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Since the launch of the Landsat missions, they have been widely employed for monitoring water 
environments. However, the designed revisiting period of Landsat satellites is 16 days, leading to large 
uncertainties when tracking long-term changes in water environmental parameters characterized by high 
spatiotemporal dynamics. Given this challenge, comprehensive assessments of the global distribution 
of cloud-free observations (NCOs) obtained from Landsat missions and their applications in water 
environments and hydrology are currently unavailable. In this study, we utilized >4.8 million images 
acquired from Landsat-5, Landsat-7, and Landsat-8 to quantify and analyze the spatiotemporal variations 
of NCOs on a global scale. Our findings indicate that while NCOs demonstrate substantial spatial and 
temporal heterogeneities, Landsat-8 provides nearly twice as many mean annual NCOs (21.8 ± 14.7 year−1) 
compared to Landsat-7 (10.8 ± 4.8 year−1) and Landsat-5 (8.3 ± 5.6 year−1). Moreover, we examined 
how the overlap area of adjacent orbits contributes to improving NCOs, noting that nearly all Landsat 
observation areas above 45°N are covered by overlapping paths in the east–west direction. Additionally, 
we conducted an analysis of the potential uncertainties arising from Landsat NCOs in obtaining long-term 
trends of various water parameters, including total suspended sediment (TSS) concentration, water level, 
water surface temperature (WST), and ice cover phenology. The results revealed that the uncertainty in 
water quality parameters (i.e., TSS) from Landsat is much higher than that in hydrological parameters 
(i.e., water level and WST). The quantification of NCOs and assessment of their impact on water parameter 
estimations contribute to enhancing our understanding of the limitations and opportunities associated 
with utilizing Landsat data in water environmental and hydrological studies.

Introduction

Satellite remote sensing plays a crucial role in monitoring the 
spatiotemporal dynamics of large-scale marine and freshwater 
ecosystems, primarily due to its advantage in data acquisition 
compared to traditional ship-based measurements. Coarse-
resolution ocean color missions, such as sea-viewing wide-field 
sensor (SeaWiFS; 1997–2010), moderate-resolution imaging 
spectroradiometer (MODIS; 1999 to present), and medium-
resolution imaging spectrometer (MERIS; 2002–2012) [1–4], 
as well as medium- to higher-resolution imagers like the Landsat 
and Sentinel series instruments, have been widely utilized 
to retrieve various water environmental parameters, including 
chlorophyll a, total suspended sediment (TSS), colored dis-
solved organic matter (CDOM), and water surface temperature 
(WST) [5–9].

However, unlike other land features, water bodies exhibit pro-
nounced spatiotemporal dynamics, which pose higher temporal 
resolution requirements for monitoring water parameters. For 
instance, forest vegetation may not change substantially for weeks 
or even months [10,11], whereas water quality in inland or 
coastal areas can change dynamically within hours [12]. Therefore, 

insufficient observation frequency of remote sensing data may 
lead to substantial uncertainty in capturing short-term variations 
and long-term trends of water quality parameters. The magnitude 
of this uncertainty is determined by a variety of factors, including 
cloud coverage, the amplitude of changes in hydrodynamics, and 
biogeochemical processes within a short time period [13].

