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ARTICLE INFO ABSTRACT

Edited by Marie Weiss Land disturbance can increase carbon emissions, cause detrimental environmental impacts, and threaten human
life and property. Monitoring land disturbance in near-real-time is essential to mitigate their negative effects and
prevent future losses. However, rapid and timely monitoring of land disturbance at a high spatial resolution is in
its infancy. Here, we developed an algorithm for Near-Real-Time MOnitoring of 1aNd dIsturbance based on Time-
series of harmOnized Reflectance (NRT-MONITOR) from Landsats 7-8 and Sentinel-2 data at 30-m spatial res-
olution. It incorporates an online recursive algorithm called Forgetting Factor to improve efficiency in the
determination of land disturbance to get fast detection based on the harmonized data. This algorithm is devel-
oped and validated by using 1200 samples created from the harmonized Landsats 7-8 and Sentinel-2 time series
from 2015 to 2019 within the conterminous United States (CONUS). An overall accuracy of 70% has been
achieved for monitoring a variety of land disturbance types. NRT-MONITOR improves the processing efficiency
(11.5 times faster) compared to the COLD algorithm (Zhu et al., 2020). The mean time lag of NRT-MONITOR,
defined as the delta days of confirming a land disturbance after its occurrence, is only 35 days, which is ach-
ieved by using the harmonized Landsats 7-8 and Sentinel-2 observations and reduced number of clear obser-
vations (from six to four) needed to confirm a land disturbance. Finally, NRT-MONITOR can be integrated into an
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alerting system to provide potential land disturbance probability maps that are updated every three days.

1. Introduction

Land disturbance, defined as any discrete event that occurs outside
the range of natural variability of the land surface (Zhu et al., 2020), are
changing our planet at an alarming rate by a variety of causes, such as
more frequent wildfires (Kato et al., 2020; Westerling et al., 2006), se-
vere hurricanes (Emanuel, 2005), widely spread insect infestation (Senf
et al., 2017), extensive deforestation (Potapov et al., 2019), and a rapid
increase of urbanization (Ma et al., 2015). These land disturbances can
increase carbon emissions, cause detrimental environmental impacts
and biodiversity losses, and threaten human life, property, and local
economy (Tang et al., 2019; Verbesselt et al., 2012; Zhu et al., 2020).
Knowing where the land disturbance is occurring in Near-Real-Time
(NRT) is essential for mitigating their negative effects and preventing
future losses.

Optical satellite remote sensing continuously observes land surfaces
over a large area, and the availability of dense satellite observations
provides the opportunity for NRT monitoring of land disturbance.
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Coarse-resolution satellites (250-1000 m), such as Moderate Resolution
Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging
Radiometer Suite (VIIRS), have been used for NRT monitoring of land
disturbance due to their relatively high temporal frequency (Tang et al.,
2019). For example, the operational system Terra-i (Reymondin et al.,
2012) monitors deforestation for Latin America based on the 16-day
composite of MODIS NDVI at 500-m resolution, and the FORMA alert
system uses similar MODIS data and is capable of providing forest
disturbance alerts every 16 days (Hammer et al., 2014). The Breaks For
Additive Season and Trend (BFAST) monitoring method uses the 16-day
MODIS NDVI composites at a 0.05° spatial resolution to monitor the
drought-related disturbances (Verbesselt et al., 2012). Recently, the
NRT-CCDC method (Tang et al., 2019) monitors forest disturbance using
MODIS daily NDVI at a 250-m spatial resolution and has pushed the NRT
monitoring further. However, the 250-m resolution satellite observa-
tions are not ideal for detecting anthropogenic disturbance that usually
occurs at a scale much smaller than 250-m (Hansen and Loveland, 2012;
Senf et al., 2017; Xin et al., 2013; Zhu and Qiu, 2022). The use of dense
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satellite observations at a higher spatial resolution is critical and
imperative for NRT monitoring of land disturbance (Senf et al., 2017).

The series of Landsat satellites can provide terrestrial observations at
high spatial (30 m) and temporal (8-day revisit frequency) resolutions
with two working satellites, making them ideal for obtaining fine-scale
land disturbance information (Brown et al., 2019; Wulder et al., 2019;
Zhu et al., 2020). Many approaches have been developed for detecting
land disturbance based on Landsat time series, and their temporal fre-
quencies are shifting from annual (Hansen et al., 2013; Hermosilla et al.,
2015; Huang et al., 2010; Kennedy et al., 2010) to sub-annual scales
(Brooks et al., 2014; Hamunyela et al., 2016; Hansen et al., 2016; Zhu
etal., 2012; Zhu and Woodcock, 2014a). Though these sub-annual scale
algorithms can update detection results with every new observation,
they usually require a few months to collect sufficient consecutive ob-
servations to confirm a land disturbance, based on the assumption that
noise is usually more ephemeral than land disturbances (Hamunyela
et al., 2016; Zhu et al., 2015). To separate land disturbance from noises,
the BFAST method requires 120-240 days (15 clear observations) to
confirm a disturbance using Landsat time series in dry tropical forest
(Hamunyela et al., 2016); the Continuous monitoring of Land Distur-
bance (COLD) algorithm needs at least 96 days to confirm a land
disturbance (Zhu et al., 2020); the S-CCD approach requires at least 80
days to confirm forest disturbances using Landsat time series (Ye et al.,
2021); and the GLAD forest alerts system requires 64 days to confirm
forest loss using Landsat 7-8 time series (Hansen et al., 2016). There-
fore, the time requirement of collecting continuous clear observations to
separate land disturbances from noises could cause a substantial delay in
land disturbance detection, and methods that could reduce this time
requirement are of great interest.

Another major challenge in large-scale NRT monitoring of land
disturbance is the huge amount of computation resources it requires, as
even if the algorithm can provide NRT results, it can be delayed sub-
stantially by the required processing time (Zhu et al., 2020). Many al-
gorithms require creating an unchanged reference to compare satellite
observations in the detection of a land disturbance, and the speed of
building the unchanged reference plays a major role in the algorithm’s
efficiency. For example, COLD updates the time series model based on
all historical observations to predict the unchanged reference, and it
requires 1000-3000 computing hours to process one Landsat Analysis
Ready Data (ARD) tile (Zhu et al., 2020). For NRT monitoring across the
CONUS, COLD would require one to three months to update the model
estimation for every new observation if 500 cores were used for
computation. High-performance computing (HPC) and cloud computing
(CQ) platforms have the potential to provide more computing capacity
to reduce the processing delay. But these computing resources are still
very expensive, and sometimes prohibitive. Some cloud computing
platforms provide free accounts for non-commercial users (Gorelick
et al., 2017), but have many limitations (e.g., the restricted program-
ming framework, limited storage and processing time), making it diffi-
cult to run the more complicated algorithms designed for NRT land
disturbance monitoring. Improving the efficiency of NRT land distur-
bance monitoring is therefore important for saving computing resources,
energy, and money, and can help individuals who do not have good
computing resources to conduct large-scale NRT monitoring of land
disturbance.

