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ABSTRACT

Since 2017, the orbit of Landsat 7 has drifted outside its nominal mission requirement toward an earlier
acquisition time because of limited onboard fuel resources. This makes quantitative analyses from Landsat 7 data
potentially unreliable for many scientific studies. To comprehensively understand the effect of ongoing
(2018-2020) orbit drift on Landsat 7 data, we compared surface reflectance and Top-Of-Atmosphere (TOA)
reflectance of growing season observations (July 1 + 30 days) from Landsat 7 with orbit drift and Landsat 8 with
nominal orbit using a total of 10,000 randomly selected Northern Hemisphere (0—750 N) terrestrial pixels. To
evaluate the future (2021-2023) effect of Landsat 7’s orbit drift, we analyzed the historical Northern Hemisphere
terrestrial growing season Earth Observing-1 (EO-1) TOA reflectance images, which shared a similar orbit drift as
Landsat 7 but occurred much earlier. Results suggest that Landsat 7’s orbit drift has already led to a general
decrease in surface reflectance and TOA reflectance in 2019 and 2020, with a limited impact (overall reflectance
changes less than 0.007). The influence of orbit drift is more substantial for the two shortwave infrared (SWIR)
bands and the near infrared (NIR) band, but less for the three visible bands (i.e., Red, Green, and Blue). The
Normalized Difference Vegetation Index (NDVI), derived from either surface reflectance or TOA reflectance,
increased less than 0.003 in 2020. According to the historical EO-1 TOA reflectance data, we estimate that the
effect of Landsat 7’s orbit drift will be much more dramatic in the future (e.g., the NIR and SWIR bands will
decrease more than 0.015 since July 1, 2021), and for different land cover types, the effects of orbit drift are also
quite different. To reduce this influence, we examined the c-factor Bidirectional Reflectance Distribution
Function (BRDF) normalization approach to correct the orbit drift impact for Landsat 7 surface reflectance data
collected between 2019 and 2020. We found that the c-factor BRDF can reduce the data difference substantially,
but how this approach works after Landsat 7’s orbit drifts further still requires more investigation. Therefore, we
determined that Landsat 7 can preserve its science capability until 2020, but will be less reliable for remote
sensing applications that need accurate absolute radiometric values after 2020. Correction methods such as c-
factor BRDF could be a potential viable approach to maintain its science capability going forward.

1. Introduction

and has been operating for more than 20+ years. Even though Landsat 7
data have been hampered by the Scan Line Corrector (SLC) off issue

The Landsat program, jointly managed and operated by the National
Aeronautics and Space Administration (NASA) and U.S. Geological
Survey (USGS), provides the longest and continuous record of Earth’s
land surface observations free of charge at medium resolution since
1972 (Woodcock et al., 2008; Wulder et al., 2019; Zhu et al., 2019). So
far, a total of seven Landsat satellites has been successfully launched,
and currently two of the Landsat satellites (Landsat 7 and 8) are still
actively collecting Earth observations. Landsat 7, with the Enhanced
Thematic Mapper Plus (ETM+) sensor, was launched on April 15, 1999,
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since 2003, with a 22% data loss (Loveland and Dwyer, 2012), the recent
development of time series analysis based on all available clear obser-
vations has made Landsat 7 of the similar value of other Landsats (Zhu,
2017).

To maintain Landsat 7’s normal image acquisition mission require-
ment, the Flight Operations Team (FOT) has made routine “velocity”
and “inclination” maneuvers to maintain the sun-synchronous orbit at
705 km with a mean local acquisition time of 10 a.m. & 15 min overpass
at the equator (Fig. 1). On February 7, 2017, however, due to the limited
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Fig. 1. Illustration of velocity and inclination maneuvers for maintaining
Landsat 7’s orbit. The velocity maneuvers maintain Landsat 7 at an altitude of
705 km, and the inclination maneuvers control the acquisition time. Without
inclination maneuvers, Landsat 7’s orbit will drift toward the West due to the
Earth rotation and result in earlier acquisition time. WRS-2: Worldwide
Reference System Two.

fuel resources remaining, the FOT made a final “inclination” maneuver
to maintain the acquisition time for the last time. This maneuver
resulted in a maximum mean local acquisition time of 10:14:18 a.m. on
August 12, 2017, and Landsat 7 has been drifting continuously toward
an earlier local acquisition time ever since (red dots in Fig. 2). Although
Landsat 7 is still operating at a relatively constant altitude, controlled by
“velocity” maneuvers (consuming less fuel than “inclination” maneu-
vers), the earlier local acquisition time will have impacts on its obser-
vations and make quantitative analysis from Landsat 7 potentially
unreliable for many scientific applications such as land surface change
detection (Brown et al., 2020; DeVries et al., 2015; Kennedy et al., 2010;
Zhu and Woodcock, 2014) and vegetation greenness trend analyses (Ju
and Masek, 2016; Sulla-Menashe et al., 2018; Zhou et al., 2014; Zhu
etal., 2016). Therefore, it is critical to quantitatively assess the impact of
Landsat 7’s orbit drift on its observations.