The effective oceanic observation by ocean color missions 
has been examined by several previous studies. For example, 
Feng and Hu [14] found that the global average daily percent-
ages of valid observations (DPVOs) of the MODIS Level-3 
chlorophyll a product were only about 5% (that is, only about 
5 observations are valid out of 100 daily observations), mainly 
due to interference factors such as clouds, sunglint, and stray-
light. In contrast, MODIS sea surface temperature retrievals are 
less affected by sunglint and other perturbations than chloro-
phyll a and normalized fluorescence line height (nFLH), result-
ing in much higher daily DPVOs [14]. Geostationary satellites 
have higher temporal resolutions, for instance, the first geo-
stationary ocean color satellite mission [Geostationary Ocean 
Color Imager (GOCI)] can acquire eight satellite data per day, 
and its average DPVO in open ocean waters is 152.6%, which 
is 26 times that of MODIS [15].
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Landsat satellites provide the longest record of earth observa-
tion data, and their higher spatial resolution compared to ocean 
color missions are better suited for inland and nearshore coastal 
water applications. However, the designed revisiting period of 
Landsat satellites is 16 days, which is much longer than the 1- or 
2-day ocean color imagers, meaning that it introduces greater 
uncertainty in capturing the dynamics of aquatic ecosystems. 
For example, the mean number of cloud-free observations 
(NCO) for Landsat-5 TM observations is ~7.5 per year, and such 
observation frequency is impossible to accurately capture 
the interannual variability of lacustrine algal blooms [16]. 
Consequently, the global increasing trends of lake algal blooms 
detected by Ho et al. (2019) are subject to substantial uncer-
tainty [17]. Additionally, the orbital characteristics of Landsat 
satellites also affect the revisiting period of observations. For 
example, the combination of Landsat-8 and Landsat-7 can 
reduce the revisiting period by half, and the overlap area 
of east–west neighboring orbits of one Landsat satellite has a 
revisiting period of 8 days [18,19]; these observation data 
can more effectively capture dynamic information on water 
environments.

Although Landsat has been widely applied in hydrological 
and environmental studies at spatial scales ranging from regional 
to global and temporal scales spanning half a century [20–22], 
the spatiotemporal distribution characteristics of Landsat’s effec-
tive observation data currently lack a comprehensive evaluation, 
let alone the potential uncertainties caused by infrequent obser-
vation frequency. To fill such knowledge gaps, our studies aimed 
to (a) quantify the NCOs for three different Landsat missions, 
analyze the spatiotemporal variations of Landsat NCOs globally, 
and particularly investigate how the overlap area of east–west 
neighboring orbits can improve NCOs and (b) analyze the 
potential uncertainties introduced by cloud cover in obtaining 
long-term trends of various water parameters using Landsat, 

including TSS concentration, water level, WST, and ice cover 
phenology.

Materials and Methods
Satellite imagery
To evaluate the validity of observations, we utilized all Tier 1 
TOA reflectance collections of Landsat-5, Landsat-7, and 
Landsat-8 that were archived in the Google Earth Engine plat-
form. Data from Landsat-9 were not included due to its rela-
tively short time period. We used all archived data of these 
missions between 1984 and 2020, with a total of 4,845,082 
images globally; details regarding the number of images and 
dataset availability period for each Landsat mission are pro-
vided in Table1.

In situ measurements
To examine the capability of Landsat imagery in inland water 
studies, we examined four important parameters reflecting water 
environment and hydrological dynamics: TSS concentration, 

Table 1. Total number of images used in this research summa-
rized for Landsat-5, -7 and -8. All images are acquired from the 
Google Earth Engine platform.

Number of 
images

Period

Landsat-5 1,661,079 03/19/1984-05/04/2012

Landsat-5 2,043,054 05/28/1999-12/31/2020

Landsat-5 1,140,949 03/18/2013-12/31/2020

Fig. 1. Locations of in situ data for four water parameters examined in this study.
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water level, WST , and ice cover phenology. All the in situ mea-
surements were recorded on a daily basis, and the locations of 
the data are displayed in Fig. 1.

TSS is one of the three optically sensitive constituents that 
can be quantitatively retrieved using remote sensing observa-
tions and plays a crucial role in characterizing water quality 
[23–26]. In this study, in situ measurements from five hydro-
logical stations were utilized due to their availability of com-
plete multi-year data. One of the stations, located in the Yangtze 
River (Hankou station, 114.33°E, 30.63°N), was selected for its 
substantial short-term dynamics in sediment load. The data 
span from 1987 to 2001, except for 1989 and 1993, covering a 
total of 13 years. In addition, TSS measurements were also 
obtained from four hydrological stations in North America: 
Little Otter Creek (80.84°W, 42.71°N) from 1985 to 1996, 
Ausable River (81.66°W, 43.07°N) from 1985 to 1993, Assinibain 
River-1 (98.89°W, 49.70°N) from 1985 to 1996, and Assinibain 
River-2 (97.41°W, 49.87°N) from 1985 to 1991.

