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Abstract: The red edge band is considered as one of the
diagnosable characteristics of green plants, but the largescale remote sensing retrieval of fractional vegetation
coverage (FVC) based on the red edge band is still rare.
To explore the application of the red edge band in the
remote sensing estimation of FVC, this study proposed a
new vegetation index (normalized diﬀerence red edge
index, RENDVI) based on the two red edge bands of
Chinese GaoFen-6 satellite (GF-6). The FVC estimated
by using three vegetation indices (NDVI, RENDVI1, and
RENDVI2) were evaluated based on the ﬁeld survey FVC
obtained in Minqin Basin of Gansu Province. The results
showed that there was a good linear correlation between
the FVC estimated by GF-6 WFV data and the FVC investigated in the ﬁeld, and the most reasonable estimation of
FVC was obtained based on RENDVI2 model (R2 = 0.97611
and RMSE = 0.07075). Meanwhile, the impact of three
conﬁdence levels (1, 2, and 5%) on FVC was also analyzed
in this study. FVC obtained from NDVI and RENDVI2 has
the highest accuracy at 2% conﬁdence, while FVC based
on RENDVI1 achieved the best accuracy at 5% conﬁdence.
It could be concluded that it is feasible and reliable to
estimate FVC based on red edge bands, and the GF-6
Wide Field View (WFV) data with high temporal and spatial resolution provide a new data source for remote sensing estimation of FVC.
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1 Introduction
As an important part of the ecosystem, the changes of
vegetation in its quantity and population proportion
will lead to changes in land surface energy, biogeochemical cycle, and hydrology, which is one of the most important links in global change [1–3]. To measure the surface
vegetation coverage and its changes eﬀectively and quantitatively, the researchers used the concept of fractional
vegetation coverage (FVC) [4,5]. FVC is deﬁned as the
percentage of the vertical projection area of vegetation
(including branches, stems, and leaves) on the ground
to the total area of the statistical area [6]. As a comprehensive quantitative index reﬂecting the surface conditions of vegetation community coverage, FVC is widely
used in the ecological environment assessment [7],
groundwater enrichment assessment [8], groundwater
level monitoring [9], soil degradation, and desertiﬁcation monitoring [10].
The traditional surface measurement methods for
FVC include the photographic method, the sample strip
method, the sample point method, the spatial quantitative meter, and so on [11]. Although the accuracy of FVC
obtained by these methods is high, due to the characteristics such as small measurement range, time consumption,
laborious, and easy to be restricted by natural conditions,
these methods cannot measure the FVC of large areas,
and the application value is very limited. With the development of remote sensing technology, remote sensing
monitoring based on the relationship between vegetation
spectral information and vegetation coverage has become
the main technical means to obtain FVC in large areas
[12]. The current data sources for remote sensing estimation of FVC mainly include Landsat, MODIS (Moderateresolution Imaging Spectroradiometer), GaoFen (GF), SPOT
(Systeme Probatoire d’Observation de la Terre), and so on
This work is licensed under the Creative Commons Attribution 4.0

Extraction of fractional vegetation cover in arid desert area

[13–16]. The commonly used bands are mainly the blue
band (450–520 nm), the green band (520–590 nm), the
red band (630–690 nm), and the near infrared band
(770–890 nm). The vegetation indices proposed based
on the bands include the normalized green-red diﬀerence index (NGRDI) [17], the normalized green-blue difference index (NGBDI) [18], the visible-band diﬀerence
vegetation index (VDVI) [19], and the normalized diﬀerence vegetation index (NDVI) [20]. Although the research
methods based on these vegetation indices showed good
accuracy in many remote sensing estimations of FCV,
there were not many applications of FVC estimation in
arid and semi-arid regions [21]. Due to the sparse vegetation distribution and special vegetation types in arid and
semi-arid areas, a few scholars thought that those general
model methods may lose their universal applicability [22].
The red edge band (670–760 nm) is between the red
band and the near infrared band. Currently, the researches
of remote sensing based on the red edge band mainly
includes land classiﬁcation, chlorophyll content, and biomass at three levels: ground hyperspectral, aviation hyperspectral, and satellite image [23–26]. Some studies showed
that the red edge band can eﬀectively reﬂect the speciﬁc
spectral characteristics of crops, and thus, it was considered as one of the diagnosable characteristics of green
plants [27,28]. However, the application of the red edge
band to the remote sensing estimation of FVC in arid
and semi-arid regions is still very rare.
Previously, the main satellite images for the red edge
band application study were Rapid Eye [29], EO-1 (Earth
Observing-1) Hyperion [30], and Sentinel-2 [31]. Due to
the lack of available sensors, the eﬀect of the red edge
band on FVC estimation has not attracted much attention
[32]. Fortunately, in addition to the common visible and
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near infrared bands, Chinese GaoFen-6 (GF-6) satellite
WFV (Wide Field View) ta also covers two red edge band
bands, which provides a new data source for large-scale
estimation of vegetation coverage, and there is no research
on FVC inversion based on GF-6 data before.
The purpose of this study is to construct a new vegetation index based on the characteristics of GF-6 satellite
WFV data and to put forward a new reliable remote sensing estimation method for FVC in an arid environment.
Taking sparse vegetation in the arid desert area as the
research objective, this article discusses the application
of the red edge band in remote sensing estimation of FVC
by comparing with the ﬁeld survey data.

