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Abstract: Aeolian erosion occurring in sand deserts causes significant socio-economical threats over
extensive areas through mineral dust storm generation and soil degradation. To monitor a sequence
of aeolian erosion in a sand desert area, we developed an approach fusing a set of remote sensing
data. Vegetation index and Interferometric Synthetic Aperture Radar (InSAR) phase coherence
derived from space-borne optical/SAR remote sensing data were used. This scheme was applied
to Kubugqi Desert in Inner Mongolia where the effects of activity to combat desertification could
be used to verify the outcome of the approach. We first established time series phase coherence
and conducted a functional operation based on principal component analysis (PCA) to remove
uncorrelated noise. Then, through decomposition of vegetation effect, where a regression model
together with the Enhanced Vegetation Index (EVI) was employed, we estimated surface migration
caused by aeolian interaction, that is, the aeolian erosion rate (AER). AER metrics were normalized
and validated by additional satellite and ground data. As a result, the spatiotemporal migration of the
target environment, which certainly induced dust storm generation, was traced and analyzed based
on the correlations among surface characteristics. It was revealed that the derived AER successfully
monitored the surface changes that occurred before and after the activities to combat desertification
in the target area. Employing the established observation scheme, we expect a better understanding
of the aeolian process in sand deserts with enhanced spatio-temporal resolution. In addition, the
scheme will be beneficial for the evaluation of combating desertification activities and early warning
of dust storm generations.

Keywords: aeolian process; desertification; multi-sensor fusion; interferometric SAR; time-series analysis

1. Introduction

Dust storms are now emerging as a major threat affecting public health and social
activities worldwide, including northeastern Asian countries. Since most dust originates
from the arid desert, desert expansion caused by climate change results in increased dust
levels. For instance, Tegen and Fung (1995) [1] estimated that 30-50% of aerosol in the
global atmosphere originates from regolith over arid areas. From a regional point of view,
a dust storm from Inner Mongolia and the Tarim Basin, where arid climate conditions
interact with the surrounding environment, is now regarded as a disastrous environmental
hazard in northeastern Asia [2-5]. It imposes significant ill effects on surrounding areas;
for example, the occurrence of dust storms in South Korea has increased from four times
between 1985 and 1989 to 26 times between 2000 and 2004 and caused significant socio-
economic problems [6]. Therefore, dust source monitoring has attracted lots of research
interest. However, there is still not yet an effective and accurate monitoring method of
the aeolian activity over arid desert because of the difficult accessibility to such regions
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and the time requirements for the full range of data collection. Remote sensing, especially
for space-borne data, can be a powerful solution for such difficulties. A few studies that
employ medium resolution satellite products such as Total Ozone Mapping Spectrometer
(TOMS) [7,8] and Moderate Resolution Imaging Spectroradiometer (MODIS) [9,10] have
been conducted to tackle the technical issues of the dust source mapping using aerosol
optical depth (AOD). However, the most significant aspects of the aeolian process in the
arid desert, including the propagation of the transition region between the desert and
soil-rich areas, and the aeolian surface migration speed and tendency, cannot be observed
properly using the typical medium resolution AOD products. This is because the primary
interest if we focus on the environment in the dust source area of an arid desert, is in the
change in the topographic conditions rather than the dust aerosol trail. The generation of
dust, especially over the sandy desert, was induced mainly by a process called saltation.
The particles caused by saltation are suspended into the air and transported. It is why
sandy deserts are considered as a dust source by the United Nations Convention to Combat
Desertification (UNCCD) [11]. Hence, it is necessary to define the degree of surface change
consequence into dust generation interacting with the wind. In further discussions, we will
use “aeolian erosion” as a term encompassing all topographic migration processes such as
transportation and deposition inducing saltation and subsequent removal of minerals. The
rate of aeolian erosion in the following is defined as the aeolian erosion rate (AER), which
can be measured by observation methods including the proposed phase coherence time-
series analysis used in this study. It should be noted that there is no universal approach
to measure the strength of aeolian erosion. Therefore, we use AER as an index to identify
the relative (dimensionless) strength of aeolian erosion within an independent observation
system. Furthermore, if we compare the AERs derived from different observations, it is
necessary to adjust their data range into cross-comparable quantities. Such adjusted AERs
are referred to as normalized AERs (n-AER) in this study. Once n-AERs are converted
into physically meaningful values, for instance, a changed weight per unit time and area
with a certain level of calibration, they can be treated as a quantified AER. Except in very
particular cases where high-resolution volumetric tracing is used, the quantified AER is
not directly measurable by a remote sensing approach.

Recently, very high-resolution satellite image products enable detection of a subtle
surface change caused by dust generation—especially sand dune migration with 2D pro-
jected migration. In spite of such merit, the very high-resolution satellite observation
has been rarely used for desertification monitoring because of their technical problems,
for example, the dependence on the climate factors, the revisiting time, and the inability
to trace continuous topographic conditions. The technical barriers are more obvious, as
the task requires the observation of external environmental factors governing the aeolian
surface migration as well as the migration itself. Hence, a sophisticated monitoring system
that applies remote sensing techniques is required to monitor the origin and consequences
of the AER on arid deserts using various recent satellite images. Considering that the
most significant identifier of aeolian processes over the arid desert is aeolian topographic
erosion such as sand dune migration inducing saltation and suspension of particles, the full
aeolian interactions that induce dust storms can be reconstructed by observing topographic
changes in the arid desert and surrounding areas affected by surface erosion. However,
conventional image analysis by visual inspection cannot directly measure the aeolian
process and its governing factors.

To tackle such problems, we developed a monitoring system to observe and model the
progress of desertification and the aeolian activity using a synergistic fusion of remotely
sensed data, including the Synthetic Aperture Radar (SAR) and medium resolution optical
image. The constructed approach was tested over the Kubugi Desert located in Northeast
China for two reasons. Firstly, it is considered a major contributor to dust storms over
the surrounding areas in eastern Asian countries [12,13]. Secondly, the test area has been
managed by well-organized international organizations through a series of combating
desertification activities for a decade. Hence, the environmental evolution was expected to



Remote Sens. 2021, 13, 2240

3o0f24

be observed using satellite images, verifiable by the on-ground observations over a long
time period, and to be converted into quantified AERs. Moreover, it was expected that the
governing parameters of aeolian interaction and consequent AERs in the target area were
extracted within the observation capabilities of the proposed scheme.

The target area is described in Section 2. The processing methodologies for Interfero-
metric Synthetic Aperture Radar (InSAR) and auxiliary data sets are given in Section 3, and
the results are demonstrated in Section 4. A discussion on the detected aeolian migration
and the inter-comparison work validating the INSAR observations is presented in Section 5.