Path 177 Row 45
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Orbit drift affects Landsat 7’s observations due to changes in solar
angles (particularly zenith angle) caused by the earlier local acquisition
time (Fig. 2). This impact could be quantified and modeled by using the
scattering Bidirectional Reflectance Distribution Function (BRDF) of a
particular reflective target, which is a function of both illumination and
view geometry. Since the view geometry of Landsat 7 is relatively stable
when its orbit is drifting, the BRDF impact is mostly dominated by
changes in the solar illumination angle. Historically, Landsat 5 also
experienced orbit changes from 1995 to 2000, and from 2003 to 2007,
caused by the irregular station keeping maneuvers. Based on a collection
of BRDF measurements, Gao et al. (2014) found that the strongest
abnormal change of Landsat 5’s orbit occurred in 1996, which could
change nadir view reflectance around 0.01-0.02 for Red and NIR bands,
particularly over shrubland pixels. Zhang and Roy (2016) and Roy et al.
(2020) also examined the effect of Landsat 5’s orbit change for data
collected within the conterminous United States, based on the
RossThick-LiSparse-Reciprocal BRDF model (Li and Strahler, 1992;
Ross, 1981; Roujean et al., 1992) and U.S. Landsat Analysis Ready Data
(ARD) surface reflectance products (Dwyer et al., 2018). They found that
Landsat 5’s orbit change has led to a maximum acquisition time differ-
ence of about 1 h as well as a solar zenith angle variation of more than
10°. Moreover, they also found that orbit change affected the temporal
consistency of Landsat 5 observations, particularly for Red and SWIR
surface reflectance and Normalized Difference Vegetation Index (NDVI).

These findings for Landsat 5 are helpful but may not be applicable to
Landsat 7, which has and will have a very different pattern of orbit drift
(Fig. 3). For instance, Landsat 7’s orbit is drifting gradually, which is
different from the irregular and fluctuating orbit change of Landsat 5.
Moreover, Landsat 7 will drift toward a much earlier mean local
acquisition time in the near future, but Landsat 5 has not collected data
of similar conditions as it was decommissioned before it was moved to a
lower orbit. On the other hand, the Earth Observing-1 (EO-1) satellite
carried onboard an Advanced Land Imager (ALI) multispectral sensor
similar to that of Landsat 7, and was launched on November 21, 2000.
After EO-1 expended all maneuvering fuel in 2011, its orbit began to
drift steadily until all the way to 8:00 a.m. mean local time. This study
provides firsthand data on how Landsat 7 observations will be influ-
enced when its orbit drifts much earlier (black dots in Fig. 2).

While it is important to quantify and predict the impact of Landsat
7’s orbit drift on its observations, what is more critical is to test methods
for correcting the orbit drift artifact of Landsat 7 observations to
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The orbit status of EO-1 in 2012 and 2013 are similar
to that of Landsat 7 in 2019 and 2020, and the future
Landsat 7 orbit between 2021 and 2023 can be
inferred from EO-1 orbit between 2014 and 2016.

This Path/Row is selected as it contains a large number of EO-1 observations, and this figure is created based on the metadata from each sensor collected from
January 1, 2000 to November 14, 2020. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 3. Comparison of the local acquisition time between Landsat 5 and
Landsat 7 images collected at Worldwide Reference System Two (WRS-2) Path
177/Row 45 (Center Latitude/Longitude: 21.6742/28.2286). Landsat 5 orbit
was changed from 1995 to 2000, and from 2003 to 2007 by irregular station
keeping maneuvers, while Landsat 7 orbit is gradually drifting due to limited
fuel resources. Note that Landsat 5 was decommissioned due to the failure of a
redundant gyroscope and thus it did not collect any data under the gradually
drifting orbit like Landsat 7.

preserve its science capability for quantitative remote sensing (Goward
et al., 2001). The impact of Landsat 7’s orbit drift is essentially a BRDF
problem, in which the reflected energy received by the sensor’s viewing
angle changes in response to higher solar zenith angles. Thus, BRDF
models provide a viable method to correct orbital drift artifacts to
pre-drift solar illumination angles. The RossThick-LiSparse-Reciprocal
model (Li and Strahler, 1992; Ross, 1981; Roujean et al., 1992) is one
of the most widely used BRDF models, and based on this model, BRDF
normalization has been well studied for the MODerate Resolution Im-
aging Spectroradiometer (MODIS) data with sequential multiangle ob-
servations (Schaaf et al., 2002). For Landsat data, however, all
observations are collected at similar solar and sensor viewing angles,
and thus there is no way to solve the parameters of the BRDF model. One
alternative is to use a c-factor BRDF normalization approach to correct
Landsat BRDF effects based on the predefined global MODIS BRDF
product (Roy et al., 2016). This approach has been proven to be accurate
for reducing the BRDF effects from sensor viewing angle differences
(Claverie et al., 2018), but has not been tested for scenarios where solar
angles show large differences. Thus, this study is concerned with eval-
uating whether this c-factor BRDF normalization approach could be
useful for reducing the effect of Landsat 7’s orbit drift that is mostly
contributed by solar angle changes.