2 Data
2.1 Study area
The study area (38°19′47″–38°44′50″N, 102°48′15″–103°19′1″E)
is located on Minqin County, Wuwei City, Gansu Province,
China, with an area of about 2,100 km2 (Figure 1). It is
adjacent to the Tengger Desert in the east and the Badain
Jaran Desert in the west, which have a typical arid desert
climate. The geomorphic types are mainly mountains, plains,
and sand dunes, with an altitude of 1,400–2,100 m. The natural vegetation in the study includes Nitraria sphaerocarpa, Salsola passerina, Reaumuria soongarica, Ephedra
przewalskii, Alhagi sparsifolia, and Rtemisia desertorum,
while the artiﬁcial vegetation mainly includes Haloxylon
ammodendron, Elaeagnus angustifolia, and Hedysarum
scoparium [33].

Figure 1: The location of the study area. (a) The red rectangle is the geographic location of the study area. (b) The true color image of
GaoFen-6 satellite (GF-6) image after preprocessing.
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2.2 GF-6 WFV data
The Chinese GaoFen-6 satellite (GF-6) was oﬃcially put
into use on March 21, 2019. It is a low-orbit optical remote
sensing satellite, using the CAST 2000 platform. The
satellite is equipped with a 2 m panchromatic/8 m multispectral high-resolution camera (PMS) and a 16 m multispectral medium-resolution WFV camera. The observation
width of PMS is 90 km and that of WFV is 800 km. The
time resolution is 4 days. The GF-6 WFV sensor covers
8 bands. Compared with the GF-1 satellite, in addition to
the common four bands (blue, green, red, and near
infrared), it also adds two red edge bands, purple band
and yellow band. The technical speciﬁcation for GF-6
WFV data is presented in Table 1.
The GF-6 WFV data used in this study were obtained
from the Land Survey Satellite Data Service Platform of
the China Resources Satellite Application Center. The
satellite image was acquired on September 29, 2019, and
the weather in the study area was sunny and cloudless.
Aﬀected by the adverse factors such as atmosphere, light,
and terrain, a remote sensing image may be distorted due
to geometric deformation, noise interference, and other
reasons; therefore, it is necessary to preprocess the data
to get the real surface reﬂectance. In this study, ENVI 5.5
software was used to complete the radiometric calibration,
atmospheric correction, geometric correction, image cropping, and other preprocessing work for the acquired satellite images. Figure 1b shows the true color image of the
GF-6 satellite image after preprocessing.

set up in the study area, and the latitude and longitude
coordinates were obtained by UniStrong GPS instrument.
The selection of the sampling points followed the rules
that the vegetation types and coverage within 2 × 2 pixels
(32 m × 32 m) were basically the same. Ten samples were
randomly selected at each sampling point, and the size of
each sample was 2 m × 2 m. Nikon D7100 digital camera
was used to take a photo of the sample at a height of 2 m
above the ground. For the convenience of taking pictures,
the 2 m × 2 m sample square was divided into four 1 m ×
1 m sample squares. After the photo was taken, the four
1 m × 1 m small sample photos were corrected, spliced, and
interpreted indoors to obtain the vegetation coverage of
the 2 m × 2 m sample. Photoshop software was used to
interpret the spliced images. By adjusting hue, saturation
and brightness, and other steps, the interpreted images
with a gray value were obtained. Through visual interpretation, pixels with a gray value greater than 125 were identiﬁed as vegetation pixels, and the proportion of these
pixels in the image was calculated, so that the measured
vegetation coverage could be obtained.
Figure 2 shows the actual photographs and the interpreted renderings of wheat and Haloxylon ammodendron.
In the interpreted image, the bright pixels are vegetation,
and the dark pixels are other features. Then, the measured FVC of the sample can be obtained by counting
the percentage of bright pixels in the entire image. The
average FVC of all samples was taken as the FVC of the
sampling point.

