure 1 shows the boundary detection process of green
vegetation covered area. In the boundary detection task of the
green vegetation covered area, the input UAV aerial image
will eventually output a list when passing through the neural
model. The items in the list are the confidence scores of the
input UAV aerial image belonging to a certain category, which
are represented by ¢;. In order to improve the intuitiveness of
the numerical value, it is transformed in the form of probability
in this paper. The formula is as follows:

_ exp(c,)

Serp(c)

3)

The cross entropy loss function can be calculated based on
the tag value and the predicted value of the input sample:

SQ= —ZL: JC; logw; (4)

Assuming that the real label is represented by Q, JC;
satisfies:

Q)

L,if (i
c i={o,if (i=Q) ®)
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Figure 1. Boundary detection process of green vegetation covered area

The optimal prediction probability distribution ¢; of the
model output is given by the following formula:

+oo,if (i =Q)
(i [P (6)
0,if (i=Q)
Assuming that o is a small hyper-parameter. The

distribution of prediction probability GU'T of model output
after preprocessing is given by the following formula:

| (1-0),if (i =target)
GU. =

Ll, if (i = target) 2

The cross entropy loss function SQ' after change can be
calculated by the following formula:

1-0)*SQ,if (i =target
{( 0)*SQf (i =target ©

o*SQ,if (i = target)

Assuming that B is an arbitrary real number, the following

formula gives the corresponding optimal prediction
probability distribution expression:
I-1)(1-
, Iogu,if (i =target)
C = o+p )

B.if (i = target)

Finally, the performance of the boundary detection model
of green vegetation covered area was improved by modifying
the loss function, which significantly reduced the output
difference of the positive and negative samples of the
predicted UAV aerial images, and effectively solved the
defects of the built model such as over fitting and poor
generalization ability.

The constructed detection model regards the boundary
detection problem of green vegetation covered area as a line
search problem based on the characteristics of the global UAV
aerial image, which is actually to define multiple line
coordinates in the UAV aerial image in advance, and divide
each line into multiple cells. By predicting whether there are
green vegetation coverage area boundaries in each cell and the
probability of each boundaries of the green vegetation covered

1437

area in the label, the boundary detection of the green
vegetation covered area is realized.

At the same time, in order to constrain the shape of the
boundary of the green vegetation covered area, the following
two auxiliary loss functions are added:

1) Most of the boundaries of green vegetation covered areas
in UAV aerial images are continuous and cannot be mutated,
which requires that the cell number of the same boundary of
green vegetation covered area in adjacent rectangles will not
change too much. It is assumed that the number of boundaries
of green vegetation covered area of the input UAV aerial
image is represented by D and the number of rectangles is
represented by f. In this paper, the similarity loss function is
used to characterize the difference between adjacent
rectangular classification vectors:

D f-
Kam = Zl: _

1
i j=1

.

L]

) (10)

_Ti,j+1

2) Because the boundary shape of the green vegetation
covered area is mainly curve, the second-order difference
equation is used to constrain the shape characteristics of the
curve. It is assumed that the variable value corresponding to
the maximum value of the function is represented by the
function argmax(.), and the number of cells divided by each
rectangle is represented by 6. For the i, boundary of the green
vegetation covered area in the j; rectangle, the position PLA;;
of the boundary point in the green vegetation covered area can
be calculated by the following formula:

i 6[1,9]

PLA ; = arglmaxGU (11)

Since the operation of the function argmax (.) is non-
differentiable, the expected value of the prediction vector is
approximately equivalent to the boundary point position of the
green vegetation covered area. First, normalize the boundary
prediction vector of the green vegetation covered area based
on the softmax function to obtain the probability characteristic
PGU; e

PGU, ; = softmax(GU, ) (12)

Then, the expectation is approximated to obtain the position
PLA;;of the boundary point in the green vegetation coverage
area.



PLA ; :ZQ:LPGUMI (13)

Finally, the shape loss function SQ7 can be obtained by
performing second-order difference on the boundary point
position of the green vegetation covered area:

D f-

SQTR = Z
i=1

j"(PLA,]‘ - SQi,j+1)_(PLA,j+1 - SQi,j+2 )"1 (14)

j=

The use of second-order difference can make the shape
feature constraint of the curve less strong, and when the
boundary of the green vegetation covered area is highly
irregular, the prediction model can also handle it well. It is
assumed that the similarity loss function using the first-order
difference is represented by SQOsm, the shape loss function
using the second-order difference is represented by SQsu, the
structural loss function is represented by SQsr, and the hyper-
parameters adjusted during the training of the prediction
model are represented by wu. SQOsr can be generated by
combining the linear changes of SQOsns and SQOsny, that is:

SQST = SQSIM + /uSQSHA (15)

It is assumed that the overall loss function of the model is
represented by SQro, the division loss of the green vegetation
covered area is represented by SQge, and the super parameter
is represented by £ and y, SOro can be generated by combining
the linear changes of SOsns, SOsua and SQge, that is:

SQro = SQqy + BSQqpa +7SQqe (16)

Figure 2 shows the loss function of the detection model for
the boundary of the green vegetation covered area.