The delay of NRT monitoring is referred to as time lag in this study,
which is the delta days required for confirming a land disturbance after
its first occurrence observed in satellite data. To obtain fine-scale land
disturbance information in a timely fashion, the NRT monitoring algo-
rithm should minimize the time lag without sacrificing the accuracy of
NRT monitoring. Increasing the temporal frequency of high-resolution
observations, reducing the number of needed consecutive observations
to confirm land disturbances, and improving the time efficiency of the
NRT monitoring algorithm are the three key directions to reduce the
time lag and provide timely land change information.

To increase the temporal frequency of high-resolution observations,
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we will explore the use of four satellite sensors, including Landsat 7,
Landsat 8, Sentinel-2A, and Sentinel-2B. Though Sentinel-2 can provide
Landsat-like high-resolution observations, there are still large differ-
ences between Landsat and Sentinel-2 surface reflectance values, even
for some harmonized datasets, such as the NASA harmonized Landsat
and Sentinel-2 (HLS) data (Claverie et al., 2018; Shang and Zhu, 2019).
Meanwhile, as far as we know, this is the very first time that all four
sensors are used together for monitoring land change, as Landsat 7 data
is usually ignored in the time series analysis due to the Scene Line
Corrector (SLC)-off issue. For those studies that used both Landsat and
Sentinel-2 data, most of them focused on a single type of land distur-
bance or disturbance within a single land cover/use type, such as burned
area mapping (Roy et al., 2019), grassland change detection (Zhou et al.,
2019), forest disturbance detection (Chen et al., 2021), dune migration
mapping (Ding et al., 2020), and sugarcane plantation dynamics
detection (Wang et al., 2020). Considering the importance of consistent
time series data for change detection (Qiu et al., 2019), it is imperative
to test methods that can provide more accurate harmonized Landsats
7-8 and Sentinel-2 data and use the full archive of this combined dataset
for fine-scale land disturbance detection.

To reduce the number of required consecutive observations to
confirm land disturbances, innovative methods that could better exclude
outliers and can detect land disturbance based on higher thresholds
without causing omission errors of land disturbances are needed. For
example, some of the current Landsat-based disturbance algorithms,
such as COLD (Zhu et al., 2020) and S-CCD (Ye et al., 2021), need at least
six clear consecutive observations to confirm land disturbances, and new
methods that require fewer consecutive observations to confirm land
disturbances, such as four or five consecutive observations, could
potentially reduce the lag time by 33.3% and 16.7%, respectively.

To increase the efficiency of the NRT algorithms, more efficient
regression methods such as the online recursive regression could be a
solution. The online recursive regression methods, such as Forgetting
Factor, Kalman Filter, and Normalized Gradient, are able to update
model parameters in an online mode based on newly collected obser-
vations and past coefficients much more efficiently than traditional
regression methods (Khalil and Dombre, 2004). As most online regres-
sion methods do not need to host all historical data, it is possible to run
NRT algorithms at a large scale without the need for massive data
storage. The S-CCD approach incorporated the Kalman Filter based
method in its online model estimation and achieved up to ~4.4 times
speedup for computation against the COLD algorithm (Ye et al., 2021),
which is a nice attempt to use online estimation in change detection, but
it is only designed for detecting forest disturbance and still needs more
than 80 days to confirm a change. Therefore, it is of great interest and
importance to develop a more efficient NRT monitoring approach for
detecting all land disturbance types with a shorter delay.

In this study, we aim to propose a novel approach for Near-Real-Time
MOnitoring of 1aNd dIsturbance based on Time-series of harmOnized
Reflectance (NRT-MONITOR) from Landsats 7-8 and Sentinel-2 data ata
30-m spatial resolution. The NRT-MONITOR approach can substantially
reduce the time lag of land disturbance monitoring at similar accuracies
of other state-of-the-art algorithms, and is capable of providing land
disturbance alerts with a land disturbance probability every three days.

2. Data and study area
2.1. Harmonizing Landsats 7-8 and Sentinel-2 data

The harmonized Landsats 7-8 and Sentinel-2 data at the Blue, Green,
Red, Near-Infrared (NIR, Band 8A for Sentinel-2), Shortwave Infrared 1
(SWIR1), and 2 (SWIR2) bands were used to develop and evaluate the
NRT-MONITOR algorithm. Landsat 8 (Collection 1) and Sentinel-2 sur-
face reflectance data at a 30-m spatial resolution were downloaded from
the NASA Harmonized Landsat 8 and Sentinel-2 (HLS) V1.4 product
(Claverie et al., 2018), and Landsat 7 (Collection 1) surface reflectance
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data was preprocessed and downloaded from Google Earth Engine (GEE)
(Gorelick et al., 2017). The processing of Landsat 7 includes the Bidi-
rectional Reflectance Distribution Function (BRDF) correction using the
c-factor approach (Roy et al., 2016), re-projection, and clipping from
Landsat WRS-2 (Worldwide Reference System-2) to the Sentinel-2 MGRS
(Military Grid Reference System) tile with nearest neighbor resampling.
The Quality Assessment (QA) band created from the Fmask algorithm
was used for the identification of clear observations (Zhu et al., 2015;
Zhu and Woodcock, 2012).