2. Test Site

In past decades, the Chinese Loess Plateau and arid Gobi Deserts of Inner Mon-
golia have been observed as a source of mineral dust [14]. However, recent research
(Zhang et al., 2008) [15] identified few deserts in northern China, such as Badain Jaran,
Kubugqi, and Taklamakan, as the more prominent sources of mineral dust. Although
Wang et al. (2007, 2009) [16,17] reported that dune activities in deserts in China ceased
after the 1990s, northern China still suffers from undergoing desertification. Therefore,
the observation of aeolian processes, especially dune migration in the deserts of northern
China, is key to reconstructing the dust storm generation process, as the sand dune activity
is the most obvious consequence and the index of aeolian activities over the sand desert.
The deserts in northern China, one of the largest arid desert areas on Earth, extend from the
Tarim Basin to Inner Mongolia as shown in Figure 1a. Among them, the Kubugi Desert’s
expanse threatens the highly densified residential areas in Inner Mongolia and Shanxi
province [18]. In addition, considering the land cover types, Kubugi Desert has a highly
peculiar pattern in which the barren fields, moving sand dunes, forests, and built-up urban
center complicatedly coexist. Such a landscape provides an optimal location to conduct
comparative observations of erosion over different surface characteristics; thus, this area
was selected as the test site of our monitoring system. Liu et al. (2005) [19] once tried
to identify the influence of wind factor over sand dune movement mainly using ground
survey data on Kubugqi Desert. Our purposes are quite similar to that, but this study was
performed to build a comprehensive and universal monitoring scheme to identify the
effects of wind-topographic interactions using remote sensing data fusion.

Kubugqi Desert is well confined by the riverside and Ordos plateau as shown in
Figure 1b and the weakly connected Southern Mu-Us Desert. Thus, the environments
between the arid desert and background vegetated fields are well distinguished, compared
to the background Ordos plateau. It should be noted that the area’s contribution as a dust
source is significant. Analysis conducted using MODIS satellite image and atmospheric
circulatory simulation confirmed that a large amount of sand dust (66% probability of
generated dust storm) in the Kubugqi Desert region migrated to the Korean peninsula (Yun
et al., 2011) [20]. This value is higher than that in the Gobi Desert (55%), a known source of
dust, which indicates that it is demanding to conduct detailed monitoring of the Kubugqi
Desert region to understand the sand dust erosion process in Northern China. Additionally,
due to the severe threats that occurred in this region, in the last decade, NGOs and Chinese
local governments have conducted activities to combat desertification in the Kubugqi Desert
and the surrounding areas. Since those efforts have dramatically changed the desert
environment in Kubugi (Figure 1c,d), the region became an ideal test site to develop the
monitoring system. Furthermore, it provided a study case where comprehensive validation
by in-field observation was feasible, allowing all outcomes of this study to be validated
using long-term on-site observations. The origin and morphological characteristics of the
Kubugi Desert were reported in Yang et al. (2016) [21].
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Figure 1. (a) North-Eastern deserts in China. Kubugi is located on the eastern side. (b) Location and geological context of the
target area over Kubugqi. (c) 17 July 2007 (Near-IR-G-B) LANDSAT-5 image and land cover classification. (d) 12 September
2019 (Near-IR-G-B) Sentinel-2 multispectral image and the associated land cover classification. Land cover classification
was performed by a maximum likelihood algorithm. The changes in land cover around desert areas were noticed. The land
cover classification results were employed in the aeolian erosion rate (AER) extraction process (see Section 3).
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Regarding climate conditions over the target area, it should be noted that the annual
precipitation in Kubugqi is 300 mm/year and concentrates on the period from July to August
according to the local government information (http://www.baotou.gov.cn/ (accessed
on 1 January 2021). Thus, dust generation usually occurs from March to May before the
seasonal precipitation. Such seasonal concentration of the aeolian process is a reason why
we adopted the long-term time-series analysis of phase coherence.

3. Method and Data Sets

To achieve the objectives of this study, satellite data sets covering sufficient temporal
and spatial domains, including InNSAR and auxiliary data sets, were extensively employed.
Then, we were able to evaluate both the progress of aeolian erosion and the effects of
anti-desertification activities. INSAR phase coherence was chosen as a prime observation.
Meanwhile, a series of INSAR observations were necessary for measuring surface changes.
We first established the time-series approach on the target domain and then developed
a further processing scheme to decompose the components which were not involved
in the surface changes. Consequently, the progress of desertification and the effects of
activities to combat desertification were properly measured. Then, the driving factors of
surface changes and their consequences could be inferred. The data indices and processing
approaches, which are capable of measuring the cause and consequence of aeolian erosion,
were based on the backgrounds as follows.

3.1. Erosion Measurement with InSAR Phase Decorrelation

Since the target area is an arid desert, it was presumed that dune mobility is the most
obvious representative of aeolian surface erosion. Monitoring of dune mobility on certain
spatial domains is feasible by the following methods:

(1) 2D transition vector derivation by high-resolution satellite/Unmanned Aerial Vehicle
(UAV) orthographic image comparison [22-24]: This approach has the advantage of
obtaining accurate dune mobility only by acquiring a pair of satellite images. How-
ever, it is limited to only measuring 2D projected dune mobility on ortho-image space.

(2) Observation of 3D volumetric change based on high-resolution Laser Detection and
Ranging (LIDAR)/UAV continuous stereo observations [25-27]: Digital Elevation
Models (DEMs) generated from precisely registered stereo/LIDAR observations at
two observation times allows the calculation of volumetric change. However, the
possibilities of consecutive 3D observations are even more restricted.

Our target area covered a 200 by 150 km spatial domain and more than a decadal
time period. In terms of data availability and accuracy of remote sensing measurements,
the employment of 2D /3D dune mobility tracing is practically impossible. Hence, the
application of INSAR techniques was proposed as an alternative way to cover the spatio-
temporal domain of the target area. Although INSAR was developed for the measurement
of topographic deformation, phase angle analyses, which is a conventional approach of
InSAR, are not adequate to trace severely ongoing topographic changes such as sand dune
migrations. This is because the large change of base topography by saltation processes on
desert dune fields causes a temporal decay of phase coherence (Liu et al., 2001) [28], called
decorrelation. However, it also represents that phase coherence is strongly correlated with
the strength of dune migrations, as shown in studies such as Wegmuller et al. (2000) [29].
Phase coherence represents cross-correlation between two SAR images derived from the
InSAR technique and can be described in the following relationship.