In this study, we will focus on 1) quantifying the effect of Landsat 7’s
ongoing orbit drift by comparing it to that of Landsat 8, 2) testing the c-
factor BRDF normalization approach for reducing the orbit drift effects
dominated by solar angle changes, and 3) estimating the effect of
Landsat 7’s future orbit drift based on historical EO-1 data.

The rest of this paper is organized as follows. Study area and data will
be introduced in Section 2, followed by the methods in Section 3. Section
4 describes the results of analyzing the effect of Landsat 7’s orbit drift.
Discussions are presented in Section 5, and Section 6 delivers the
conclusions.

2. Study area and data

To explore the effect of Landsat 7’s orbit drift, we compared orbit
drifting Landsat 7 data collected between 2018 and 2020 with Landsat 8
data in a nominal orbit collected at the nearly same time (as reference).
On the other hand, considering EO-1 and Landsat 7 share a similar orbit
drifting trajectory (except that EO-1 occurred earlier), we used EO-1
data collected between 2010 and 2016 to simulate future Landsat 7
observations with orbit drift and compared that with Landsat 7’s nom-
inal orbit. Note that the EO-1 satellite had both Hyperion and ALI
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instruments onboard, and this study uses the ALI data only. Fig. 4 il-
lustrates the similar spectral bands between Landsat 7, Landsat 8, and
EO-1. We used the observations collected during the growing season of
each year (July 1 + 30 days) across the Northern Hemisphere (0-75° N)
terrestrial areas for our analysis (Fig. 5), as growing season observations
are less likely to be influenced by snow/ice and are used more often in
remote sensing applications (Ju and Masek, 2016; Pflugmacher et al.,
2014; Vicente-Serrano et al., 2008). Besides, we also analyzed the orbit
drift effect on Landsat 7 observations for different kinds of land cover
types, as different land cover may respond differently.

2.1. Landsats 7-8 observations collected between 2018 and 2020

To better understand the effect of orbit drift on the current Landsat 7
data, we compared Collection 1 surface reflectance and Top-Of-
Atmosphere (TOA) reflectance of growing season observations (July 1
+ 30 days) between Landsat 7 with orbit drift and Landsat 8 in normal
orbit in 2018, 2019, and 2020, based on 10,000 pixels randomly
collected within the Northern Hemisphere (0-75° N) terrestrial areas
(Fig. 5). According to GlobeLand30 land cover product (see Section 2.3
for details), these observations consisted 13.83% cultivated land,
26.67% forest, 19.31% grassland, 4.66% shrubland, 2.77% wetland,
3.94% water, 10.57% tundra, 1.00% artificial surfaces, 14.51% bare-
land, and 2.74% permanent snow/ice. We downloaded Collection 1
surface reflectance, TOA reflectance, and Quality Assessment (QA)
products for Landsat 7 and Landsat 8 located at the same pixels from
Google Earth Engine (Gorelick et al., 2017). Note that the surface
reflectance and TOA reflectance products were generated by Google,
and the QA band was generated by USGS and redistributed by Google.
The surface reflectance data for Landsat 7 and 8 were produced using the
Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS)
version 3.2.1 (Masek et al., 2006) and the Landsat Surface Reflectance
Code (LaSRC) version 1.3.0 (Vermote et al., 2016), respectively. The
generation of the TOA reflectance data for Landsat 7 and Landsat 8 was
based on Chander et al. (2009) and the calibration coefficients were
extracted from the image metadata. The QA band of Landsat 7 and
Landsat 8 can provide the mask of cloud, cloud shadow, and snow/ice,
which was generated by USGS using the C version of Function of mask
(Fmask) algorithm version 3.2 (Foga et al., 2017; Zhu et al., 2015; Zhu
and Woodcock, 2012). To avoid the influences of the sensor view angle
difference from adjacent orbits (+7.5°), we only used the observations
from the same Landsat orbit path in our analyses.