We applied the newly developed Time-series-based Reflectance
Adjustment (TRA) approach (Shang and Zhu, 2019) to reduce the
reflectance difference among Sentinel-2, Landsat 7, and Landsat 8 with
Landsat 8 data as the reference for this new reflectance adjustment
approach. Without the adjustment, the reflectance difference (mostly
caused by bandpass difference) between different sensors will influence
the detection of land disturbance in two aspects (Fig. 1): (i) higher
commission errors, where the reflectance difference from the sensors is
detected as a land disturbance event; (ii) higher omission errors, where
the signal of a true land disturbance event is buried in the reflectance
difference between sensors. To minimize the influence of reflectance
difference on land disturbance monitoring, we modified the original
TRA approach in three aspects: First, the TRA approach would only be
applied if the mean reflectance difference between two sensors is large
enough (> 0.002) to cause trouble in change detection. Second, to
reduce the influence of noise on the built relationship for the reflectance
adjustment, the linear regression using the ordinary least squares was
replaced by a robust regression using iteratively reweighted least
squares with a bi-square weighting function, which can assign lower
weights to the outliers by the iterative reweighting process. Third, the
slope of the built linear relationship for the reflectance adjustment was
limited to a realistic range (e.g. between 0.8 and 1.2). If the slope is
outside this range, 5% of the matched observation pairs departed far
from the initial linear relationship will be removed and the remaining

5000 @) g
e Landsat 7/8
4000 SenllinelA-Z
Estimations
- = =Predictions
g 001 e Date of break |
=
@« 2000

1000 t ! \'
;‘ 'I -..
0
2015 2016 201 7 ’0]\ 2019 2()2()
b
5000 — (b) -
H * Landsat 7/8
4000 - . Seqliuel'-l
. Estimations
| - = =Predictions
;_} 3000 . : ----- Reference disturbance | 7
z ="
% 2000 o, . T |
L. PV R .
S 8 3 e -
1000 ¢ o* e =
; o3 N
0 : 2o L ! |
2015 2016 2017 2018 2019 2020

Remote Sensing of Environment 278 (2022) 113073

will be used to rebuild the linear relationship. This process will be
iteratively performed until the slope is within the range.

The remaining outliers missed by Fmask or the QA of the HLS
product, such as clouds, cloud shadows, and snow/ice, in the time series
should be well screened before land disturbance monitoring. Unlike
using a complicated algorithm such as Tmask (Zhu and Woodcock,
2014b), a simple time series filter was used to remove the remaining
outliers (e.g., clouds and cloud shadows) in the time series of all four
sensors after the reflectance adjustment:

(€8]

> {pAa)fo.sX<pA<i71>+pA<i+1>>

A=1 Da(i) ] >)(2(kNP)

ZJ 5 Pa(0) = 0.5 x (p (i = 1) +p (i + 1))]2/(1\’2) (&)

where, k is the number of bands, A is the band index (from 1 to k), p(i) is
the i™ observation, N is the number of observations, Np is the probability
of an outlier, and xz(k, Np) is the threshold used for the outlier removal
derived from the chi-squared distribution. Outliers usually alter surface
reflectance abruptly but are much more ephemeral than a real land
change signal (Zhu et al., 2020). Therefore, they can be removed by
comparing reflectance to the mean reflectance of its nearby two obser-
vations. The optimal probability for outlier screening is 0.99 (see Fig. S1
for details).

2.2. Reference data and study area

A total of 1200 reference samples from 2015 to 2019 were randomly
selected from four HLS tiles, in which each tile has 300 randomly
selected reference samples (Fig. 2). The four HLS tile IDs are T10SFG,
T13TCF, T18TXM, and T19TDL. Tile T10SFG is selected because of the
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Fig. 1. Two typical examples of land disturbance monitoring before (a-b) and after (c-d) reflectance adjustment between Landsat 7/8 and Sentinel-2 surface
reflectance data. (a) shows a commission error where the reflectance difference between Landsat and Sentinel-2 data is misidentified as a land disturbance event; (b)
shows an omission error where the signal of a true land disturbance event is missed by the land disturbance monitoring algorithm due to the large reflectance
difference between Landsat and Sentinel-2 data; (c) shows that the commission error is corrected after applying the reflectance adjustment for the first example (a)
with no land disturbance; (d) shows that the omission error is corrected after applying the reflectance adjustment for the second example (b) with a land disturbance
occurred in 2016. The “Reference disturbance” in the second example refers to the interpreted land disturbance in the reference data.
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Fig. 2. Spatial distribution of the 1200 Landsat reference samples (green circles) overlaid on the NLCD 2011 land cover (Homer et al., 2015) map (a) and the
enlarged figures (b-e) for four HLS tiles (T10SFG, T13TCF, T18TXM, and T19TDL). (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

high occurrences of land disturbances from fire and mechanical, and it
includes the land cover types of cultivated crops, developed, forest,
shrubs, and grasslands. Tile T13TCF is selected because of the high oc-
currences of land disturbances from stress and fire, and it mainly in-
cludes the land cover types of forest and shrubs. Tile TI8TXM is selected
because of the high occurrences of land disturbances from wind and
harvest, and it mainly includes the land cover types of forest and
developed. Tile T19TDL is selected because of the high occurrences of
land disturbances from hydrology and harvest, and it mainly includes
the land cover types of forest and open water. All reference samples were
interpreted based on the time series visualization and disturbance data
collection software — TimeSync (Cohen et al., 2010) with the help of
Google Earth high-resolution images, where all available Landsats 7-8
and Sentinel-2 images were incorporated to obtain the accurate date of
land disturbance. These reference samples include many kinds of land
disturbance types such as harvest, fire, stress, wind, mechanical, and
hydrology, and 2.3% of reference samples had more than one land
disturbance event from 2015 to 2019.

3. Methods
3.1. The NRT-MONITOR algorithm

The NRT-MONITOR algorithm can monitor land disturbance in near-
real-time with or without historical detection results. Fig. 3 shows the
flowchart of NRT-MONITOR, which consists of four major steps:
obtaining the initial model parameters (Section 3.1.1), estimating the
time series combined from the stored historical and new observations
using the Forgetting Factor recursive regression (Section 3.1.2), NRT

monitoring and confirming a land disturbance (Section 3.1.3), and
processing the end of time series for future NRT monitoring (Section
3.1.4). Before confirming a land disturbance, a “break” is used to indi-
cate spectral changes that deviate from recursive estimations, and each
“break” separates the time series into two “time segments”. The optimal
thresholds used in NRT-MONITOR are summarized in Table 1, and the
detailed descriptions of the parameters could be found in Sections
3.1.1-3.1.4.

3.1.1. Obtain the initial model parameters

The harmonic time series model with 3 harmonic items (Eq. (3)) was
used to model the time series of surface reflectance. This model was
selected because it was widely used for change detection (Brooks et al.,
2014; Hamunyela et al., 2016; Verbesselt et al., 2012; Zhang et al., 2021;
Zhu et al., 2020; Zhu and Woodcock, 2014a). The Green, Red, NIR,
SWIR1, and SWIR2 bands were selected for NRT land disturbance
monitoring because they were demonstrated to be the optimal band
combinations for detecting land disturbance (Zhu et al., 2020).