N
coh = ) |< S,y >|/\/< SmiSpi >< SsiSg > @)
=

1

where S,,; and S*;; are the complex conjugated signals of master and slave SAR images,
N is the total number of INSAR pixels within the estimated window, and <> assigns an
average operation.
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Nowadays, some studies have established methods for monitoring sand dune dy-
namics and aeolian migrations by the INSAR phase coherence footprint as shown by
Gomez et al. (2018) [30], Havivi et al. (2018) [31], and Ullmann et al. (2019) [32]. However,
decorrelation is not only a function of dune migration rate, it is also involved with mul-
tiple other components such as vegetation [33-35], INSAR geometry [33,36], and climate
effects [37,38]. Thus, in order to extend phase coherence monitoring on the extensive
desert environment, it is essential to decompose the decorrelation part contributed by the
other factors.

The overall InNSAR phase coherence can be expressed by the aggregation of the follow-
ing components [39].

Coh = Cohpermar COhsputial COhtempoml (2)

where thermal coherence cohye,,, can be expressed as follows [40]:

CONgpermal = 1/ \/ (14 SNRy g ) (1 SNR e, ©3)

where SNR;;;_imqge is the signal to noise of the master SAR image and SNRs_jyqg. is the signal
to noise of the slave SAR image. Thermal phase coherence can be negligible due to the high
signal to noise values of the target INSAR systems in this study. Tamm et al. (2016) [41]
proved it using range-dependent noise parameters in SAR metadata.

Spatial coherence cohgy,tis can be expressed as follows [42]:

2|Bp|Rycos?(6 — )

7 @

COhspatial =1-

where Bp is the perpendicular baseline, Ry is the range resolution, 6 is the incidence
angle, A is the wavelength range of SAR, and « is the local surface slope and p is the
distance between the sensor and the object [36]. To understand the characteristics of
spatial coherence, we herein introduced the SAR data used in this study. We employed two
different INSAR data sets, including the Advanced Land Observing Satellite (ALOS) and the
Phased Array type L-band Synthetic Aperture Radar (PALSAR) 1/2 [43,44] over a 10-year
period by the combined observations by PALSAR 1 and 2, and C-band Sentinel-1 [45,46],
collected from 2016 to 2020 (see Tables 1 and 2). Spatial coherence, especially with short
perpendicular baselines such as Sentinel-1 and PALSAR1/2, was very close to 1.0 as shown
in Tables 1 and 2. Moreover, the effects of local surface slope on spatial coherence, as shown
in Equation (4), was tiny. This was because the terrain slopes in the test area were only a few
degrees or less; thus the variations of spatial coherence were not high (refer to Spatial cohl
and 2 values in Tables 1 and 2 whose maximum differences were only 0.03 to 0.05 in the
cases of PALSAR-1/2 and Sentinel-1) and were alternatively managed by the consequent
functional analysis. In addition, the window size for phase coherence calculations was
chosen to optimize the minimize noise and to prevent over-sampling of phase coherence.
The empirical or typical optimal window sizes are 5 in Sentinel-1, 5 in PALSAR-1, and 3
in PALSAR-2.
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Table 1. Employed PALSAR 1 (left part)/2 (right part) InNSAR pairs and their acquisition conditions together with spatial
phase coherences (Bp: perpendicular baseline (m), Bt: temporal baseline (day), Spatial cohl: spatial phase coherences in

mean topographic slope angle (3.34 °). Spatial coh2: spatial phase coherences in mean topographic slope angle (28.3 °). The

samples of topographies to calculate Spatial cohl and 2 were taken from a low sloped plain and high-relief dune field.

Master Date Slave Date Bp Bt Scpg;‘lilal Sgg;lizal Master Date Slave Date Bp Bt Sgg;.‘lilul Scpgflizul
11July2007 26 August2007 251 46 0955 0967  18July201s  Z3SCplember g5z 0985 0987
26 August2007  11Qeober 38946 0931 0948 15juy2015  O2Dgcember gy 140 1000 1000
11 October 2February 109 138 0785  0s39  2dSeprember  02December g3 75 0985 0.988
JFebruary 12 April200s 437 46 0922  oos2  lOFebmuary - yayi006 95 154 0983 0986
2February  28May2008 274 92 0951 094  [OFebruary - 23September 55 140 0995 099
12 April2008  28May2008  —163 46 0971 0978  13July2016 10Fcbruary 949 154 0983 0986
28 August2008  13Qcteber g55 46 030 0873 13juy2oi6  2TSember 539 7o 990 0992
] ; ; ; - - B3July20is  ONovember - _j418 140 0974 0979
} ] - ; ; ; 21September - 30November _gg 79 0984 0987
} ] - ; ; ; 21 September - 08 February 695 140 0987 099
] ] ] ; ; - 30November 08 February 1578 70 0971 0976

Table 2. Employed Sentinel-1 pairs and their acquisition conditions together with spatial phase coherences (Bp: perpendicu-

lar baseline (m), Bt: temporal baseline (day), Spatial cohl: spatial phase coherences in mean topographic slope angle (3.34 ©),

Spatial coh2: spatial phase coherences in mean topographic slope angle (28.3 °)).

2016/2017
Spatial  Spatial Spatial  Spatial
Master Date Slave Date Bp Bt Cohl Col2 Master Date Slave Date Bp Bt Cohl Colh2
16 May 2016 09 June 2016 17 25 0.988 0.992 12 March 2017 05 April 2017 63 24 0.954 0.968
09 June 2016 03 July 2016 7 25 0.995 0.997 05 April 2017 11 May 2017 12 36 0.991 0.994
03 July 2016 20 August 2016 3 47 0.998 0.999 11 May 2017 04 June 2017 38 24 0.972 0.981
20 August 2016 07 %igber 49 48 0.965 0.978 04 June 2017 10 July 2017 110 36 0.919 0.944
25 September 07 October
2016 2016 75 13 0.947 0.967 10 July 2017 03 August 2017 74 24 0.945 0.963
07 October 12 November 08 September
2016 2016 111 37 0.921 0.951 03 August 2017 5017 81 37 0.940 0.959
12 November 06 December 08 September 02 October
2016 2016 35 25 0.975 0.984 5017 2017 78 24 0.943 0.961
06 December 11 January 02 October 07 November
2016 2017 179 37 0.873 0.920 2017 2017 5 48 0.996 0.997
07 November 01 December
- - - - - 2017 2017 52 24 0.962 0.974
2018/2019
Spatial  Spatial Spatial  Spatial
Master Date Slave Date Bp Bt Cohl Col2 Master Date Slave Date Bp Bt Cohl Col2
06 January 11 February 02 December 01 January
2018 2018 13 36 0.990 0.993 2018 2019 26 24 0.981 0.987
11 February 01 January 06 February
2018 07 March 2018 11 24 0.992 0.994 2019 2019 5 48 0.996 0.997
07March2018 12 April 2018 52 36 0962 0974 06 eré’f;ary 02March2019 143 24 0895 0928
12 April 2018 06 May 2018 49 24 0.964 0.975 02 March 2019 07 April 2019 28 36 0.979 0.986
06 May 2018 11 June 2018 3 37 0.998 0.998 07 April 2019 01 May 2019 64 24 0.953 0.968
11 June 2018 05 July 2018 41 48 0.970 0.979 01 May 2019 06 June 2019 83 36 0.939 0.958
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Table 2. Cont.
2018/2019