2.2. EO-1 and landsat 7 observations collected between 2010 and 2016

Landsat 7’s orbit started to drift since its last inclination maneuver on
August 12, 2017, although the orbit drift before 2017 is negligible
relative to the nominal orbit requirement (red dots in Fig. 2). EO-1
experienced similar orbit drift as what Landsat 7 does, but it started
from February 2011 until the end of its lifetime in March 2017. There-
fore, we collected TOA reflectance of growing season observations (July
1 + 30 days) from EO-1 images with orbit drift and Landsat 7 images in
its nominal orbit within the same Northern Hemisphere 0-75° N)
terrestrial areas between 2010 and 2016 to estimate the effect of Landsat
7’s future orbit drift.

EO-1 collected narrow swath images with a width of 27 km over the
same Landsat Path/Row Worldwide Reference System Two (WRS-2)
orbital track, but it only collected observations over certain parts of the
world on purpose because it was a demonstration rather than an oper-
ational mission (see blue footprints in Fig. 5). EO-1 has acquired images
over lots of targeted areas around the world, which were predetermined
in the first year of the mission (in 2001) and later collected within
customer requested areas for the remaining mission duration between
2002 and 2017. EO-1 had the pointing capability to observe the target
areas from the nadir and/or off-nadir swaths (neighboring west and east
paths). To ensure the consistency of view angles of EO-1 and Landsat
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images (nadir to + 7.5°), we only used the images observed from the
nadir path. All EO-1 images at Level-1T Digital Value (DN) with less than
80% cloud cover were downloaded from USGS and converted to TOA
reflectance based on Chander et al. (2009). Within the same scanned
areas (Path/Row) from EO-1, we downloaded the corresponding Land-
sat 7 Collection 1 Level-1T images collected between 2010 and 2016
from USGS and converted them to TOA reflectance as what we did for
EO-1 (Chander et al., 2009). We did not convert EO-1 data to surface
reflectance for this analysis mainly because EO-1 is a pathfinder satellite
and there is no operational atmospheric compensation algorithm or
derived Level 2 product that is provided for the globe at the time of this
study.

2.3. Land cover data

The land cover data were derived from 2010 GlobeLand30 (Chen
et al., 2015). It provides maps at 30-m resolution and a total of 10 land
cover classes, such as cultivated land, forest, grassland, shrubland,
wetland, water, tundra, artificial surface, bareland, and permanent
snow/ice. We analyzed all land cover classes, except for snow/ice in this
study. The ocean pixels labeled in this product were also excluded from
our analysis.

3. Methods
3.1. Data pre-processing

For optical remote sensing data such as Landsat and EO-1, clouds,
cloud shadows, and snow/ice need to be screened during image pro-
cessing (Zhu et al., 2018). As for Landsat 7 and 8, we used the QA band
to screen out the noise (e.g., clouds, cloud shadows, and snow/ice) for
each pixel. Since EO-1 has neither thermal nor cirrus spectral bands, we
modified the Fmask algorithm (version 4.0) designed for Sentinel-2 data
(which also does not have a thermal infrared band) to identify clouds,
cloud shadows, and snow/ice in EO-1 images (Qiu et al., 2019). All

Fig. 5. Distribution of sample data across
the Northern Hemisphere (0-75° N) terres-
trial areas. The red dots show the sample
locations of Landsats 7-8 observations
collected between 2018 and 2020 for
studying the effect of ongoing Landsat 7’s
orbit drift. The blue rectangles show the
location and extent of all EO-1 image foot-
prints for estimating the effect of future
Landsat 7’s orbit drift. (For interpretation of
the references to colour in this figure legend,
the reader is referred to the Web version of

modules and tests were used except for the ones that involve the use of
cirrus band. Pixel observations with reflectance less than 0 or larger than
1 were also excluded. Finally, the growing season data of each year were
composited by selecting the clear observations (not cloud, cloud
shadow, or snow) closest to July 1, within 30 days.

3.2. Metrics for analyzing orbit drift effect

We quantified the effect of Landsat 7’s orbit drift on the six widely
used multispectral bands (e.g., Blue, Green, Red, NIR, SWIR1 and SWIR2
bands) as well as NDVI by comparing the growing season observations
collected in the Northern Hemisphere terrestrial areas (Fig. 5). The ef-
fects on spectral bands were estimated based on the median value of
reflectance differences between the satellite with obit drift and the
satellite in a nominal orbit (Egs. (1)-(3)). For each pixel and for each
study year, we calculated the surface reflectance difference (4p,,) and
the TOA reflectance difference (4p,,,) of the growing season observation
between Landsat 7 with orbit drift and Landsat 8 its nominal orbit, and
the TOA reflectance difference (4p,,,) between EO-1 with orbit drift and
Landsat 7 in its nominal orbit (Eq. (3)). The median value of the
reflectance differences of all sample data (median Ap,, or median Ap,,,)
was used for quantifying the orbit drift effect for each year (Eq. (2)).
Besides the orbit drift, the systematic difference between the sensors,
such as the bandpass difference (Fig. 4), could also contribute to the
reflectance difference. To solely focus on the impact of orbit drift (d), we
used the median value of the reflectance differences between two sat-
ellites when one of them was having a drifting orbit minus the median
value when both of them were in a nominal orbit (Eq. (1)), assuming
systematic sensor difference from sensors would be removed in the latter
values. In addition, following the similar metrics, we also estimated the
orbit drift effect on NDVI derived from surface reflectance (NDVI,) or
that from TOA reflectance (NDVI,,,) based on the median value of the
NDVI differences of all sample data (median ANDVI, or
median ANDVI,,,) (Egs. (1)-(3)).