¥ A) = a(A) + b+ 3 [c(k, A)cos (%ﬂ t) +d(k, Acos (2"7” t> ]
3)

where, y(t, A) is the estimated surface reflectance; t is the date; A is the
Landsat band; k is the frequency of harmonic component (1, 2, and 3); T
is the number of days per year (365.25); a(A), b(A), c¢(1,A), d(1,A), c
(2,A), d(2,A), c(3,A), and d(3, A) are the model parameters. The initial
model parameters are critical for starting the recursive regression, and
we will use the time series model estimated in the last time segment in
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Fig. 3. The flowchart of the NRT-MONITOR algorithm. The four colors of light red, light blue, light green, and yellow indicate four major steps of the NRT-MONITOR
algorithm: light red is for obtaining the initial model parameters, light blue is for estimating the time series using Forgetting Factor based recursive regression, light
green is for NRT monitoring and confirming a land disturbance, and light yellow is for processing the end of time series for future NRT monitoring. The “break” is
used to indicate spectral changes that deviate from recursive estimations. (For interpretation of the references to color in this figure legend, the reader is referred to

the web version of this article.)

Table 1
The optimal thresholds used in the NRT-MONITOR algorithm. RMSE: root mean
square error between satellite observations and algorithm estimations.

Parameter Threshold  Sensitive
analysis

The threshold for outlier removal 0.99 Fig. S1

Forgetting parameter 0.999 Fig. S2

Number of modeled observations to stabilize 120 Fig. S3
recursive regression

Minimum number of consecutive observations for 4 Fig. S4
confirming a land disturbance

Time interval of the RMSE look-up-table 8 days Fig. S6

Minimum number of observations required for 24 Fig. S7
calculating RMSE

The minimum time interval for confirming a land 30 days Fig. 6
disturbance

The change threshold used for land disturbance 0.99999 Fig. 6
detection

historical detections if they already exist. If there are no previous time
series model coefficients estimated, we will follow the same model
initialization procedure as COLD in our model initialization (Zhu et al.,
2020). This procedure used the first part of time series to detect the
stable period with a stability test (Zhu et al., 2020):

|Lstope| + max{|Lyan, | Lena| } (Ter )
where, |Lgope| is the change magnitude from the slope of time series, |
Lsare| is the change magnitude of the first observation, |Lenq| is the
change magnitude of the last observation, and T¢r is the change
threshold (seeing Section 3.1.3 for details). When it passed the stability
test, a time series model will be initiated, and its model parameters will
be used as the initial model parameters.

3.1.2. Estimate the time series using forgetting factor based recursive
regression

Improving the time efficiency and reducing the storage demand are
critical issues that need to be addressed for large-scale monitoring of
land disturbance. We used the online recursive estimation algorithm
(Carlson, 1973; Khalil and Dombre, 2004) to solve both issues as shown
in Eq. (5).
0(1) = 01— 1)+ K@) (y(r) =¥(1)) ©)
where, 0(t) is the parameter estimate at time & y(f) is the observed
output at time t; y(t) is the prediction of y(t) based on observations up to
time t-1; K(t) is the gain, which determines how much the current pre-
diction error y(t) — y(t) affects the update of the parameter estimate.

The gain K(t) is the most critical component in the algorithm and is
shown in Eq. (6).

©

where, y(t) represents the gradient of the predicted model output y(t0)
concerning the parameters ¢; Q(t) is the parameter and there are three
mathematical approaches for its derivation including Forgetting Factor,
Kalman Filter, and Unnormalized Gradient (Carlson, 1973; Khalil and
Dombre, 2004). Linear regression is used to calculate the gradient y(t) as
shown in Eq. (7).

(1) =y (1)0(1) +e(1) ™

where, y(t) is the regression vector that is computed based on previous
values of measured inputs and outputs, and e(t) is the noise. Experiments
using the three mathematical approaches with their default settings
showed that the Forgetting Factor could present a large difference be-
tween the estimated values and real observations when a land change
occurred (Fig. 4). Therefore, the Forgetting Factor was used to estimate

Q.
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Fig. 4. Example of SWIR1 band (x10,000) surface reflectance estimations from Forgetting Factor, Kalman Filter, and Normalized Gradient algorithms with their
default MATLAB settings of the parameters for a pixel that has undergone a land disturbance in 2017. Obsypes: Observations before land disturbance; Obs,g: Ob-
servations after land disturbance; Dategy;s: Date of land disturbance; KF: Kalman Filter; FF: Forgetting Factor; NG: Normalized Gradient. Note that both Kalman Filter
and Normalized Gradient respond to the change of the time series closely, while it takes quite some time for Forgetting Factor to respond to this change. This unique
latency from Forgetting Factor makes it capable of detecting land disturbance based on the difference between estimated values and the actual remote sensing

observations.

O(1) =P(t—1)/ (2 +y" (P(t— 1w (1)) ®)
1 P(t— Dy(y” ()P — 1)

P =3 (-0 e ) @

where, P(t) is the covariance, and 1 is the forgetting parameter between
0 and 1. The forgetting parameter discounts historical observations
exponentially, and 1/(1 — 1) represents the memory horizon of the
Forgetting Factor. We tested 5 different values (e.g., 0.9, 0.95, 0.99,
0.999, and 0.9999) for the forgetting parameter, and 0.999 was deter-
mined as the optimal threshold (Fig. S2).