Master Date Slave Date Bp Bt Sggliilal Sggiizal Master Date Slave Date Bp Bt Sgg;lilal Scpg}tlizal
05July2018 10 August2018 83 93 0939 0958 06 June2019 12July2019 27 36 0980 0986
10 August 2018 03 Sez%tfg“ber 173 24 0.873 0913 12July 2019 05 August2019 34 24 0975  0.983
03 Sg%tlegbef 09 %{gbef 174 36 0872 0912  05August2019 10 Sez%tf;‘ber 45 48 0967 0977
09 Qctober  02November g4 24 0931 0953  10Scptember  040dober g0 o4 0923 0.948
) ] ] ) ; 04 Qctober 09 November 153 36 0909 0938
) ; ; - - - 09November  03December 19 24 0993 0995
} ) ; ; ; 03 December 08 January 79 36 0942 0960

2020

Master Date Slave Date Bp Bt Scpgililul Sgg;lizal Master Date Slave Date Bp Bt Scpg;’ilul Scpgliiizal
08 Jza&%ary 01 erng(‘)lary 71 4 0948  0.964 18July2020 11 August2020 116 24 0915 0941
OLFebruary  ggMarch2020 5 36 099 0997 11August2020 ~O#September q45 54 ggo1 0925
08March2020 01 April2020 54 24 0960 0973  O4Scptember 10 October 99 28 0927 0950

01 April2020  18July2020 102 108 0925  0.949 - : ; - ] ]

Thermal and spatial coherences are related to the system characteristics or INSAR
observation conditions, whereas temporal coherence is a major parameter to observe
surface migration. Lee et al. (2012) [47] described the phase coherence in the time domain
as shown below:

©)

where C; is the decay constant of temporal coherence, which is determined based on the
physical and geometric characteristics of the target surface, and AT is the time period of
InSAR pair observations.

Once these have been addressed, it is possible to express the phase decorrelation,
i.e., the decrease of phase coherence over a certain period, especially over the arid desert,
as follows:

Colyemporal = exp (—CiAT)

Totalpecorr = Decorr(AER) x Decorr(Vege) x Decorr(MO) x Decorr(System) — (6)
where Decorr(AER) is the decorrelation induced by the aeolian erosion rate, Decorr(Vege) is
the decorrelation induced by vegetation, Decorr(MO) is the decorrelation induced by soil
moisture and other climatic factors, and Decorr(System) is the remnants of systematic effects.

However, considering the vegetation and its interaction with wind and moisture
(Yun et al., 2019) [48], it is almost impossible to precisely model the decorrelation com-
ponents indicated by the temporal baseline between InSAR pairs. As such, random and
systematic effects are difficult to predict, and the application of a time series analysis of
phase coherences was a potential approach to address the issues. Based on the phase coher-
ence time-series results, the principal component analysis (PCA) was applied to extract
the major component. To extract the trending component along the mean direction for
further decomposition (see Gallagher et al., 2020 [49] for more details of centering effects
in PCA), the centering of each phase coherence was not applied. The temporal outliers,
e.g., temporal wind, moisture variations, and the remnants of systematic components as
shown in Kim et al. (2020) [50], were expected to be excluded. Note that the decorrelation
by the AER might have a directional trend. Thus, it will remain even in the first component
of PCA. However, the decorrelation by vegetation is very strong and also has directional
trends with seasonal change and growth of vegetation. To handle the decorrelation in the
AER, a decomposition was further conducted through modeling.
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3.2. Decomposition by Vegetation Decomposition and Overall Decomposition Procedure

Even though PCA analysis can effectively suppress the random change of phase
coherence, we have to address the decorrelation by vegetation. Our approach was to model
decorrelation with the vegetation indices. Based on Equation (5) and Santoro et al. (2009)’s
temporal coherence approximation [51], we proposed phase coherence decomposition by
introducing an external vegetation index:

Decorr(Vege) = exp(Cm x VI) (7)

where Cm is the dependent constant on surface vegetation, and VI is the vegetation index.

Corresponding to the insensitivity of desert dune that occurred in the measurements, it
was observed that the Normalized Vegetation Difference Index (NDVI) and other vegetation
indices were not optimally presented in the temporal and spatial migrations. Particularly,
NDVTI had a problem presenting actual vegetation metrics [52,53]. Therefore, the Enhanced
Vegetation Index (EVI) was applied in the analysis. We tackled the regression model
by introducing LANDSAT-5/8 EVI to our target area. Two regression models between
decorrelation and the vegetation index computed from the two SAR image acquisition
times were proposed as follows.

Decorr(Vege) = exp(Cml x Avg(EVI1, EVI2) + Cm2 x abs(EVI1 — EVI2)) (8)

Decorr(Vege) = exp(Cml x Avg(EVI1,EVI2)) 9)

We tested two models and found that it was difficult to establish two variable regres-
sion models as listed in Equation (8) and, therefore, employed Equation (9) as a default
model instead. Noted that we used long-term (monthly or yearly) average EVIs of time
InSAR image acquisition to avoid short-term variation of the vegetation index and void
due to cloud coverage. Once the decorrelation component by vegetation was established,
we applied it for decomposition either before or after PCA analysis based on time-series
phase coherence. Decomposition is a simple division of decorrelation by vegetation from
each phase coherence (Figure 2a) or component 1 of PCA analysis based on the phase
coherence time-series as shown in Figure 2b. To distinguish the two processes, we named
the procedure in Figure 2a as a prior processor and Figure 2b as a posterior processor.

It was worthwhile noting that the decorrelation model that employs EVI should be
established in areas excluding desert as well as urban areas, artificial structures, and water
surfaces. The land cover, which has more than a certain proportion of vegetation, would
follow the decorrelation model as presented in Equation (9). Therefore, we introduced a
land cover classification map for the decorrelation modeling and excluded urban areas, arti-
ficial structures, desert, and water surfaces from the EVI-decorrelation model as presented
in both Figure 2a,b.