d(t) =median Ap (t) — median Ap (1) )
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median Ap (t) = median {Ap, (1), Ap, (1),4p5 (1), ..., 4p, ()}

Ap; ()= pi(t) — p;(1)

(2)
3

where,

d is the orbit drift effect indicator,

Ap is the reflectance (or NDVI) differences between the satellite with
orbit drift and the satellite in nominal orbit,

median Ap is the median value of Ap of all sample pixels,

p is the growing season reflectance of spectral band (or NDVI) of the
satellite with orbit drift,

p is the growing season reflectance of spectral band (or NDVI) of the
satellite in nominal orbit,

t is the study year (e.g., 2018-2020 for Landsat 7 and 2010-2016 for
EO-1),

to is the year in which both two satellites are in a nominal orbit (e.g.,
2018 for comparing Landsat 7 and 8; 2010 for comparing EO-1 and
Landsat 7),

i is the ith sample pixel,

n is the total number of sample pixels.

For instance, in order to study the effect of the ongoing Landsat 7’s
orbit drift, we plotted the histogram of growing season surface reflec-
tance difference values (Ap,,) and their derived NDVI difference values
(ANDVI,) between Landsat 7 and Landsat 8 for 2018, 2019, and 2020
(Fig. 6). Even though Landsat 7 started to drift in 2017, its acquisition
time was slightly later than Landsat 8 in 2017, and they shared a very
close acquisition time in 2018 (Fig. 2). Thus, the median Ap,, (2018) (or
median ANDVI; (2018)) can still be considered as the indicator that
represents the systematic sensor difference, and the orbit drift effect can
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median ANDVI,;) in other study years (Eq. (1)). For example, with
median Ap,,(2019) — median Ap,,(2018) and  median Ap,(2020) —
mediandp,,(2018), we were able to respectively quantify the effect of
Landsat 7’s orbit drift on surface reflectance in 2019 and 2020. If the
final drift effect indicator (e.g., dg- or dnpyz, ) was less than 0 (Eq. (1)), the
orbit drift would lead to a decrease of surface reflectance or its NDVI,
and vice versa. The same approach was utilized to assess the effect of the
Landsat 7’s orbit drift on the TOA reflectance of each spectral band and
their derived NDVI values (e.g., diq and dnpyr,,)-

To estimate the effect of future Landsat 7’s orbit drift, we compared
the EO-1 and the Landsat 7 growing season TOA reflectance and the
corresponding NDVI values (NDVI,,) from 2010 to 2016. The
median Ap,,,(2010) (or median ANDVI,,(2010)) was selected for repre-
senting the systematic sensor difference between EO-1 and Landsat 7,
because of their similar acquisition time in 2010 (Fig. 2). EO-1 started to
drift in 2011, but we observed that the acquisition time difference
caused by orbit drift between EO-1 and Landsat 7 in 2012 and 2013 was
more like that between Landsat 7 and Landsat 8 in 2019 and 2020
(Fig. 2). Therefore, the orbit drift effect d;o, (or dnpvi,,) of EO-1 between
2014 and 2016 could simulate the effect of the future Landsat 7’s orbit
drift between 2021 and 2023.

3.3. BRDF normalization

The c-factor BRDF normalization approach (Roy et al., 2016) was
applied for reducing the orbit drift effect, and the nadir surface reflec-
tance was calculated by Eq. (4), in which the parameters were empiri-
cally estimated based on the global MODIS 500-m BRDF parameter
product (Schaaf et al., 2002). The optimal normalized solar zenith angle

be estimated by subtracting them from the median4p; (or was determined for each location based on a sixth-degree polynomial
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function of the latitude () (Eq. (5)) (Zhang et al., 2015). This c-factor
normalization method was applied to correct the BRDF of all Landsat 7
and Landsat 8 surface reflectance data in 2019 and 2020, and then we
also calculated the reflectance difference between the normalized
Landsat 7 and Landsat 8 data as we described in Section 3.2.

fiso + f;fal’Kval(g'7 00 ) (P) + f;;eu'ngo (67 ) 00 ’ (P)