Water level is a key factor in reflecting the hydrodynamics 
of water bodies [23]. Although it is challenging for Landsat 
images to retrieve water level information, for water bodies with 
large dynamic changes, water level is highly correlated with 
their surface area and water storage [27,28]. Here, we assume 
that Landsat can extract water surface areas for highly dynamic 
water bodies, and this information can be characterized by 
water level. Our study only utilized one set of in situ measure-
ments of water level; the data were obtained from a hydrological 
station located in Poyang Lake (116.03°E, 29.45°N), which is 
the largest freshwater lake in China [29]. The time period for 
the water level data was from 2002 to 2009, covering a total of 
8 years. The inundation area of Poyang Lake shows dramatic 
seasonality, and the associated water level measurements exhibit 
an exceptionally wide water level range of up to 12 m [30], 
which indicates that satellite observations with infrequent tem-
poral resolution may be subject to significant uncertainties 
when used to examine the lake’s areal dynamics. Meanwhile, 
inland water bodies with relatively smaller water level fluctua-
tions are expected to have less uncertainty when compared to 
this lake.

WST is a fundamental physical property of water bodies that 
is linked to their physical and chemical characteristics [31–34]. 
It affects the metabolism of aquatic organisms and is associated 
with various environmental problems [35–37]. In this study, 
WST data were obtained from the ERA5-Land Hourly reanaly-
sis dataset on Google Earth Engine. The daily mean WST was 
computed by averaging the “lake mix layer temperature” band 
at four specific times (0:00, 6:00, 12:00, and 18:00). A total of 
150 lakes were randomly selected from the GLAKES database 
[21], with 50 from each of the three groups categorized by lake 
area (less than 1 km2, between 1 and 100 km2, and larger than 
100 km2). For each lake, temperature obtained in the mixed 
layer was extracted from 1991 to 2020 (30 years) as the actual 
WST. Note that the spatial resolution of the ERA WST data is 
11,132 m, which is larger than the spatial scale of most lakes 
[21]. However, in our analysis, the primary consideration is the 
consistency in the dynamic range and temporal trends between 
ERA WST and the actual lake temperatures, and the absolute 
differences between ERA WST and the observed lake tempera-
tures do not affect the validity of our findings.

Ice cover on lakes or rivers is the fourth parameter studied 
in this research. The timing of lake ice events not only influ-
ences the annual life cycle of all organisms in these lacustrine 

ecosystems [38–40] but also affects recreational and economic 
opportunities for human society [41–43]. To investigate this 
parameter, we utilized in situ lake ice datasets provided by the 
Global Lake and River Ice Phenology Database (GLRIPD; ver-
sion 1) [44]. Only data with complete glacial phenologies (ice-
on and ice-off dates) within a year were retained, resulting in 
480 in situ measurements. The locations of these measurements 
are mainly concentrated in the middle and high latitudes of the 
Northern Hemisphere, as shown in Fig. 1.

In this study, the HydroBASINS database [45] was employed 
for spatial zoning statistical analysis. This database provides 
global high-quality basin and sub-basin boundaries based on 
the Shuttle Radar Topography Mission (SRTM) digital elevation 
model [46]. Here, the level-1 product of HydroBASINS, which 
divides land into nine large watersheds (i.e., Africa, Arctic, Asia, 
Australia, Europe, Greenland, North America, South America, 
and Siberia), was utilized to explore the differences in observation 
quantities across different watersheds.