3.3. Inter-Comparison with Protrusion Coefficients (PC)

As demonstrated in Figure 2, we employed the protrusion coefficient (PC) as validation
data sets. PC was introduced because the other data sets such as vegetation indices, which
supposedly involved the aeolian process, had significant problems being directly compared
to AER by InSAR analysis. In an arid desert environment, some rough objects such as
leafless vegetation, shrub, and non-vegetation objects are largely effective in reducing the
aeolian erosion process; however, unlike non-vegetation, vegetation indices do not reflect
the strength of ground obstacles. Therefore, we needed quantity measuring roughness,
which consequently represented resistance against aeolian erosion to validate the AER
estimated by InSAR analysis. The background for the employment of PC for comparison
with InSAR AER is as follows.
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Figure 2. (a) Processing flow of phase coherence analyses for the establishment of the AER map using decomposed phase
coherence, which is called a prior processor, (b) Processing flow of phase coherence analyses for the establishment of the
AER map using the 1st principal component analysis (PCA) component and its decomposition, which is hereafter referred

to as the posterior processor.

One of the crucial parameters governing aeolian erosion is aerodynamic roughness,
also called Z,. The smaller the Z, value (mostly covered desert, low vegetation area, etc.),
the greater the probability of dust in the topsoil during the saltation process. Therefore,
the essential information to identify the feasibility of erosion is the Z, of the target surface
and its time-series, specifically the spatiotemporal migration of Z,, expressed by the
following function.

U(z) = (%) In(z — d0)/ Z, (10)

where U(z) is the vertical wind profile, Z, is the aerodynamic roughness length, u* is
the friction velocity, K is the Vol Karman constant (dimensionless) which defines the
logarithmic law in a fluid flow, and d0 is the elevation of displacement plane.

The observation of Z, in an open field is available by the following methods. The
first straightforward approach is to analyze high-resolution satellite and airborne DEMs
and to identify aerodynamic obstacles such as man-made structures and vegetation on the
DEM [54-56]. However, it should be noted that the spatio-temporal domains of the target
area in this study could not be easily covered by the employment of high-resolution DEM
products. The method which regressed Z, from the vegetation index [57,58] was not valid
in many practical cases. Since the target area included large urban and artificial structures
and some vegetation in the arid desert was not distinguished by the satellite vegetation
index, therefore, this approach was not appropriate for our case.

An indirect derivation may be obtained through processing the low-medium reso-
lution image of the Bidirectional Reflectance Distribution Function (BRDF). The BRDF
can be obtained from a combination of multiple satellite images over one point [59] and
measurements of the reflectivity function depending on the viewing and illuminating of
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geometry and surface roughness. By a kernel-based approach that has been commonly
used for satellite products [60], the BRDF is defined as follows:

Rsurf = ko + klfl + k2f2 (11)

where Rsuris the BRDF of the surface, kg is an isotropic coefficient, k1, f1 is the volumetric
coefficient and kernel while ky, f is the geometric coefficient and kernel. The volumetric
and isotropic coefficients of the derived BRDFs are the dependent variable of PC and
downward relationship with Z, [61,62].

PC = ”z—; =axlog(Z,)+b (12)

It is known that the PC from the BRDF was involved with the strength of aeolian

erosion on the condition that the other governing factors for aeolian erosion such as soil

moisture are negligible. Therefore, the inter-comparison of the INSAR AER to PC from

the BRDF had merit. Here, we employed MODIS BRDF products to extract PC maps as
precedent researches have conducted [63,64].

4. Processing Results

The ALOS PALSAR time series were used for long-term monitoring, while Sentinel-1
imagery tested the availability of short-term AER measurements. Two L-band InSAR
image series of PALSAR-1 and -2 were first employed to extract phase coherence maps.
A minimum span tree (MST) [65] was formed in which the average of INSAR phase
coherence between pairs could be the maximum value, and the InNSAR phase coherence
between the formed pair was extracted. Phase coherence maps generated by PALSAR-1
InSAR pairs during 2007-2008 represented the decorrelation trend before the activity to
combat desertification as shown in Figure 3. On the contrary, Figure 4 generated from
the PALSAR-2 InSAR time series in 2016-2017 demonstrated decorrelation status after
combating desertification.

20070711_20070826 CC (c) 20080226 20080412 CC .
: ; 0.9
0.8
0.7
0.6
109.4 1096 109.8 110 : 109.4 09.6 1 ) . " 1094 1096 1098 110 0.5
20080713_20080828 CC (f) 20080828_20081013 CC 04

&

109.4 109.6 109.8 i 7 ¥ . ’ 109.4 109.6 109.8 110

Figure 3. Interferometric Synthetic Aperture Radar (InSAR) phase coherence using PALSAR-1 during the 2007-2008 period,
including (a) 11 July 2007-26 August 2007, (b) 26 August 2007-11 October 2007, (c) 26 February 2008-12 April 2008, (d) 12
April 2008-13 July 2008, (e) 13 July 2008-28 August 2008, and (f) 28 August 2008-13 October 2008. Note the dust storm
season is usually from February to May, but mainly in March and April.
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(a) 20150715_20150923 CC (b) 20151202_20160210 CC (c) 20060210_20160713 CC
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Figure 4. InNSAR phase coherence using PALSAR-2, including pairs of (a) 15 July 2015-23 September 2015, (b) 2 December
2015-10 February 2016, (c) 10 February 2016-13 July 2016, (d) 13 July 2016-21 September 2016, (e) 21 September 2016-30
November 2016, and (f) 30 November 2016-8 February 2017.