The initial recursive regressions based on the Forgetting Factor are
critical for stabilizing the recursive estimations of surface reflectance.
The remaining clouds, cloud shadows, or other outliers at the beginning
of the time series can influence the initial recursive regressions which
may negatively impact the land disturbance detection. To minimize
these impacts, we proposed a novel method that adds a short period of
modeled observations ahead of the time series to start recursive

regression. The modeled observations were derived from the harmonic
time series model using the initial model parameters with a time interval
of 8 days. The 8 days is chosen because it is the revisit days of two
Landsat satellites. Adding modeled observations will influence how the
Forgetting Factor recursive regression follows the historical trajectory.
The more model observations are used, the more accurate the estimates
from the recursive regression, and the less the impact of remaining
outliers at the beginning of the time series. We tested the impact of using
different numbers of modeled observations on stabilizing the Forgetting
Factor recursive regression. Without using modeled observations
(Fig. 5a), the estimations could follow the “false” trends caused by
remaining outliers that were estimated in the first year and negatively
impact model capability for land disturbance monitoring. The impact of
these outliers is reduced when using 30 modeled observations (Fig. 5b),
and it is minimized when using 120 modeled observations (Fig. 5¢). The
sensitive analysis determined 120 modeled observations as the optimal
threshold to achieve the highest monitoring accuracy of land distur-
bance (Fig. S3).
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Fig. 5. Example of using the modeled observations to stabilize the recursive regression at the SWIR1 band (x10,000). (a) No modeled observations; (b) 30 modeled
observations; and (c) 120 modeled observations. Obsyes: Observations before land disturbance; Obs,¢: Observations after land disturbance; Dateg;s: Date of land
disturbance; Obspoq: Modeled observations; preLength: The number of modeled observations.

3.1.3. NRT monitoring and confirming a land disturbance

NRT monitoring starts when the recursive estimation is completed,
and it searches the change signal (“break”) from the start to the end of
the merged time series (historical plus new observations). It is worth
noting that historical observations are only needed when there is no
historical time series model and there are no more than 24 historical
observations saved in the previous monitoring procedure (see Section
3.1.4 for details). There are three major processes in NRT monitoring: (i)
detecting a “break”, (ii) recording time segments, and (iii) moving for-
ward. If no “break” is detected for the current observation, the proced-
ure will move forward to the next observation in the time series. If a
change signal is identified at the ith observation (defined as i break) in
the time series, the time segment from the first to i break-1 of time series
will be estimated by the harmonic time series model. The model pa-
rameters, change magnitudes, and some other parameters (see Table S1
for details) will be saved for the use of recursive regression and distur-
bance agent classification. In this study, we only focus on monitoring
land disturbance, and the classification of land disturbance agents is not
included.

A land disturbance is confirmed by measuring the differences be-
tween the satellite observations and algorithm estimations, as well as the

duration of these differences. The difference is calculated by a normal-
ized change magnitude (CM) derived from the five spectral bands and a
change threshold based on the chi-squared distribution (Eq. (10)).

o~ X, (e ) ao)
RMSE, (i) = JZ?I(yA(i) NGO / N an

where, k is the total number of detecting bands, A is the band index
(from 1 to k), yA(i) is the i observation, yA (i) is the i model prediction
in the time series, N is the total number of observations used for
calculating RMSE (see supplementary material and Fig. S5-S7 for de-
tails), and j is the observation index (from 1 to N). The calculation of
RMSE is critical for monitoring land disturbance. The Day-of-year
(DOY)-nearest observations were suggested to calculate RMSE because
they can describe seasonal changes in RMSE (Zhu et al., 2020), but itis a
challenge to select the DOY-nearest observations without saving all
historical observations. To calculate seasonally dynamic RMSE for NRT
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land disturbance monitoring, we used a look-up table (LUT) to store the
sum of square errors and the number of observations used in calculating
RMSE. Fig. S5 shows the schematic diagrams on how to calculate RMSE
for a target observation: first transfer the acquisition dates of all previous
observations into DOYs, then divides these observations into different
bins using a bin width (e.g. 8, 16, 24, or 32 days) according to their
DOYs, and last uses a LUT to store the sum of square errors and the
number of observations within each bin for updating RMSE. If the
number of observations within a bin is smaller than a threshold, the
observations in their neighboring bins will be added to calculate RMSE.
Sensitive analysis indicates that the optimal bin width is determined as
8 days (Fig. S6) and the optimal number of observations used in the
RMSE calculation is determined as 24 (Fig. S7).

The duration of the differences is measured by integrating a mini-
mum time interval and a minimum number of consecutive observations.
The minimum time interval, which is defined as the minimum days that
a land disturbance lasts, is integrated to consider the variability of
temporal frequency in the harmonized time series for NRT monitoring,
where large changes in temporal frequency could influence land
disturbance detection (Brown et al., 2019). Another advantage of inte-
grating a minimum time interval is the improved spatial and temporal
consistency of the detected land disturbance (Ye et al., 2021). Using
these indicators, a land disturbance is determined in Eq. (12).

min{CM(i) ,CM(i +1) ..., CM(i + Ny — 1) }
> Pk, Ter) and t(i + Neo — 1) — t(i) > Dpin 12)

where, k is the total band numbers, Ny, is the minimum number of
consecutive observations, CM(i) is the change magnitude, T¢r is the
change threshold, ;(Z(k, Tcr) is the normalized threshold derived from
the chi-squared distribution, t(i) is the date, and Dy, is the minimum
time interval. The minimum number of consecutive observations was
determined to be 4 in the sensitive analysis (Fig. S4). Sensitive analysis
was also conducted using different minimum time intervals and change
thresholds (Fig. 6). The optimal parameters for NRT land disturbance
monitoring include a minimum of four consecutive observations, a
minimum time interval of 30 days, and a change threshold of 0.99999
based on the harmonized Landsats 7-8 and Sentinel-2 data. It is worth
noting that “breaks” contributed from the vegetation regrowth are
excluded from land disturbance following the same procedure used in
COLD (Zhu et al., 2020) if the time series model after the “break” could
be estimated.
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Fig. 6. Land disturbance monitoring accuracies with different time intervals
from 20 to 60 days based on the harmonized Landsats 7-8 and Sentinel-2 time
series. Five points in each curve represent change thresholds of 0.999, 0.9999,
0.99995, 0.99999, and 0.999999, respectively.
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NRT-MONITOR can also provide land disturbance alerts with a
probability map before changes are fully confirmed. The disturbance
probability is calculated as the ratio between the number of changed
observations (N¢) and the minimum number of consecutive observations
(Npmin) to confirm a change or the ratio between the time interval of first
and current changed observations (D¢) and the minimum time interval
to confirm a change (D), whichever is smaller (Eq. (13)).