3 Methodology

2.3 Field survey FVC
To evaluate the accuracy of FVC estimated by remote sensing, a ﬁeld survey of FVC was also conducted in the study
area. According to the geomorphology and the vegetation
coverage type of the study area, 16 sampling points were

3.1 Estimation model of FVC
The remote sensing estimation methods of FVC mainly
include the regression model method, the machine

Table 1: Technical speciﬁcation of GaoFen-6 Wide Field View (GF-6 WFV) data used in this study
Band number

Channel

The range of spectrum (nm)

The temporal resolution (d)

The spatial resolution (m)

1
2
3
4
5
6
7
8

Blue
Green
Red
Near infrared
Red edge 1
Red edge 2
Purple
Yellow

450–520
520–590
630–690
770–890
690–730
730–770
400–450
590–630

4

16
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Figure 2: Interpretation of the measured fractional vegetation cover. Images of (a) wheat and (c) Haloxylon ammodendron taken on-site.
Interpretation results of (b) wheat and (d) H. ammodendron.

learning method, the mixed pixel decomposition model
method, and so on. The regression model method estimates FVC by establishing linear or nonlinear regression
relationships between certain bands or vegetation indices
of remote sensing data and measured FVC. The commonly used bands in the regression model method include
the red band, the green band, and the near infrared band
[34]. The vegetation indices that have been studied are
normalized diﬀerential vegetation index (NDVI) [35],
enhanced vegetation index (EVI) [36], and modiﬁed vegetation index (MVI) [37]. The regression model method is
simple and easy to implement, and the estimation accuracy of FVC on a small scale is also high. However, this
method is not suitable for large-scale and low-resolution
remote sensing data because of the high requirements on
the number of measured data.
The common machine learning methods include the
neural network [38], decision tree [39], support vector
machine [40], and so on. According to the diﬀerent training
samples, machine learning methods can be divided into
two categories: one based on remote sensing image classiﬁcation [41] and the other based on a radiation transfer

model [42,43]. Although the accuracy of FVC estimated
by the machine learning method is high, the complex surface, sample selection, and model training will all aﬀect the
overall accuracy. In areas where there are scarce samples
available for model training, the applicability of machine
learning methods is limited.
The mixed pixel decomposition model assumes that
each component in the pixel contributes to the observation of the remote sensing sensor, and the FVC is estimated by decomposing this mixed pixel. Mixed pixel
decomposition models can be divided into linear and
nonlinear models. The pixel dichotomy model is a kind
of linear mixed pixel model and was also widely used
with good eﬀect [44–46]. The advantage of this model
is that it still can be used without the measured FVC
data. Based on the actual conditions of the study, the
pixel dichotomy model method was chosen as the estimation model of FVC.
The assumption of the pixel dichotomy model is that
the images captured by satellites only contain vegetation
and soil. That is, at a certain pixel, there is a single vegetation, a single soil, or both ground objects. At this time,
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buildings, rivers, and other ground objects are not considered in the model. The pixel dichotomy model assumes
that pixels in remote sensing satellite images consist of
only vegetation and soil. In other words, the information
S captured by the remote sensor can be linearly synthesized by SV contributed by the vegetation and SS contributed by the soil [47]:

S = SV + SS.

(1)

Assuming that the proportion of vegetation coverage
in a pixel is fc , it can be considered that FVC in that pixel
is fc , and then, the proportion of bare soil is 1 − fc .
Assuming that the remote sensing information obtained
by pure pixels covered by all vegetation is SVeg , then the
spectral response contributed by vegetation in the mixed
pixels can be expressed as the product of SVeg and fc:

SV = fc × SVeg.

(2)

Similarly, assuming the remote sensing information
obtained by pure pixels all covered by soil is SSoil , and the
information SS contributed by soil in the mixed pixel can
be expressed as the product of SSoil and 1 − fc :

SS = (1 − fc ) × SSoil.