Vegetation index EVI derived from the medium resolution (30-50 m/pixel) LANDSAT
5 and 8 data were extracted in the corresponding areas of INSAR observations using Google
Earth Engine (GEE), as described later. The scattergrams in Figure 5 demonstrated extremely

important results in the correlation between vegetation and phase coherence signals.
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Figure 5. (a,b) The scattergram between the Enhanced Vegetation Index (EVI) and its corresponding single-phase coherence
from the PALSAR-1 InSAR pair by a prior processor, (c) The scattergram between the EVI and PCA 1st component
from the PALSAR-1 phase coherence time-series by a posterior processor, (d—f) The scattergram between the EVI and its
corresponding single-phase coherence from the PALSAR-2 InSAR pair by a prior processor, (g) The scattergram between the
EVI and PCA 1st component from the PALSAR-2 phase coherence time-series by a posterior processor. The corresponding
regression models were presented as blues lines. Control points indicating high EVI, low phase coherence, and low EVI and
high phase coherence were indicated by red points. The color represents the cumulative pixel number of the corresponding
EVI-PCA bin. RMSEs were measured over the upper area of the land erosion component and demonstrated with the
regression model constant Cm of Equation (1).
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For all the scattergrams illustrated in Figure 5, three components were commonly
observed: (1) the component of vegetation which is populated around the decorrelation
model (blue lines); (2) elongated part into lower EVI and low phase coherence (black dotted
lines); (3) some distribution with low EVI and high phase coherence presented in black
ellipses. The components around the modeled decorrelation re clearly vegetated terrains,
thus they are decomposed. Elongated components described in (2) with low EVI and
low phase coherence assign aeolian erosion, referred to as the erosion component as low
vegetation and low phase coherence can only be presented as the erosional surface by the
decrease of Z, which induces more aeolian erosion as stated in Section 3.3. Components
described in (3) are mainly artificial structures or bare terrain covered by very weak
vegetation. The problem we observed here is that the decorrelation model of vegetation
was frequently inclined in the component 3 direction when there was no consideration to
exclude it from the modeling. Thus, we employed two ways to clarify the findings: (1)
processing together with land cover maps, excluding from the modeling some specific
land cover types such as water surface, desert, and urban area, which may distort the
decorrelation model on vegetation; (2) further introducing two control points in regression
modeling, one with low EVI and high phase coherence and the other with high EVI
and low phase coherence. Both points were clearly located in natural vegetation, and
the value was assigned within a sufficient surrounding buffer zone. These two control
points were introduced in the regression with high weighting values. The effects of
the control points may not have been significant, but they enabled us to observe the
controllability of the regression model. We observed that the regression model of vegetation
decorrelation through the posterior process was better established as it was not inclined
towards artificial /urban components compared to other cases by a prior processor (refer
to Figure 5¢,g). Moreover, it is worthwhile highlighting that the erosion components
assigned by black dotted lines, which was our main object to measure, were all better
distinguished in the results by a posterior process, as shown in Figure 5c,g. The erosion
components characterized the inverse relationship between the EVI and phase coherences,
which were also observed in precedent studies regarding surface migration on arid sandy
desert using phase coherence [28,29,31-33]. We measured and presented root mean square
errors (RMSEs) between regression models by Equation (5) and observations. Those values
demonstrated that the posterior processor was more effective to eradicate uncorrelated
components of time-series phase coherence. Which corresponded to the precedent phase
coherence analysis by Kim et al. (2021) [50]. The observations summarized above hence
formed the basis of using a posterior process to extract AER as the default method.

In order to extract the decorrelation component by vegetation, we established a
decorrelation map using an established regression model and EVI, as shown in Figure 6.
Therefore, we were able to decompose the decorrelation map from phase coherence or the
PCA 1st component of the phase coherence time-series, as demonstrated in Figure 7. It
should be noted that the AER in Figure 7 is the relative strength of aeolian erosion between
the maximum to minimum values after decomposition. Thus, the minimum AER value
in an InSAR time-series analysis presents the minimum change of topography while the
maximum AER value is the maximum change of topography in each time-series analysis.
As we inferred from the Figure 5 cases, the results from a posterior processor showed
the outcomes better distinguished the before (see Figure 7c) and after activities to combat
desertification (Figure 7d), which were intensively conducted in the mid-2010s.
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Average EVI (2007-2008) Decorrelation by vegetation
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Figure 6. (a) Pre-decomposition stage in PALSAR-1 (2007-2008 period) by a posterior processor. (b) Pre-decomposition stage
in PALSAR-2 (20152017 period) by a posterior processor with LANDSAT-8 EVI average. The left is the PCA component 1
of PALSAR-1/2 phase coherence, the middle corresponds to the LANDSAT-5/8 EVI average over the INSAR observation
time period, and the right is the simulated decorrelation map by vegetation decorrelation model and the EVI map.
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Figure 7. AER maps using ALOS PALSAR-1/2 during 2007-2008 and 2015-2017 periods using a prior processor in (a,b)
and a posterior processor in (¢,d). Noted that the effects of combating desertification activities are obvious in the posterior
processor cases.

Sentinel-1 INSAR phase coherence time-series covering the 2016-2020 period were
constructed in consecutive INSAR pairs. We established short-term time series for each
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year from 2016 to 2020. After the decomposition of vegetation, surface erosion components
in each year were established (Figure 8). Since the erosion map created by a prior processor
presented more noise because of temporal variation of the EVI and phase coherence, our
default approach followed a posterior decomposition processor in all Sentinel-1 cases. The
AER time-series analysis is for the inter-comparison of short-term aeolian erosion using
the high temporal density of Sentinel-1 INSAR image acquisitions. Thus, a normalization
procedure was necessary to convert all AER metrics in the same data range. The details of
validation employing normalized Sentinel-1 AER are described in the next section.

2016 AER 2017 AER
o (b) &

40.20°N

*E 109. ) ; ¥ 109.40°E 109.60°E
2018 AER (d) 2019 AER

BT

109.60°E

Tolow
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Figure 8. (a—e) Surface erosion map using Sentinel-1 during the 2016-2020 period. Noted that all AER maps were constructed
by a posterior processor. The crosshairs in (a) indicate the location of ground control points for normalization. See the next
section for the detailed normalization process. AERs of data sets are not controlled by each other’s data ranges. See the next
section for the detailed normalization process to assign controlled data ranges using ground control points.

5. Discussion

Since the decomposition procedure was conducted based on the vegetation index, it is
not ideal to employ other vegetation indicators to assess extracted AER. Thus, we employed
the PC for this purpose. The PC time-series representing the surface characteristics in the
target area from 2000 to 2017 were reconstructed based on MODIS 43 BRDF products as
shown in Figure 9 [66] in which the relatively clear discrimination between sand dune and
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109.8

other land cover types can be clearly observed. Thus, it is worth noting that the PC to
InSAR erosion map comparison was effective for validating our approach.
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Figure 9. Time-series representations of protrusion coefficients (PCs) in 2001 (a), 2003 (b), 2007 (c), 2009 (d), 2013 (e), and
2017 (f) using MODIS BRDF MOD 42 products (the resolution is 500 m/pixel).