3. SEGMENTATION MODEL DESIGN OF GREEN
VEGETATION COVERED AREA

In this paper, the segmentation technology of green
vegetation covered area based on deep learning is studied. By
adjusting the constructed model structure and parameters, the
performance of the model is optimized, and finally the green
vegetation coverage area segmentation on the land surface
based on pixel level is carried out.

Input UAV aerial images

'

Feature extraction layer

——

S QSHA S QSLM S QGE
(D

Figure 2. Loss function of boundary detection model of
green vegetation covered area

Input UAV image

|

Feature
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Branch of boundary
detection of green
vegetation covered area

i )

Output image 1 Output image 2
Figure 3. Multi-task model structure framework

In this paper, two tasks of boundary detection and
segmentation of the green vegetation covered area are selected
for multi-task learning, and a multi-task model framework is
built based on the hard parameter sharing mechanism. Figure
3 shows the structural framework of the multitasking model.
In the model, the feature sharing of two tasks is realized by
sharing a feature filtering layer. In the deep layer of the model,
the two tasks are divided into the branches of processing the
feature map provided by the bottom layer, thus realizing the
boundary detection and segmentation of the green vegetation
covered area. This paper mainly uses ResNetl18 and RepVGG
as the feature sharing module architecture. For the design of
the model structure built by the branch task, this paper
modifies the UFLD network architecture to achieve the
segmentation of green vegetation covered area.

The relationship between the two tasks of boundary
detection and segmentation of the green vegetation coverage
area in the built multi-task model is realized by the loss
function, which further completes the end-to-end training of
the model. The weight of each task loss function has a great
impact on the performance of the multi-task model. Therefore,
how to reasonably weight the two tasks is very critical to the
learning mode of the multi task model. In order to improve the
training efficiency of the constructed model, the loss function
strategy adopted in this paper is manually weighted at the
initial stage and automatically weighted at the later stage. The
automatic weighting method introduces noise parameters the
same as the number of tasks, and can automatically adjust the
weights of the two task loss functions based on the
maximization of Gaussian likelihood estimation. It is assumed
that the loss function of the green vegetation coverage area
boundary detection task is represented by PG (Q) and the loss
function of the green vegetation coverage area segmentation
task is represented by PG2(Q). The following formula presents
the joint loss expression of the constructed multi task model:

1 1
SD =——PG,(Q)+— PG, (Q)+loge, +loge, (17)
2& &

The optimization process of the constructed model is to find
the optimal values of Q, €; and &;.



Table 1. Coded experimental data

Area Number of sub- Number of sampling Area Number of sub- Number of sampling
number area point number area point

Cp 92 1062 MTG 8 47

CYy 107 1376 MY 22 266

DC 22 227 PG 27 179

DX 33 426 SJS 49 467

FS 27 280 SY 14 228

FT 94 1028 TZ 75 884

HD 68 689 XC 24 165

HR 30 294 YQ 9 77

Figure 4. Comparison of green vegetation classification results of different UAV aerial images

4. EXPERIMENTAL RESULTS AND ANALYSIS
4.1 Data collection overview

The research area of this paper covers 16 districts in Beijing:
Changping District (hereinafter referred to as CP), Chaoyang
District (CY), Dongcheng District (DC), Daxing District (DX),
Fangshan District (FS), Fengtai District (FT), Haidian District
(HD), Huairou District (HR), Mentougou District (MTG),
Miyun District (MY), Pinggu District (PG), Shijingshan
District (SJS), Shunyi District (SY), Tongzhou District (TG),
Xicheng District (XC) and Yanqing District (YQ), with a total
area of 16,396.54 km?. In order to screen the green vegetation
coverage of the land surface in the study area and compare its
spatial diversity, all the land surfaces covered by UAV aerial
images in the study area were identified. The total length of
the road network in the study area is 79.40 km. In
consideration of the visible distance within the neighborhood,
the minimum distance between two adjacent sampling points
is taken as 100 m, and 7,940 sampling points are randomly
selected in the road network. Then all sampling points are
checked to ensure that the aerial images of UAV can be used
for research, and 245 candidate sampling points that are too
close to other stations at the intersection are removed. Finally,
7,695 sampling points are obtained and encoded with sequence
BSV-ID (0-7694). See Table 1 for details.
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4.2 Verification of experimental results

The constructed image segmentation model is applied to
7,695 UAV aerial images, and the results are stored in GIS
database for further analysis. The green vegetation coverage
of two randomly selected UAV aerial images is shown in
Figure 4. The green vegetation in the aerial image of UAV is
classified, which is represented by white and other features are
represented by black. It can be found that the constructed
model can better identify the green vegetation in UAV aerial
images. In order to further verify the classification accuracy,
200 UAYV aerial images are randomly selected from the UAV
aerial image data set to calculate the classification accuracy,
and the green vegetation recognition result (dependent
variable) is compared with the manual description result
(independent variable). The results show that, compared with
other models, the accuracy of recognition of the green
vegetation cover of the model built in this paper improved by
18%, which is more suitable for green vegetation cover
recognition in UAV aerial images The fitting results are shown
in Figure 5, where the red dotted line is the fitting dotted line
between the independent variable and the dependent variable.
The Pearson’s r=0.993 and P=0.000 of the fitting results
indicate that the regional classification of green vegetation
based on the model constructed in this paper is closely related
to the reference classification.
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Figure 8. Statistical results of green landscape index grading
in each district

The green scene index of each sampling point and the
frequency calculation results of corresponding levels are
shown in Figure 6. The color of the points represents the
percentage of green vegetation at each sampling point. A large
number of sampling points are warm (red and orange),
indicating that the green vegetation coverage in the study area
is low and relatively low. The green and blue dots represent
the medium and high distribution of green vegetation, which
does not seem to be widespread in the study area.