P = min(Ne/Nyin, Dc/Din) x 100% 13)

3.1.4. Processing the end of time series for future NRT monitoring

The end of the time series needs special processes to prepare for
future NRT monitoring. There are four scenarios as shown in Fig. 7: (1)
Scenario 1: no disturbance is observed before the end of time series; (2)
Scenario 2: a disturbance is confirmed and the last time segment has
>24 clear observations; (3) Scenario 3: a disturbance is confirmed but
the last time segment has <24 clear observations; (4) Scenario 4: the
time series end with an unconfirmed disturbance. The threshold of 24
clear observations is used because it is one of the basic requirements for
time series model initialization (Zhu et al., 2020). For Scenarios 1-2,
there is a time series model estimated for the time segment extended to
the end of time series, and the model parameters will be saved for future
monitoring; For Scenario 3, we cannot estimate time series models for
the last time segment due to lack of observations, and all observations
(<24) within this time segment will be saved for future time model
initialization; For Scenario 4, the disturbance has not been fully
confirmed, and the latest 24 clear observations will be saved to update
the land disturbance monitoring in the future.

3.2. Algorithm performance evaluation

The commission error, omission error, and F1 score were chosen for
accuracy assessment (Zhu et al., 2020). Commission error describes the
land disturbances that are only detected by the algorithm but are not
labeled as land disturbances in the reference data. Omission error de-
picts the land disturbances recorded in the reference data but is not
detected by the algorithm. F1 score provides a balance between the
commission and omission errors. The reference land disturbance sam-
ples were randomly separated into two parts: 50% were used for algo-
rithm development (hereafter will be called calibration samples), and
the remaining 50% were used for accuracy assessment (hereafter will be
called validation samples). To get a more robust estimation of accuracy,
we performed the accuracy assessment eight times with different
random selections (50%) of the validation samples, and their mean
values and one standard deviation (95% confidence interval) of com-
mission error, omission error, and F1 score were used to quantify the
final NRT monitoring accuracy. Every land disturbance event in the
reference plots would be evaluated, and the agreement of a disturbance
event can be confirmed if the detection and the reference are correct
both in space and time.

Since the temporal coverage of the reference samples is all historical
years, we assumed that observations at each one-year period are “future
observations”, and then run the NRT-MONITOR algorithm based on
these “future observations” and the disturbance detection results ended
at the end of each previous year. The total validation periods from 2015
to 2019 were separated into five one-year monitoring periods, and the
average accuracy of all five periods would be regarded as the final ac-
curacy. This validation procedure could also be used for evaluating the
accuracy of land disturbance alerts provided at different land distur-
bance probabilities.

4. Results
4.1. Monitoring land disturbance

The NRT-MONITOR algorithm can monitor land disturbance when
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Fig. 7. Four scenarios of disturbance monitoring at the end of SWIR1 band (x10,000) time series: (a) no disturbance is observed, (b) a disturbance is confirmed and
the last time segment has >24 clear observations, (c) a disturbance is confirmed but the last time segment has <24 clear observations, and (d) the time series end with

an unconfirmed change.

new satellite observations are available. By assuming historical obser-
vations as “future observations”, NRT-MONITOR was tested by updating
the land disturbance monitoring annually. Fig. 8 shows the updated
monitoring of land disturbances in each year from 2014 to 2018 for a
subset of the HLS tile T19TDL. Landsat 8 false-color composite (R:
SWIR1, G: NIR, B: R) images obtained on July 21th, 2013 (Fig. 8a) and
September 26th, 2020 (Fig. 8d) are shown as a comparison. Fig. 8b-c,
Fig. 8e-f, and Fig. 8h-i show the enlarged views of the red squares
labeled in Fig. 8a, Fig. 8d, and Fig. 8g, respectively. The spatial distri-
bution of the detected land disturbances from NRT-MONITOR was
similar to the clear-cut areas in the false-color composite images, and
there were only small differences that could be observed for some small
patches. The results for the HLS tiles TIOSFG and T18TXM are shown in
Fig. S8 and Fig. S9 (the tile T13TCF is not included because it was
selected as an example for providing alerts of potential land disturbance
in Fig. 10), and land disturbances types, such as harvest, stress, fire,

mechanical, and hydrology, can be well captured by NRT-MONITOR.
Fig. 9 shows the NRT-MONITOR land disturbance monitoring results
for a single year (2015, 2016, or 2017) at different locations (Fig. 9b-h),
in which the colors represent the DOYs the land disturbances are
detected.

4.2. Alerting potential land disturbances

NRT-MONITOR can be integrated into an alerting system to capture
potential land disturbances with a disturbance probability map that is
updated every three days based on the harmonized Landsats 7-8 and
Sentinel-2A/B observations. Fig. 10 shows the NRT updated potential
land disturbance (e.g., forest fire) maps derived from NRT-MONITOR at
the border of Wyoming state and Colorado state (selected from the HLS
tile T13TCF). This forest fire burned intermittently for more than two
months from June 21st to September 9th, 2016. There were 28 images
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Years

2014 2015 2016 2017 2018

obtained from Landsat 7, 8, and Sentinel-2A/B during this period
(Table S2), and the average revisit cycle was 2.96 days. To avoid
redundancy, we only select several key dates to show the updated
probability maps of the land disturbance. The burning fires were
captured on June 21st, June 26th, July 9th, July 14th, July 21st, July
23th, July 29th, July 30th, and August 15th. With the newly collected
observations, the previously burned areas were updated with a higher
land disturbance probability, and the newly burned areas were also
captured with a relatively low land disturbance probability. Although
data gaps from Landsat-7 SLC-off, fire smokes, clouds, and cloud
shadows affected the spatial distribution of land disturbance probabili-
ties to a certain extent, the spatial patterns of the fire expansion were
still well-captured. The noises were sometimes detected with a low land
disturbance probability and later removed if the updated land distur-
bance probabilities could not reach 100% in the future.

4.3. The time lag of NRT monitoring

The time lag is one of the key indicators to evaluate the NRT land
disturbance monitoring. Fig. 11 shows the mean time lags of the NRT
land disturbance monitoring by NRT-MONITOR based on the harmo-
nized Landsats 7-8 and Sentinel-2 time series for each year. Though
NRT-MONITOR only needs four clear consecutive observations to
confirm a land disturbance, the statistics of using six clear consecutive
observations to confirm a land disturbance were also included as a
comparison as this value was used in the COLD and S-CCD algorithm.
The statistics of not using the minimum time interval (Fig. 11a) were
also added to evaluate its influence on the time lags. The mean time lags
were 27 + 19 days and 48 + 28 days using four and six clear consecutive
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Fig. 8. The false-color composite images (a-f) and
the updated land disturbance maps (g-i) generated by
NRT-MONITOR from 2014 to 2018 for a subset of the
HLS tile TI9TDL. (a-c) The false-color composites (R:
SWIR1, G: NIR, B: R) are Landsat 8 images collected
on July 21st, 2013. (d-f) The false-color composites
(R: SWIR1, G: NIR, B: R) are Landsat 8 images
collected on September 26th, 2020. (b-c), (e-f), and
(h-i) are the enlarged views of red squares labeled in
(a), (d), and (g), respectively. (For interpretation of
the references to color in this figure legend, the
reader is referred to the web version of this article.)