The scattergrams between the PCs and AERs extracted from Sentinel-1 in the 2016—
2020 period, together with the established regression models, are shown in Figure 10 and
Table 3. It is noted that there are commonly two data clusters (see blue and red ellipses in
Figure 10a) together with the inverse proportional relationship in PC-AER distributions.
The part encircled by the red ellipse is the aeolian land degradation component, and the
part outlined in the blue ellipse represents the weak erosion components with low-to-
high rough surfaces, such as vegetation and urban areas. The dispersions in PCs in both
distributions mainly originated from resolution differences of the PC (500 m) and the AER
(30 m) as aggregated land cover types in one PC pixel which induced a large dispersion.
However, parts of the dispersion in the aeolian erosion ellipse can be attributed to the
influences of other control factors of aeolian erosion, such as soil moisture, condensation,
and clay ratio. The lower half part of the high roughness ellipse, i.e., the lower part in the
blue ellipse, is certainly formed by the relatively flat but robust surface to aeolian erosion
in rocky areas, concrete pavements, and the roadside; thus they have low PC and low AER
values. Other upper parts of the low erosion ellipse can be explained as high roughness in
surfaces found in forest and urban structures.

Table 3. The metrics of linear and LMA regression models between the PC and Sentinel-1 AER (R2: coefficient of determination).

2016 Model R2  RMSE 2017 Model R2  RMSE 2018 Model R2  RMSE
Linear YL 002X 0024 0079  Linear Y3 07X 0023 0072 Linear Y3 %8 X 0056 0.074
RMA Y3949 032 017 rma YRTOETX s oaze rma YTTO4X 0s06 o2
2019 Model R?  RMSE 2020 Model R2  RMSE - ; ; -
Linear Y3 “GWLX 0027 0088 Linear Y3 %23 0152 0084 ; ; ; -
RMA Y05 a5 oast RMA YT UUSEX 045 0671000 - - - -

Therefore, the regression models of the AER and PC were not clear in both the least
mean squares (LMA) and linear regression approaches as listed in Table 3. Considering
the dispersion in low erosion and high erosion ellipses, we estimated that the PC-AER on
the natural surface was similar to the linear regression model, which was actually the first-
order polynomial presented in Table 3 rather than the high order polynomial cases. High
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data dispersion in the PC to AER regression showed the extra effects on surface changes
such as soil moisture, wind strength, and human activities which induced aeolian erosion.
The introduction of advanced biomass metrics that can be extracted from a sequence of
new algorithms [67,68] or from new sensing systems [69,70] will be helpful for a precise
validation of the AER in future studies. Thus, the developed AER tracing scheme will be
useful for the activities to combat desertification as well as the early warning of dust storm
generations after applying such precise validation processing.

(a) 2016 (b) 2017 (c) 2018
0 - o 0
-0.2 -0.2
-0.4 04
-0.6 -0.6 i
08P e 0.8
Q alE g afF
a2 ‘1.2
14 14
-1.6 -1.6
-1.8 -1.8
-2
0.5 1 1.5 2 25 3 3.5 4 4.5 05 1 1.5 2 2.5 3 3.5 0.5 1 15 2 2.5 3 35 4
AER AER AER
(d) 2019 (e) 2020
o
-0.2
oal ongEpEREREEA L 0 ] mmeees Linear regression line
B B TSR e L A (. LMA regression line
-0.8
Cluster on low land
Q af erosion

0.5 1 15 2 25 3 3.5 ) a5
AER

-1.2

-1.4

-1.6

-1.8

0.5 1 15 2 25 3 35 a4

AER

Cluster on aeolian land
erosion component

Figure 10. PC vs. InNSAR AER in 2016 (a), 2017 (b), 2018 (c), 2019 (d), and 2020 (e). Note that the regression models between
the PC and AER were built by an ordinal linear regression model (blue dotted lines) and a least mean squares (LMA)

regression model (red dotted lines).

A further step applied was to normalize all derived AER measurements by different

InSAR time-series analyses in the same standardized range. The processed outcomes
can be comparable to each so it is referred to as n-AER as stated in Section 1. Regarding
normalization, a linear regression model assuming a linear relationship between the values
of the reference and subject images for points of the same land cover types as those
reported in Sadeghi et al. (2017) [71] was applied in this study. Based on the dark set-
bright set (DB) method developed by Hall et al. (1991) [72], a total of 16 erosional ground
control points (EGCPs) appearing unchanged as settlement, river, and road were manually
selected to derive the normalization coefficients (refer to Figure 8a to see the location of the
selected points). Given the pattern of exponential decay in phase coherence presented in
Equation (5), a linear relationship can be established:

Tl-AERZ' = GlxlOg(AERZ) + Oﬁc_SEti (13)
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where G is the gain value, off is offset to deploy logarithmic AER value into a normalized
data range, and [ is ith target InNSAR time series observation. The G and off_set can be
extracted from the linear system in Equation (13) and EGCPs were assigned to 0.0 with
zero migration over settlement and road and 1.0 with full decorrelation over the water
surface. The values of the potential EGCPs in the INSAR AER images over the whole
observation period were recorded respectively and chosen carefully only in the case that
there were no significant changes. Based on the coefficients, i.e., Gi and off_set; derived
through ordinary least squares estimation, the AER images were normalized through a
linear transformation. The extracted n-AERs are demonstrated in Figure 11 for ALOS
PALSAR 1/2 and in Figure 12 for Sentinel-1.

(a) PALSAR-1 n-AER (2007-2009) (b) PALSAR-2 n-AER (2015-2017)