0’ = p= : : 4
D+ ftKe(0.2,0) + freo Kol 0.0 100
0 =31.0076 — 0.1272-7 4+ 0.01187-* + 2.4 x 107> — 9.48 x 1077 -5*
— 195 x 10°° + 6.15 x 1071
(5)

where,

@ is the view zenith angle,

¢ is the view-sun relative azimuth angle,

6 is the solar zenith angle,

6 is the normalized solar zenith angle that can be calculated by Eq.
(5),

p is the original reflectance,

p is the BRDF normalized reflectance at nadir,

fiso» fvol, and fge, are the BRDF model parameters derived from MODIS
product (Schaaf et al., 2002),

Ko and Ky, are the RossThick kernel (Ross, 1981) and the LiSparse
kernel (Li and Strahler, 1992), respectively,

n is the latitude of Landsat pixel.

4. Results
4.1. Effect of ongoing landsat 7’s orbit drift

Fig. 7a and b illustrate the effect of Landsat 7’s orbit drift on each
spectral band and NDVI values in 2019 and 2020. The Landsat 7’s orbit
drift generally decreased the surface reflectance as well as the TOA
reflectance in 2019 and 2020, and the effect in 2020 is more severe.
Generally, the effects of orbit drift on the surface reflectance and the
TOA reflectance were more substantial for SWIR1 (maximum effect),
SWIR2, and NIR bands, and less for the visible bands such as Red, Green,
and Blue (minimum effect) bands. The overall effects on both surface
reflectance and TOA reflectance were small in 2019 and 2020 in that the
spectral bands have shown a surface reflectance change from - 0.0001
(Blue band in 2019) to - 0.0067 (SWIR1 band in 2020) and a TOA
reflectance change from - 0.0005 (Blue band in 2019) to - 0.0069
(SWIR1 band in 2020). The surface reflectance derived NDVI (NDVI;,)
and TOA reflectance derived NDVI (NDVI,,,) values also shared a similar
limited effect caused by the orbit drift, which presented an increase in
2020 (e.g., +0.0026 in NDVI;, and +0.0022 in NDVI,,,), even though a
little decrease in 2019 was observed (e.g., —0.0015 in NDVI, and
—0.0009 in NDVI,,,). Note that since NDVI is a ratio between NIR and
Red bands, the decreases in both NIR and Red bands cannot ensure NDVI
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always increases especially when the orbit drift impact is very limited.
The orbit drift effects can vary a lot depending on different land cover
types (Fig. 8). For example, the shrubland was mostly impacted by the
orbit drift, with a surface reflectance decrease of more than 0.01 in both
NIR and SWIR1 bands. The NDVI values of water and wetland were
easily influenced, since their NIR and Red bands were relatively small
and any variations in the two bands would result in a large difference in
NDVI.

Compared to the results derived from the original data (Fig. 7a), the
c-factor BRDF normalization could substantially reduce the orbit drift
effects on the surface reflectance, with a smaller drift effect indicator
(ds) for each spectral band in 2019 and 2020 (Fig. 7c). The detailed
benefits for different kinds of land cover types could be found by
comparing Fig. 9 and Fig. 8, where smaller drift effects (d;) were
observed in most of the land cover types and the absolute values in
almost all spectral bands and land cover types were less than 0.005. In
addition, though the overall effect of Landsat 7’s orbit drift on NDVI
decreased slightly in 2020 (+0.0012 vs. +0.0026 in NDVI,;) (Fig. 7c vs.
Fig. 7a), the c-factor BRDF normalization did not significantly reduce
the effects for different kinds of land cover types (Fig. 9 vs. Fig. 8). This
result was expected since the NDVI ratio formulation between Red and
NIR bands has already reduced the sensitivity to BRDF effects (Gao et al.,
2002; Zhang et al., 2018).

4.2. Effect of future landsat 7’s orbit drift

Fig. 10 shows the effect of EO-1’s orbit drift on the TOA reflectance of
each spectral band and their derived NDVI values (NDVI,,,) from 2012 to
2016, which could be used for simulating the effect of Landsat 7’s orbit
drift in the future. The orbit drift effect values (d;oq and dnpvi,,) in 2014,
2015, and 2016 for EO-1 were used as the proxy for the effect of future
Landsat 7’s orbit drift in 2021, 2022, and 2023, according to their
similar orbit conditions (Fig. 2). It is apparent that Landsat 7’s orbit drift
would continuously decrease the TOA reflectance for all bands, and
compared to the visible bands, the NIR and two SWIR bands would be
influenced more by the orbit drift. In this analysis, the orbit drift effects
on NDVI were not consistent year by year, which is mainly because EO-1
only observed the Earth’s surface over certain parts of the world and its
coverage could be quite different on a yearly basis. However, we can still
observe the increasing patterns in NDVI. For 2021 (corresponding to
2014 EO-1 data) and beyond, the overall TOA reflectance of Green and
Red bands will decrease more than 0.005 (absolute d,,). NIR and SWIR
bands will be decreased at a level of around 0.015.