(3)

Based on equations (1)–(3), the spectral response of a
mixed pixel can be derived:

S = SV + SS = fc × SVeg + (1 − fc ) × SSoil.

(4)

Then, the FVC can be obtained by modifying equation (4) as follows:

fc = (S − SSoil)/(SVeg − SSoil).

(5)

pixels completely covered by these features was extracted
from the preprocessed GF-6 image. The reﬂection characteristics of these typical features in diﬀerent bands are
shown in Figure 3.
Figure 3 shows that, except water body, the reﬂectance of the other three types of ground objects in the
near infrared (B4), red edge 1 (B5), and red edge 2 (B6)
bands is higher than that in the other bands. In particular, the reﬂectance of plant pixels in the near infrared
band and the red edge 2 band is much higher than that in
the red edge 1 band. According to the spectral characteristics exhibited by plant in the red edge bands, this study
attempted to construct a new vegetation index based on
red edge bands to invert FVC.
Among the many vegetation indices, NDVI is believed
to partially eliminate the eﬀects of changes in radiometric
conditions related to the solar altitude angle, satellite
observation angle, terrain, clouds, shadows, and atmospheric conditions. NDVI was also a commonly used
parameter source in the estimation of vegetation coverage by the pixel dichotomy model [48–50]. In this
study, NDVI was used to compare with the remote sensing estimation of FVC based on the new vegetation
index. NVDI is calculated as follows:

NDVI =

NIR − RED
.
NIR + RED

In equation (6), NIR and RED are the reﬂectance of
pixels in the near infrared band and the red band,
respectively.
With reference to the deﬁnition of NDVI, a new vegetation index based on the red edge band is proposed:
normalized diﬀerence red edge index (RENDVI). RENDVI
is calculate as follows:

3.2 Vegetation index
The pixel dichotomy model requires that the remote sensing information used must have a good linear relationship with the FVC. Therefore, it is necessary to select the
appropriate remote sensing information for the mixed
pixel, photosynthetic vegetation end element, and soil
end element. It is very limited to extract vegetation information by analyzing and comparing individual or multiple single-band data, but the vegetation index can
better reﬂect the vegetation information. To this end,
the reﬂection characteristics of ground objects in different bands need to be studied.
According to the actual investigation results, four
types of features including plant, water body, desert,
and bare soil were selected, and the reﬂectance of the

(6)

Figure 3: Reﬂectance of typical features in diﬀerent bands.
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RENDVI =

RE − RED
.
RE + RED

(7)

In equation (7), RE is the reﬂectance of pixels in the
red edge band, and RED is the reﬂectance of pixels in the
red band. Since there are two red edge bands in the WFV
data, the normalized diﬀerence red edge index based on
the red edge 1 band and the red edge 2 band is recorded
as RENDVI1 and RENDVI2, respectively.

3.3 Remote sensing estimating of FVC
Two parameters SSoil and SVeg in equation (5) were required
to estimate FVC when using the pixel dichotomy model.
These two parameters are usually determined by the
measured method and the conﬁdence method. In this
study, the conﬁdence method was used to extract SSoil
and SVeg from the vegetation index due to the large area
of research and the small number of measured samples.
The researchers used diﬀerent conﬁdence levels in their
respective FVC studies [51–53]. To compare the inﬂuence
of conﬁdence on the estimation results, according to the
gray distribution of the vegetation index extracted from
the entire image, the upper and lower thresholds of the
vegetation index were intercepted with conﬁdence levels
of 1, 2, and 5%. That is, the vegetation index values with
cumulative frequencies of 1, 2, and 5%, respectively, were
recorded as SSoil , and the vegetation index values with
cumulative frequencies of 99, 98, and 95, respectively,
were recorded as SVeg . Then, the FVC thematic map based
on a certain vegetation index under diﬀerent conﬁdence
levels can be produced.

R2 =

n

n

i=1

i=1
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Pi − P )2 ∑ (Pi − P )2 ,
∑ (

(8)

n

RMSE =

Pi − P )2
∑ (

(9)

n,

i=1

RME = (
Pi − Pi)/ Pi.

(10)

Pi represents the estimated
In equations (8)–(10), 
value of FVC remote sensing of the ith sample point; Pi
represents the ﬁeld survey FVC of the ith sample point; P̄
represents the average FVC of the measured sample
points; and n is the number of sample points.