g S,

~~~~~
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Figure 11. Normalized aeolian erosion (n-AER) maps using ALOS PALSAR-2 pairs of 2007-2009 (a) and 2015-2017 (b). Two
n-AER maps now can be assessed against each other as the data ranges of the two maps used the process of employing
control points (see Figure 8a). The effects of activities to combat desertification are evident as presented in circled areas.

Therefore the n-AER maps produced by independent phase coherence time-series
analysis over the Kubugi Desert demonstrated how the change in surface characteristics
caused the mitigation of erosions. A further procedure for assessment of INSAR n-AER
products was performed based on the inter-comparison to vegetation information and
ground truth regarding activities to combat desertification. The n-AER covering a decadal
period in comparison to the EVI of LANDSAT 5/8 and MODIS is presented in Table 4. It
was observed that commonly in LANDSAT and MODIS EVIs, the low EVI area (<0.2, 0.15,
and 0.1, respectively) was dramatically reduced in the 2016 observations compared to the
2007 observations. For instance, the area with an EVI lower than 0.1 changed from 77% in
2006 to 6.6% in 2016. When the MODIS EVIs were employed to address different sensor
issues in the use of LANDSAT 5 and 8, low EVI areas were considerably reduced, especially
in areas where the EVI was smaller than 0.1. More importantly, n-AER values in low
EVI areas showed no differences, or worse, in the 2007 and 2016 observations. Thus, the
values in Table 4 represented that the overall changes in n-AER were due to the increasing
vegetation coverages in the entire Kubugqi area. However, natural conditions that induce
aeolian land degradation were still severe. Conclusively, it has been proven that the main
drivers of mitigating sand dune activities and aeolian land degradation for the last decade
have been anthropogenic factors, including activities to combat desertification in this area.

These observations can be proved again by employing ground truth regarding ac-
tivities to combat desertification. Figure 13a showed the extent of yearly planting areas
brought about by efforts to combat desertification conducted by international NGOs and
Chinese local government from 2006 to 2020. Figure 13b demonstrated the organized
planting efforts that resulted in noticeable changes in both EVI and n-AER values as ob-
served in PALSAR 1/2 time-series analyses covering the 10-year period. On the contrary,
the short-term n-AERs by Sentinel-1 from 2016 to 2020 did not make significant changes.
Obviously, old planting areas (2006-2010 and 2010) in Figure 13c,d were most successful in
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reducing aeolian erosion in the decadal period. Compared to the recent planting activities
and their relatively weak anti-AER effects presented in Figure 13e-g, it is concluded that the
activities to combat desertification during 2006-2010 successfully built a high aerodynamic
surface roughness wall crossing Kubugqi Desert, which prevented aeolian saltation.

(a) 2016 n-AER (b) 2017 n-AER
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Figure 12. n-AER maps using Sentinel-1 in 2016 (a), 2017 (b), 2018 (c), 2019 (d), and 2020 (e). See the dotted ellipses where
n-AER successfully detects the effect of ground compaction around solar panels. Note the range of n-AER is now adjusted
between 0.0 to 1.0.

Table 4. Distribution of low EVI areas and their n-AER values.

2007 LANDSAT 5 EVI 2016 LANDSAT 8 EVI
EVI Threshold M AER AER Std M AER AER Std
<EVI s ean n- n- ev . ean n- n- ev
(<EVD) Ratio *in 2007 ;.16 in 2007 in 2007 Ratio in 2016 v, 16 in 2016 in 2016
02 99.34 0.355 0.122 81.96 0.349 0.148
0.15 9226 0.363 0122 50.7 0.396 0.161
0.1 76.88 0.377 0.126 6.56 0.6 0.095
2007 MODIS EVI 2016 MODIS EVI
EVI Threshold M AER AER Std M AER AER Std
<EVI . ean n- n- ev . ean n- n- ev
(<EVD) Ratio in 2007 vy in 2007 in 2007 Ratio in 2016 v, 16 in 2016 in 2016
02 98.48 0.356 0.122 95.2 0.337 0.144
0.15 87.29 0.365 0123 80 0.348 0.15
0.1 43.8 0.428 0.135 30.4 0.467 0.162

* Percentage of the area where EVI value less than EVI threshold.
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Figure 13. n-AER values using Sentinel-1 and PALSAR-1/2 over combat desertification areas (outlined by black dash line in
(a)). The performance over all planting areas are shown in (b). Note the effects of combat desertification activities are highly

obvious in the observations of very early planting such as 2006-2010 in (c), 2010 in (d) and possibly 2015 (e) employing
PALSAR-1 and 2. However, the n-AER changes after 2016 measured by Sentinel-1 observations, such as 2019 (f) and 2020
(g), are not clear.
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All these results support that the phase coherence time-series analysis developed in
this study is effective in tracing erosion. It has also shown great potential for identifying
sources of dust and ongoing erosion by replacing existing approaches such as AOD analysis.
Compared to 25 km resolution dust source tracing using AOD analysis, the INSAR phase
coherence method provided an improved opportunity to directly observe erosion with a few
decameters spatial resolution and better temporal resolution regardless of climate condition.
However, it should be noted that the limitations of the phase coherence time-series analysis
for dust source mapping are also clear. As mentioned above, the values observed by phase
coherence time-series analysis are only relative intensities. Therefore, a calibration process
between erosion maps in each epoch using land control points is necessary. Another
significant problem of phase coherence analysis is the reliability of the decomposition of
the phase coherence contribution by other factors such as vegetation, soil moisture, snow
cover, and other land changes. In this respect, we propose a more detailed interpretation of
phase coherence time-series that combines high-resolution remote sensing data products
such as drone and space-borne ultra-high-resolution products. Cross-comparison studies
using climatic factors such as soil moisture, wind speed, and precipitation will provide
insight into the improvement of the phase coherence AER.

6. Conclusions and Future Work

This study proved that precise long-term monitoring of aeolian erosion and progress
of involved surface condition is feasible using time series INSAR and medium resolution
vegetation index products. A scheme employing InNSAR phase coherence time-series suc-
cessfully traced a temporal consequence in which activity to combat desertification caused
the increase of aerodynamic roughness length and the decrease of sand dune mobility. In
spite of the favorable natural environment for intensive aeolian land degradation in N.W
Chinese deserts, the efforts to combat desertification and other anthropogenic factors led
to the overall reduction of erosion in Kubugi during the period 2000-2020. Our scheme
successfully reconstructed such a long-term and steady-going combating desertification
consequence on the establishment of a blocking wall leading to the effective mitigation
of aeolian erosion. Thus, the effectiveness of the phase coherence approach for erosion
monitoring was well verified in both aspects of precision and spatio-temporal resolution.

However, it has appeared that a few issues remained to be solved in the proposed
scheme before it is to be employed as a standard approach for AER measurement. First, the
driven InNSAR AER only extracted the relative strength of aeolian erosion; thus, it should be
calibrated compared to the metrics of quantitative erosion. On the other hand, the INSAR
signal still needs to be further inspected to decompose other governing factors of erosion,
such as climatic factors and the footprints of the urban area, rock surface, and concrete
resistant land cover that exists against erosion. It means the procedure needs to be more
updated considering how surface conditions for erosion are very complicated.

For future work, in order to carry out the quantitative analysis which is more generally
applicable for erosion monitoring in major sand dust source areas, it is essential to perform
additional measurement over the target area, such as UAV stereo, high-resolution satellite
analysis, and close-range photogrammetry. Improved time-series data analysis together
with high-resolution products will be of great help for the planning of more effective activity
to combat desertification and better prediction and observation of erosion in the arid desert.
Future space-borne sensors such as NASA-ISRO Synthetic Aperture Radar (NiSAR) [73],
Geostationary Ocean Color Imager-2 (GOCI-2) [74], and Panchromatic Remote-sensing
Instrument for Stereo Mapping-2 (PRISM-2) will provide highly valuable data sets to
update or precisely validate proposed algorithms.
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