5. Discussions

Landsat 7 has collected more than two decades of data for moni-
toring terrestrial areas with high radiometric and geometric consistency
(Goward et al., 2001; Schott et al., 2016 ). However, since 2017, its orbit
has been gradually drifting to an earlier mean local acquisition time, and
the meaningful drift impact was observed for the first time in 2019
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Fig. 7. Effect of Landsat 7’s orbit drift in 2019 and 2020. (a) Surface reflectance of spectral bands and their derived NDVI values. (b) TOA reflectance of spectral
bands and their derived NDVI values. (¢) BRDF normalized surface reflectance of spectral bands and their derived NDVI values. The orbit drift effect (y-axis) in (a)
and (c) indicates ds- or dnpyi, , and the orbit drift effect (y-axis) in (b) indicates diq or dypyi,,, Which were evaluated by comparing Landsat 7 with orbit drift and
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(Fig. 2). Even though Landsat 8 is operating nominally at the current
time, to preserve the use of Landsat 7 data and maintian the two Landsat
observatory operational concept (e.g., 8 revisit days for two Landsat
satellites) is important, particularly through the successful launch and
commissioning of Landsat 9 in late 2021 (Masek et al., 2020). In this
study, we examined the impact of orbit drift on visible to shortwave
infrared multispectral bands and their derived NDVI values by
comparing the growing season observations (July 1 + 30 days) from
Landsat 7 with orbit drift and that from Landsat 8 in a nominal orbit
using a total of 10, 000 pixels randomly selected over the Northern
Hemisphere terrestrial areas. It was observed that the orbit drift
generally decreases the measured reflectance value of all spectral bands,

but its influence varies among the bands, with the impacts decreasing in
the order of SWIR1, SWIR2, NIR, Red, Green, and Blue of surface and
TOA reflectance bands. The mechanism for decreasing reflectance could
be explained by the resulting increase in the solar zenith angle, which
leads to a longer radiance transfer path from sun to surface to sensor
(Franks et al., 2017; Swinnen et al., 2014) and increases the amount of
shadowing simultaneously (e.g., tree shadows, built-up shadows, and
terrain shadows) (Dare, 2005; Giles, 2001; Ranson and Daughtry, 1987).
We also observed that surface reflectance and TOA reflectance derived
NDVI values generally increases with the orbit drift in 2020, which
agrees with findings in other orbit drift studies (Gao et al., 2002; Roy
et al., 2020; Zhang and Roy, 2016). In 2019 and 2020, however, the
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overall effects on surface reflectance, TOA reflectance, and their derived
NDVI values were relatively small. This is because the Landsat 7’s orbit
did not change too much until July 2020, with ~40 min earlier in mean
local acquisition time and ~8° higher in solar zenith angle (Fig. 2). For
instance, the range of the surface reflectance change, caused by the
Landsat 7’s orbit drift, could vary from —0.0001 (Blue band in 2019) to
—0.0067 (SWIR1 band in 2020), and the TOA reflectance could vary
from —0.0005 (Blue band in 2019) to —0.0069 (SWIR1 band in 2020)
(Fig. 7). Considering that the internal overall uncertainties of Landsat 7
surface reflectance product vary from 0.005 to 0.01 depending on the
spectral bands (Claverie et al., 2015), we suggest that for Landsat 7 data
collected before the growing season in 2020, the effect of orbit drift is
within the known uncertainty range, and the data can be used for most
quantitative remote sensing analysis without any additional processing.
However, it is worthwhile to note that for specific land cover types, such
as bareland, cultivated, forest, grassland, and shrubland, relatively
larger differences (absolute ds > 0.005 or 0.01) were observed for NIR
and SWIR bands in 2020 (Fig. 8), and thus should be given particular
attention if Landsat 7 data are used for application on certain land cover
types and specific Landsat spectral bands.

The growing season (summer) data were used to analyze the effect of
Landsat 7’s orbit drift in this study, considering that they are used more
often in remote sensing applications with less snow/ice influences (Ju
and Masek, 2016; Pflugmacher et al., 2014; Vicente-Serrano et al.,
2008). At the same time, we also observed that the overall effects on
each spectral band and their derived NDVI values in summer were
greater than that in the other three seasons (i.e., winter, spring, and
autumn) (Fig. 11). This is mainly because the orbit drift effect is a BRDF
problem, and in summer vegetation such as forest and shrubland, with
leaf out and various canopy structures, would be more sensitive to BRDF
effects (Sims et al., 2011). In addition, the effects in spring are slightly
higher than that in autumn for most of the spectral bands except for
Green, SWIR2, and NDVI bands. Winter also presented a comparable
effect with spring and autumn, mainly because of the high solar zenith
angle (Wang et al., 2014).