4 Results
4.1 Field survey FVC of sample points
The FVC interpretation results of the sample points in the
study area are presented in Table 2. The 16 sites covered
four types of vegetation: H. ammodendron, wheat, low
bush, and white poplar. The vegetation at sample point
13 was a cluster of woods near Hongyashan Reservoir
where the foliage was very lush, and the measured FVC
was also the largest, reaching 0.9967. Sample point 11
was located on the edge of the Tengger Desert, with
scarce vegetation and the smallest FVC, i.e., only 0.0122.

4.2 Vegetation indices extraction results
Based on equations (6) and (7), ENVI 5.5 software was
used to obtain NDVI, RENDVI1 and RENDVI2, and the

3.4 Accuracy evaluation
In this study, the ﬁeld measured FVC and the FVC estimated based on the pixel dichotomy model were regressed
and ﬁtted. The accuracy of the FVC estimated by remote
sensing was evaluated by calculating the determination
coeﬃcient (R2) and root-mean-square error (RMSE). For
the ﬁtting result, if the R2 is high and the RMSE is low, it
means that the accuracy of remote sensing estimation is
high. RMSE measured the overall estimation accuracy and
could not check the estimation accuracy of each sample
point. Therefore, the relative measurement error (RME)
was also calculated to check the estimation accuracy of
each sample point. Equations (8), (9) and (10) are the
calculation methods of R2, RMSE and RME, respectively.

Table 2: Field survey of fractional vegetation coverage (FVC) of
sample points
Sample number

FVC

Sample number

FVC

1
2
3
4
5
6
7
8

0.2722
0.2756
0.2011
0.2322
0.1267
0.2867
0.4089
0.2333

9
10
11
12
13
14
15
16

0.0311
0.0456
0.0122
0.9956
0.9967
0.5011
0.2989
0.2322
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results are shown in Figure 4. The statistical results of the
three vegetation indices are presented in Table 3.

4.3 FVC estimation based on diﬀerent
vegetation indices
According to the extraction results of vegetation indices,
the values of SSoil and SVeg under diﬀerent conﬁdence
levels are presented in Table 4.
Substituting the SSoil and SVeg values from Table 4
into equation (5), the FVC can be obtained based on
three vegetation indices under diﬀerent conﬁdence levels.
According to the corresponding relationship between soil
erosion intensity surface erosion classiﬁcation and FVC
in China’s ‘Classiﬁcation Standards for Soil Erosion Classiﬁcation, the FVC in the study area was divided into ﬁve
levels: the lowest coverage (0–0.3), the lower coverage
(0.3–0.45), the medium coverage (0.45–0.6), the higher
coverage (0.6–0.75), and the highest coverage (0.75–1).
The normal FVC should be between 0 and 1, but the FVC
of some ground features (such as water bodies and shadows) may be less than 0. Therefore, it is necessary to
remove the outliers from the calculation results. The
usual operation method is to assign these pixels to 0.
According to the classiﬁcation standards, the FVC estimation results in the study area are shown in Figures 5–7.
Under the diﬀerent conﬁdence conditions, the estimation
results based on diﬀerent vegetation indices are signiﬁcantly diﬀerent. Figure 5 shows signiﬁcantly more areas

Table 3: Statistical results of the three vegetation indices
Vegetation
index

Min value

Max value

Average
value

Standard
deviation

NDVI
RENDVI1
RENDVI2

−0.340858
−0.174256
−0.370259

0.760981
0.350569
0.733248

0.0849
0.0309
0.05029

0.1122
0.03504
0.0991

with lower coverage than Figures 6 and 7, which was
particularly evident in Figure 5b. The areas covered by
diﬀerent levels of vegetation coverage shown in Figures 6
and 7 are similar, but Figure 7 shows signiﬁcantly more
pixels with vegetation coverage of 0 than Figures 5 and 6.
Tables 5–7 present pixel statistics of FVC grading
results estimated by diﬀerent vegetation indices at 1, 2,
and 5% conﬁdence level, respectively. The statistical
results presented in Tables 5–7 show the vegetation coverage under diﬀerent grades more accurately. The statistical results of pixels were consistent with the description
of the inversion chart mentioned earlier. Under the 1%
conﬁdence level, the proportion of pixels contained in
each grade was obviously diﬀerent based on the inversion
results obtained by the three indices, especially the diﬀerence between low vegetation coverage and low vegetation
coverage was the most obvious. Under the two conﬁdence
levels of 2 and 5%, the number of pixels contained in each
level in the inversion results obtained by diﬀerent vegetation indices was diﬀerent, but the proportion was similar.
The proportion of pixels contained in the higher coverage
level was very similar in all the inversion results.