observations based on the harmonized Landsats 7-8 and Sentinel-2 data,
respectively. Due to changes in the observing frequency with the launch
of Sentinel-2A in 2015 and Sentinel-2B in 2017, the mean time lags
showed a decreasing trend from 2015 to 2017. When using a minimum
time interval of 30 days (Fig. 11b), the mean time lags increased to 35 +
14 days and 50 + 26 days using four and six consecutive observations,
respectively. These results indicated that NRT-MONITOR could still
provide 25-33% faster confirmation (35 days vs 50 days) of land
disturbance than the COLD and S-CCD algorithms even if the harmo-
nized Landsats 7-8 and Sentinel-2 data is used as input for all algorithms
being compared. This improvement in confirmation speed comes from
reducing six clear consecutive observations to four without sacrificing
the NRT monitoring accuracy in NRT-MONITOR. It is worth noting that
reducing the number of clear consecutive observations from six to four
could also help COLD reduce the time lag, but it would cause an accu-
racy decrease larger than 10% in the F1 score (Fig. 13).

4.4. Accuracy assessment and algorithm comparisons

The accuracy assessment of NRT-MONITOR includes two parts: one
is to validate the confirmed land disturbance maps and the other is to
validate the unconfirmed land disturbance (or potential land distur-
bance) maps with different change probabilities. The optimal thresholds
were determined as 30 days for the minimum time interval and 0.99999
for the change threshold when using the harmonized Landsats 7-8 and
Sentinel-2 data for NRT land disturbance monitoring starting from 2015.
NRT-MONITOR achieved an F1 score of 66.7 + 1.1%, 74.0 + 0.9%, 76.4
+ 1.0%, 69.5 + 0.7%, 71.3 £ 0.8% for the year of 2015, 2016, 2017,
2018, and 2019, respectively. Combining the five periods, NRT-
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Fig. 9. Land disturbance monitoring results detected within a single year (2015, 2016, or 2017) from locations of b-h for a subset of the HLS tile T19TDL. (a) The
false-color composite (R: SWIR1, G: NIR, B: R) is Landsat 8 image collected on September 26th, 2020; (b, d) The 2017 land disturbance maps for locations b and d; (c,
h) The 2016 land disturbance maps for locations ¢ and h; (e-g) The 2015 land disturbance maps for locations e, f, and g. The colors in the land disturbance maps

represent the Day-Of-Year (DOY) the land disturbances were detected.

MONITOR achieved an F1 score of 69.6 £ 0.9%, with an omission error
of 30.4 + 1.0% and a commission error of 30.1 + 1.1%. The probabil-
ities of potential land disturbances provided by NRT-MONITOR were
also evaluated. Fig. 12 shows how the commission and omission errors
change when the probability of potential land disturbance changes. The
commission error was high (>70%) at low probabilities of potential land
disturbance, and it began to decrease when the probability reached 50%.
The omission error was smaller than 15% at a low probability of po-
tential land disturbance, and it showed an increasing trend with the
increase of the probability of potential land disturbance.

We compared NRT-MONITOR with COLD in items of efficiency and
accuracy. As COLD is previously not implemented in an online way, we
modified COLD to be run online and compared the efficiency of NRT-
MONITOR both with the original COLD (offline version) and modified
COLD (online version). The 1200 HLS samples were used to compare the
time efficiency of NRT-MONITOR and COLD for updating the NRT
monitoring of land disturbance based on the first clear observation in
2020. The 50% of randomly selected samples were used to conduct the
accuracy assessment of COLD, which followed the same evaluation
procedure of NRT-MONITOR. For original COLD, as it runs on the entire
time series, the running time on full historical time series ended at the
first clear observation in 2020 was regarded as its time efficiency. For
the modified COLD, we first saved the monitoring results and interme-
diate data that ended in 2019 and then updated monitoring results based
on the first clear observation in 2020. It should be noted that all his-
torical observations would still be used for current updates in the
modified COLD since it requires all historical observations to re-estimate
the time series model and the DOY-nearest RMSEs (Zhu et al., 2020). The
monitoring results of NRT-MONITOR were updated based on the
monitoring results that ended in 2019. The time efficiency of the original
COLD for running 1200 samples was 869.6 s using one CPU core (Intel
(R) Xeon(R) Silver 4210 CPU @ 2.20GHz), while it only took 75.9 s for
NRT-MONITOR, suggesting that NRT-MONITOR was 11.5 times faster
than COLD for NRT land disturbance monitoring (both implemented in
MATLAB). The time efficiency of the modified COLD (MATLAB code)
was 272.7 s, and it was improved by 3.2 times compared to the original
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COLD. While NRT-MONITOR was still 3.6 times faster than the modified
COLD. Moreover, NRT-MONITOR does not need to save all historical
observations, which could substantially reduce the amount of needed
data storage. The accuracy of NRT-MONITOR for monitoring all land
disturbances from 2015 to 2019 was very similar (0.7% difference) to
that of COLD (Fig. 13). The S-CCD algorithm (C code) also improved the
time efficiency by integrating Kalman Filter and it was up to 4.4 times
faster than the original COLD (MATLAB code) (Ye et al., 2021), but it
was designed for only monitoring forest disturbance and the accuracy
for monitoring all kinds of land disturbance types was lower than that of
COLD (Ye et al., 2021), especially for agricultural and urban areas.

5. Discussion and conclusion

This study developed an algorithm (NRT-MONITOR) for NRT land
disturbance monitoring based on the harmonized Landsats 7-8 and
Sentinel-2 data. It was developed and validated by using 1200 samples
created from the harmonized Landsats 7-8 and Sentinel-2 time series
from 2015 to 2019. NRT-MONITOR achieved an F1 score of 70% for
monitoring all kinds of land disturbances by applying the modified TRA
approach to reduce the reflectance difference between Landsats 7-8 and
Sentinel-2 time series (Shang and Zhu, 2019). Without applying the
modified TRA approach to conduct the reflectance adjustment, the F1
score was reduced to 49.8% (Fig. S10), indicating that the reflectance
difference between Sentinel-2 and Landsat 8 and between Landsat 7 and
Landsat 8 should be minimized before being used for NRT monitoring of
land disturbance.