Though Landsat 7 thermal infrared (TIR) data are less used than the
six visible to shortwave infrared bands, it is still interesting to evaluate
the impact of orbit drift effect on the single TIR spectral band. Therefore,
we analyzed Brightness Temperature (BT) of the single TIR band by
comparing Landsat 7 with orbit drift and Landsat 8 in a nominal orbit
over the same sample pixels as did for spectral bands (Fig. 12). It is
observed that the BT of Landsat single TIR band decreased gradually
from 2018 to 2020, but the effect so far is still limited. For example, the
effect in 2020 generally decreased the BT by 0.12 °C, which is calculated
by median ABT,.(2020) — median ABT,(2018). Landsat 7 science and
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referred to the Web version of this article.)

applications that utilize the single TIR band such as urban heat island
(Weng et al., 2004), inland water and coastal ocean (Wloczyk et al.,
2006), and evapotranspiration estimation (Anderson et al., 2012; Yang
et al., 2020) should also observe orbit drift TIR effects within the known
range of uncertainty prior to 2020. Since the EO-1 has no TIR band, we
cannot predict the future effects, but we expect that the effects would be
larger because an earlier mean local acquisition time resulting in lower
observed temperatures.

The c-factor BRDF normalization approach is based on the MODIS
BRDF product (Roy et al., 2016), which means the BRDF shapes will be
transferred from MODIS to Landsat. Considering the spatial resolution of
MODIS (500 m) is much coarser than Landsat, the direct use of BRDF
shapes from MODIS may not be optimal for Landsat data, particularly for
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heterogeneous areas where MODIS pixel is easily mixed by different
kinds of cover types. For the current small variation of solar angles (e.g.,
~8° in solar zenith angle), the c-factor approach may still be a good
approximation, but when Landsat 7’s orbit drifts further with larger
variations in solar angles, other methods for deriving BRDF curves based
on land cover types selected from large pure MODIS pixels may provide
better results (Shuai et al., 2014).

In the future, the effects of Landsat 7’s orbit drift will become more
severe after 2021, according to the historical EO-1 data (Fig. 10). Fig. 13
shows a time series of TOA reflectance data from Landsat 7 and EO-1
between 2010 and 2016. As time went on, the orbit drift effect was
more severe in each spectral band, and subsequently the time series
consistency of EO-1 data was influenced as well. Therefore, removing
artifact from the orbit drift is highly recommended for remote sensing
applications that need accurate post-2021 Landsat 7 reflectance values,
such as vegetation greenness trend analyses (Ju and Masek, 2016; Sul-
la-Menashe et al., 2018; Zhou et al., 2014; Zhu et al., 2016) and land
surface change detection (Brown et al., 2020; DeVries et al., 2015;
Kennedy et al., 2010; Zhu and Woodcock, 2014). However, applications
such as topographic correction (Gu and Gillespie, 1998; Tan et al., 2013)
or retrieval of vegetation biophysical parameters based on physical
models (Jacquemoud et al., 2009; Verhoef, 1984), which already con-
siders solar and view geometries, may have very limited impacts. In this

Longtitude/Latitude:-67.6065/-22.9465
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study, we only used the historical EO-1 data with orbit drift to estimate
the effects of Landsat’7 orbit drift, which may not represent the true
orbit drift impact from future Landsat 7 observations. We will continue
to evaluate and update Landsat 7’s orbit drift impact on real Landsat 7
data in the future, and results will be updated at: https://github.
com/GERSL/L7drift.

6. Conclusions

The orbit of Landsat 7 began to drift to an earlier mean local
acquisition time since 2017. According to the analysis of the growing
season terrestrial surface observations within the Northern Hemisphere,
we observed that the orbit drift effect is observable since 2019, but the
overall influences on the surface reflectance, TOA reflectance, and their
derived NDVI value were very limited until 2020. The orbit drift effect
was more substantial for NIR, and two SWIR bands, but less for the
visible bands. Moreover, the effect was different for various land cover
types, and was particularly noticeable for the cultivated, forest, grass-
land, and shrubland. On the other hand, the effect on TOA reflectance
and its derived NDVI value will be much more severe in the future and
Landsat 7 data may not be useable for certain remote sensing applica-
tions for 2021 and beyond if the orbit drift effect is not corrected.
Finally, the c-factor BRDF method can reduce the effect of Landsat 7’s
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Fig. 13. Time series of Landsat 7 and EO-1 TOA reflectance between 2010 and 2016 over a forest pixel. Cloud, cloud shadow, and snow were excluded.
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orbit drift that occurred in 2019 and 2020, but how it works for future
Landsat 7 observations requires further study.
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