Figure 4: Extraction results of (a) normalized diﬀerential vegetation index (NDVI), (b) normalized diﬀerence red edge index 1 (RENDVI1), and
(c) normalized diﬀerence red edge index 2 (RENDVI2).

Extraction of fractional vegetation cover in arid desert area
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Table 4: The values of SSoil and SVeg under diﬀerent conﬁdence levels
Vegetation index

NDVI
RENDVI1
RENDVI2

1%

2%

5%

SSoil

S Veg

SSoil

S Veg

SSoil

S Veg

−0.088083
−0.039448
−0.108627

0.482281
0.158133
0.418941

−0.016788
−0.005489
−0.037273

0.426108
0.135494
0.358148

−0.008164
0.000685
−0.028624

0.331047
0.100505
0.263279

Figure 5: FVC estimation results based on (a) NDVI, (b) RENDVI1, and (c) RENDVI2 under 1% conﬁdence.

Figure 6: FVC estimation results based on (a) NDVI, (b) RENDVI1, and (c) RENDVI2 under 2% conﬁdence.
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Figure 7: FVC estimation results based on (a) NDVI, (b) RENDVI1, and (c) RENDVI2 under 5% conﬁdence.

4.4 Fitting results of correlation between
measured FVC and estimated FVC by
remote sensing
To assess the accuracy of remote sensing estimation FVC,
the linear regression model between the ﬁeld measured
FVC and the FVC estimated by remote sensing is established. R2 and RMSE were calculated according to equations (8) and (9), and the results are shown in Figure 8.

4.5 Error analysis of remote sensing
estimation of FVC in sample points
To investigate the estimation accuracy of FVC of each sample
point in the study area, the RME was calculated according to
equation (10), and the results are shown in Figures 9–11.
Figure 11 shows that the RME of most sample points
is small. However, when the conﬁdence is 1%, the RME of
sample points 9, 10, and 11 is high, especially sample
point 11. The results show that when the conﬁdence is

1%, the estimation accuracy of FVC in the desert edge
with sparse vegetation is relatively poor.

5 Discussion
5.1 Analysis of diﬀerent vegetation indices
extraction results
Table 3 presents statistics on the extraction results of
three vegetation indices in the study area. It can be
seen from the table that the values of NDVI, RENDVI1,
and RENDVI2 are −0.340858 to 0.760981, −0.174256 to
0.350569, and −0.370259 to 0.733248, respectively. In
general, the value range of NDVI and RENDVI2 is close,
while that of RENDVI1 is relatively narrow. As shown in
Figure 3, the reﬂectance of ground objects in the red edge
1 band is lower than that in the near infrared band and
the red edge 2 band, and hence, the value range of
RENDVI1 is diﬀerent from that of NDVI and RENDVI2.

Table 5: Pixel statistics of FVC grading results estimated by diﬀerent vegetation indices at 1% conﬁdence
Grading standards

NDVI

%

RENDVI1

%

RENDVI2

%

0
0–0.3
0.3–0.45
0.45–0.6
0.6–0.75
0.75–1

80,664
5,286,970
1,431,207
582,358
329,782
388,671

1.0
65.3
17.7
7.2
4.1
4.8

78,979
3,668,751
2,963,075
709,201
332,161
347,485

1.0
45.3
36.6
8.8
4.1
4.3

80,602
5,388,301
1,494,900
503,129
287,842
344,878

1.0
66.5
18.5
6.2
3.6
4.3

Extraction of fractional vegetation cover in arid desert area
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Table 6: Pixel statistics of FVC grading results estimated by diﬀerent vegetation indices at 2% conﬁdence
Grading standards