NRT-MONITOR had a mean time lag of 35 days in NRT monitoring of
land disturbance, which was much faster than that of COLD (>96 days)
and S-CCD (>80 days) (Ye et al., 2021; Zhu et al., 2020). This large
reduction of the time lag was contributed from two aspects: first, the
improved temporal frequency (from 8 to 16 days to 3 days) by harmo-
nizing Landsats 7-8 and Sentinel-2 data contributed to reducing the time
lag of NRT land disturbance monitoring; and second, the minimized
time interval and minimized number of consecutive observations used in
confirming a land disturbance in NRT-MONITOR also contributed to
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Fig. 10. An example of the land disturbance probability maps for a fire event using the harmonized Landsats 7-8 and Sentinel-2 observations. The odd rows are the
false-color composites (R: SWIR1; G: NIR; B: Red). The even rows are the NRT updated land disturbance probability maps provided by NRT-MONITOR. To avoid
redundancy, only several key dates are selected to show the updated probability maps of the land disturbance. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

reducing the time lag. The minimum number of clear consecutive ob-
servations was reduced from six (used both in COLD and S-CCD) to four,
and the minimum time interval was reduced from 80 days in S-CCD and
~ 96 days in COLD to 30 days. For most situations, 30 days are sufficient
to collect more than four clear observations, and the time lag of NRT
monitoring is 30 days. But for some cloud-prone areas or wet seasons, it
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might be a challenge to collect four clear observations within 30 days
even by harmonizing Landsats 7-8 and Sentinel-2 data, resulting in a
time lag larger than 30 days. This explained why NRT-MONITOR had a
mean time lag of 35 days in NRT monitoring of land disturbance. It is
worth noting that reducing the number of clear consecutive observations
or the time interval could cause a decrease in the monitoring accuracy,
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Fig. 11. The mean time lags of confirming land disturbances at each year for the 1200 HLS reference samples. (a) Without using a minimum time interval in the
confirmation of land disturbance; (b) Using a minimum time interval of 30 days. “Nco” means the number of clear consecutive observations used for confirming a

land disturbance.
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Fig. 12. The histograms of the potential probability of the monitored land
disturbance and their corresponding commission and omission errors based on
harmonized Landsats 7-8 and Sentinel-2 time series.

but due to different algorithm designs in removing the outliers and
stabilizing the recursive estimations of surface reflectance, NRT-
MONITOR can reduce these two minimum thresholds to a certain de-
gree without sacrificing the accuracy of NRT land disturbance moni-
toring. NRT-MONITOR was 11.5 times faster than COLD for NRT land
disturbance monitoring. The time efficiency of NRT-MONITOR was
mainly improved by integrating Forgetting Factor, which does not
require storing all historical data and can update the land disturbance
monitoring based on previous monitoring results. This is different from
COLD that requires storing all historical data and re-estimate the time
series model with all historical data for every new observation (Zhu
et al.,, 2020). COLD can be implemented in an online way for NRT
monitoring, and the modified COLD improved the time efficiency by 3.2
times compared to the original COLD. However, even the modified
COLD is still 3.6 times slower than NRT-MONITOR.

NRT-MONITOR also had some limitations. First, the optimal
thresholds determined based on the reference plots might not be optimal
for every specific region or specific land disturbance agent. Local cali-
bration of the algorithm parameters for some specific regions, land
cover, or disturbance agents is recommended for future modifications.
Second, the accuracy of NRT monitoring was slightly lower than that of
retrospective land disturbance detection. One major reason is that the
DOY-nearest RMSE, which performs well in describing seasonal changes
of RMSE (Ye et al., 2021; Zhu et al., 2020), cannot be directly used for
NRT monitoring of land disturbance that cannot save all historical
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Fig. 13. Accuracy comparisons between COLD and NRT-MONITOR with
different change thresholds. Nco means the number of consecutive observations
used to confirm a land disturbance. Five points in the green and blue curves
represent change thresholds of 0.9, 0.95, 0.99, 0.999, and 0.9999 used in COLD.
Five points in the red curve represent change thresholds of 0.999, 0.9999,
0.99995, 0.99999, and 0.999999 used in NRT-MONITOR. (For interpretation of
the references to color in this figure legend, the reader is referred to the web
version of this article.)

observations. Third, harmonizing Landsat 7-8 and Sentinel-2 data at 30-
m spatial resolution increased the temporal frequency, but sacrificed the
higher spatial resolution (e.g., 10-m and 20-m) of Sentinel-2 data. Some
data fusion methods (Shao et al., 2019; Wang et al., 2017) could be
helpful to downscale 30-m Landsat observations and 20-m Sentinel-2
observations into 10-m, which has the potential to simultaneously
improve the temporal and spatial resolutions for disturbance moni-
toring. Fourth, we did not consider the delay between the occurrence of
the disturbance event and when the change in the spectral signal become
large enough to be detectable in the satellite images (referred to as
detectable delay), and we were only focused on reducing the time lag,
which was defined as the delta days required for confirming a land
disturbance after its first occurrence observed in satellite data. These
two delays are different, but there is no way to quantify “detectable
delay” if the signal is not large enough to be observed in the remote
sensing images, unless field visits are carried out at the same time as the
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first occurrence of land disturbances. Last, some land disturbance events
with a subtle spectral change signal might not be well captured. This is a
common limitation for land disturbance monitoring algorithms. Incor-
porating the red-edge signals (Abdullah et al., 2019) or some new
spatial-temporal approaches (Liu and Cai, 2012) is recommended to
capture these land disturbance events in future modifications. The
source code of NRT-MONITOR is provided in GitHub (https://github.co
m/GERSL/NRT-MONITOR) as a toolkit for people who need NRT land
monitoring capabilities.

In conclusion, NRT-MONITOR was developed for NRT land distur-
bance monitoring over the CONUS based on the harmonized Landsats
7-8 and Sentinel-2 data. It achieved an overall accuracy of 70% for
monitoring a variety of land disturbances. Compared to other current
approaches, NRT-MONITOR had faster confirmation of land distur-
bance, more efficient processing time, and similar accuracy for moni-
toring land disturbance. Lastly, NRT-MONITOR can directly update the
monitoring of land disturbance with every new observation based on
previous monitoring results and provide potential land disturbance
alerts every three days.
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