There are differences in vegetation greening in 16 regions,
showing different (or unequal) spatial distribution patterns,
which can be divided into three categories. In the CP area, SJS
area, FS area, HD area, DX area and TG area, the prevailing
green scene index levels are grade 4 (green scene index>30%)
and grade 3 (green scene index €(20%, 30%). Figure 7 shows
the green vegetation coverage area, average vegetation
coverage and NDVI average of the corresponding areas.
Residents living in these areas may encounter more visible
green vegetation when standing or walking on the roads in the
community. In CY, DC, FT, HR, MTG, PG, SY and XC, the
main level of green landscape index is level 3 (green landscape
index €[20%, 30%) and level 2 (green landscape index €
[10%, 20%). The greening degree of residential communities
in these eight districts is lower than that in the first six districts.
See the statistical results of greening landscape index grading
of each district shown in Figure 8 for details. MY and YQ on
the left are mainly on level 1 (the green landscape index is less
than 10%) and level 2. The residential communities in these
two areas lack maintenance and planning of green vegetation.

4.3 Discussion

This research builds a multi-task model based on the hard
parameter sharing mechanism for the first time, and realizes
the recognition and spatial change monitoring of green
vegetation cover on the land surface. The results show that the
model can filter additional spectral information from aerial
images of UAV without near-infrared information to improve
the classification and evaluation accuracy of green vegetation
cover. The distribution of green vegetation in the study area is
uneven, and there are differences among districts, showing
different spatial distribution patterns.

Different from traditional satellite remote sensing images,
UAV aerial images can not only capture and record images
from people’s profile perspective, but also measure green
vegetation coverage from the perspective of people standing



on the road or walking on the road. As a promising information
source, UAV aerial images are used to detect and evaluate the
green vegetation coverage in different areas of the city.
Therefore, compared with satellite remote sensing images,
UAV aerial images are more valuable in residential
community planning and management.

The traditional method uses the grid cover method to
manually identify and quantify the urban street greening
vegetation from the profile, which is time-consuming and
labor-consuming. With the development of remote sensing
images and the introduction of multispectral classification
methods, the efficiency and accuracy of green vegetation
recognition based on remote sensing image data sets are
improved. However, due to the lack of spectral overlap in the
near-infrared band and R, G and B bands, the traditional
monitoring method can directly misclassify the green
vegetation cover and other common features in UAV aerial
images. Compared with traditional monitoring methods, the
model constructed in this paper can effectively obtain
additional useful spectral information from UAYV aerial images,
thus improving the accuracy of green vegetation recognition.

The planning policy of urban population growth and urban
concentration may promote the transformation of green
vegetation covered areas to residential land, which is more
serious in China. This paper further screens some areas of
Beijing and explores the distribution pattern of green
vegetation. The results show that more than 60% of the
research sites have lower green sight index.

Although the UAV aerial images and the built model can
accurately identify the green vegetation cover in the study area,
there are some limitations in this study. First, due to the impact
of COVID-19, it is temporarily impossible to interview
community residents and ask them for their suggestions on the
green landscape index grading and research results. It needs to
be explored through more interviews and inspections in future
studies. Secondly, in the study area, the spectral changes of
trees and grasses are the same, and their effects on people’s
happiness are similar, and they are not separately distinguished;
further studies will focus on their changes in other seasons.

5. CONCLUSION

In this paper, the effective screening and texture
segmentation of green vegetation coverage based on UAV
images are studied. In Chapter 2, the boundary detection of
green vegetation coverage area is carried out, the detection
process is given, and the scientific loss function is constructed.
In Chapter 3, the paper studies the green vegetation coverage
area segmentation technology based on deep learning, and
optimizes its performance by adjusting the model structure and
parameters, and finally realizes the green vegetation coverage
area segmentation on the land surface based on pixel level. The
results of green vegetation classification of aerial images
obtained by different UAVs are compared with experiments.
It can be found that the model can better identify the green
vegetation in UAV aerial images. The regression analysis
results of the model are provided, which verifies that the
regional classification of green vegetation based on the
constructed model is closely related to the reference
classification. The green landscape index and the frequency
calculation results of the corresponding grade of each
sampling point, the classification statistical results of the green
landscape index of each district, and the green vegetation

1441

coverage area, the average vegetation coverage and the NDVI
mean change trends in some areas are given, showing the
spatial distribution pattern differences of the vegetation
greening in 16 regions. The relevant research results can
provide support for urban land surface planning and
management.
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