NDVI

%

RENDVI1

%

RENDVI2

%

0
0–0.3
0.3–0.45
0.45–0.6
0.6–0.75
0.75–1

111,026
5,983,771
831,920
429,001
275,149
468,785

1.4
73.9
10.3
5.3
3.4
5.8

133,255
5,877,837
978,067
430,850
256,180
423,463

1.6
72.6
12.1
5.3
3.2
5.2

116,312
6,176,159
775,250
362,254
236,897
432,780

1.4
76.3
9.6
4.5
2.9
5.3

5.2 Analysis of FVC remote sensing
estimation results
Figure 8 shows that, in general, R2 values of the ﬁtting
results based on the three vegetation indices are all above
0.9, which indirectly indicates that it is feasible and reliable to use the pixel dichotomy model to estimate FVC.
By comparing and analyzing the estimation results based
on the three vegetation indices, under the same conﬁdence level, the ﬁtting degree of vegetation coverage estimated based on RENDVI2 is always the highest. Under the
2% conﬁdence, the R2 of FVC based on RENDVI2 is
0.97635, which is the best of all results. These comparative analysis results show that the vegetation index based
on the red edge bands proposed can be eﬀectively used
for FVC estimation.

5.3 Inﬂuence of conﬁdence levels on FVC
remote sensing estimation
In this study, to explore the inﬂuence of conﬁdence on
FVC estimation, the results of remote sensing estimation
of FVC under three diﬀerent conﬁdence levels were compared. For NDVI and RENDVI2, when the conﬁdence level
is 2%, the R2 values of the estimation results are the
largest, which are 0.97115 and 0.97635, respectively; for
RENDVI1, when the conﬁdence level is 5%, the R2 of the
estimation result is the largest, which is 0.95981. When

the conﬁdence level is 1%, the R2 values of the estimation results based on the three vegetation indices are
the smallest, which are 0.96559, 0.96726, and 0.94723,
respectively. For a certain vegetation index, when conﬁdence is used to determine SSoil and SVeg , it does not mean
that the greater the conﬁdence, the better the FVC estimation results, or the lower the conﬁdence, the better the
FVC estimation results. The results of this article show
that it is feasible to use the conﬁdence method to extract
SSoil and SVeg when FVC is estimated by the pixel bisection model, even if there is no large amount of the measured data. However, the impact of diﬀerent conﬁdence
levels on the estimated results is clearly visible. Therefore,
to obtain better accuracy, it is necessary to select the
appropriate conﬁdence level according to the speciﬁc conditions of the study area.

5.4 Vegetation coverage of study area
Figures 5–7 and Tables 5–7 show that the pixels with
minimum vegetation coverage (0–0.3) and low vegetation coverage (0.3–0.45) account for a large proportion
in the study area. In addition, except for Hongyashan
Reservoir and other water bodies, the proportion of pixels
with FVC of 0 is not large, indicating that there are few
areas without vegetation coverage. Although the study
area is surrounded by the Tengger Desert and the Badain
Jaran Desert, the local government and residents have

Table 7: Pixel statistics of FVC grading results estimated by diﬀerent vegetation indices at 5% conﬁdence
Grading standards

NDVI

%

RENDVI1

%

RENDVI2

%

0
0–0.3
0.3–0.45
0.45–0.6
0.6–0.75
0.75–1

241,532
5,388,864
897,246
502,344
312,281
757,385

3.0
66.5
11.1
6.2
3.9
9.4

303,426
5,142,104
1,097,779
514,405
305,558
736,380

3.7
63.5
13.6
6.4
3.8
9.1

240,653
5,507,465
912,142
453,322
269,158
716,912

3.0
68.0
11.3
5.6
3.31
8.9
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Figure 8: Linear ﬁtting results between the ﬁeld survey FVC and the FVC estimated by remote sensing under three conﬁdence levels of
(a) 1%, (b) 2%, and (c) 5%.

Figure 9: RME of sample points under 1% conﬁdence.

Figure 10: RME of sample points under 2% conﬁdence.

taken measures in recent years to strictly control groundwater exploitation and actively transform the desert.
H. ammodendron and other vegetation have gradually
appeared in many areas completely covered by desert,
which eﬀectively improved the local desertiﬁcation status
[54].

It is worth noting that when the conﬁdence is 1%,
in the estimation results of FVC based on RENDVI1, the
proportion of pixels with FVC of 0–0.3 is signiﬁcantly
lower than that of other cases under the condition of
1% conﬁdence, while the proportion of pixels with FVC
of 0.3–0.45 is signiﬁcantly higher than that of other eight
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therefore, the error caused by sample selection can be
ignored.
Finally, in the process of imaging, there will be deformation and dislocation for various reasons in remote sensing images, but these phenomena will be corrected to a
large extent after radiation calibration, atmospheric correction, and geometric correction.

6 Conclusion
Figure 11: RME of sample points under 5% conﬁdence.

cases. The possible reason for this phenomenon is that
the range of RENDVI1 is narrow. After extracting the relevant parameters of the pixel dichotomy model with 1%
conﬁdence, the model would enlarge the FVC of some
sparse vegetation coverage areas.

5.5 Analysis of estimation error and
uncertainty
The error sources of this study mainly include the selection of sample points for veriﬁcation, the ﬁeld survey FVC
of sample points, and remote sensing images.
First, it is well known that it is impossible to completely match the position of the measured points on the
ground with the corresponding points on the remote sensing image when there is no obvious reference feature.
Therefore, it was required that the vegetation diﬀerence
near the sample points used for veriﬁcation should not be
too large. In the selection of sample points, the principle
of little diﬀerence in vegetation type and coverage within
the range of 2 × 2 pixels (32 m × 32 m) was followed as far
as possible, and the ﬁeld investigation of FVC would not
be aﬀected by the vegetation type and the coverage
around the sample points consequently.
Second, due to the limitation of test conditions, the
ﬁeld survey FVC was estimated by photographing. Ten
samples were randomly selected in each sample point,
and the average FVC of all samples was regarded as the
FVC of the sample point. The size of each sample is only
2 m × 2 m, while that of the sample point is 32 m × 32 m.
The randomness of sample selection will aﬀect the calculation of FVC to a certain extent. However, the size of the
sample point is larger than that of the pixel, and the
vegetation diﬀerence within a sample point is small;

In this study, GF-6 WFV data were used as the data
source, and the FVC estimation results based on NDVI,
RENDVI1, and RENDVI2 were compared to explore the
application of the red edge band in remote sensing estimation of FVC. Some useful conclusions are obtained.
The vegetation indices (RENDVI1 and RENDVI2) based
on the red edge bands proposed in this paper showed
good results in the remote sensing estimation of FVC.
Whether using NDVI, RENDVI1, or RENDVI2, the estimated FVC based on the GF-6 WFV data had a good linear
correlation with the ﬁeld measured FVC. In terms of accuracy, the accuracy of FVC based on RENDVI1 was worse
than that based on RENDVI2 and NDVI. The accuracy of
FVC estimated based on RENDVI2 and NDVI was close,
but the overall accuracy of RENDVI2 was better. At the 2%
conﬁdence, the model based on RENDVI2 generated the
best reasonable FVC estimation (R2 = 0.97611 and RMSE =
0.07075). Studies had shown that the red edge band has a
greater advantage in FVC remote sensing estimation in a
large-scale background. The vegetation indices deﬁned
by the red edge bands of GF-6 WFV data and the FVC
estimation method used in this paper can provide a
meaningful reference for FVC remote sensing estimation.
According to the principle of the pixel dichotomy
model, in theory, SSoil should be close to 0 and SVeg
should be close to 1. However, due to various factors
such as atmospheric conditions, regions, and vegetation
types, these two parameters often change. In this study,
three conﬁdence levels (1, 2, and 5%) were used to determine SSoil and SVeg of the model and FVC, respectively. In
general, the choice of conﬁdence had an obvious inﬂuence on the estimation result of FVC, but there was no
general law. At 2% conﬁdence, FVC obtained from NDVI
and RENDVI2 has the highest accuracy, while FVC based
on RENDVI1 achieved the best accuracy at 5% conﬁdence.
When using the pixel dichotomy model to estimate FVC, a
reasonable conﬁdence level should be selected based on
the land cover and satellite image characteristics of the
study area.
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In this study, due to various reasons such as equipment and personnel, the photographic method was used
to measure the actual vegetation coverage. Due to the
limited sample area observed by the camera method,
the number and accuracy of the measured samples bring
certain diﬃculties and inﬂuences to the veriﬁcation of
FVC. The arid area of Minqin, Gansu Province, was only
taken as the research object. The remote sensing estimation method of FVC proposed in the study still needs to
be widely veriﬁed in diﬀerent climate and environment
areas. At the same time, in order to improve the reliability
of veriﬁcation, it is very important to further enrich the
measured FVC date. If conditions permit in the future,
high-resolution UAV platform or other more advanced
methods can be used to measure FVC, which may be
more conducive to the veriﬁcation of remote sensing estimation of FVC, thereby further promoting the development of this study.
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