Calculation of the number of valid observations
The first step in our analysis was to calculate the global annual 
average number of total observations (NTOs) for Landsat-5, 
Landsat-7, and Landsat-8 at the pixel level (Table 1). We then 
computed the NCOs for the three Landsat missions utilizing 
NTOs, whereby pixels impacted by cloud cover, cloud shadows, 
and other factors were designated as invalid. We used the Fmask 
algorithm to identify invalid pixels. The Fmask algorithm catego-
rizes each Landsat pixel into distinct classes, including cloud-
free, cloud, and cloud shadow [47]. The classification results have 
been incorporated into the quality band of Landsat image, which 
is the Quality Assessment 16-bit band associated with each 
image (https://www.usgs.gov/landsat-missions/landsat-collection-
1-level-1-quality-assessment-band). We used the Quality 
Assessment band from Tier 1 TOA reflectance collections to 
determine whether pixels are valid or not. Specifically, we con-
sidered radiometric saturation bits 2 to 3, cloud confidence bits 
5 to 6, and cloud shadow confidence bits 7 to 8 for Landsat-5 
and Landsat-7. If any one of the above double bits is “11,” indi-
cating a high confidence (67% to 100% confidence) that the 
condition (cloud or cloud shadow) exists, or five or more bands 
contain saturation, the pixel is deemed “invalid.” For Landsat-8, 
the criteria for determining cloud, cloud shadow, and radiomet-
ric saturation are similar to Landsat-5 and Landsat-7, but addi-
tional double bits 11 to 12 are used to consider cirrus confidence. 
If the cirrus confidence double bits are “11,” the pixel is also 
considered “invalid.” It is important to note that in addition to 
cloud coverage, other factors such as sunglint and straylight, 
among others, could also impact the reliability of satellite obser-
vations for water applications [14]. However, the definitions of 
these factors may differ across different instruments or water 
constituents. For the purpose of our study, we focused on evalu-
ating the effects of cloud contamination on the observations.

Overlaps of adjacent Landsat paths can significantly affect 
both NCOs and NTOs. Notably, overlaps occur in both north–
south and east–west directions. In the case of east–west over-
laps, the temporal interval between multiple observations of 
the same pixel is generally 8 days. This phenomenon leads to 
an increase in NCOs and a decrease in the revisiting period to 
approximately 8 days, deviating from the nominal value of 
16 days. To investigate the distribution of overlaps at different 
latitudes and their impact on NCOs and NTOs in various 
regions, we calculated the ratio of overlapping pixels to the 
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total number of pixels. The ratio of overlapped regions is pri-
marily related to latitude, with high-latitude regions experienc-
ing a shorter earth circumference and larger overlap coverage. 
It is worth noting that the time interval for north–south over-
laps is typically very short, lasting only a few minutes. Therefore, 
duplicate observations of the same pixel during this time inter-
val should be considered a single observation. In this regard, 
unless otherwise specified, the term “overlap” mentioned later 
in this paper refers to the overlap in the east–west direction.

Assessment of the impact of NCOs on inland  
water applications
Within the periods when continuous in situ data are available, 
we identified the days when “cloud-free observations” from 
Landsat were obtainable. Subsequently, we calculated the mean 
value of the parameters during these time periods using the 
in situ measurements. Additionally, we calculated a separate 
annual mean value for the same parameters using only the in situ 
data corresponding to the dates of Landsat cloud-free observa-
tions, and these annual mean values were assumed to represent 
the data that can be accurately acquired by Landsat. In light of 
our assumption that parameters observed or retrieved from 
Landsat images were entirely accurate, any differences between 
the two annual mean calculations were attributed to the limita-
tion of infrequent satellite observations. We utilized two indica-
tors to quantify the differences: (a) the mean annual absolute 
percentage error (MAPE), calculated as the mean of the absolute 
differences between satellite and in situ estimated annual values, 
and (b) the differences in their associated trends, where the trends 
were represented by the linear slopes across the examined period.

We further calculated the relationships between the uncer-
tainties of satellite retrievals and NCOs for different param-
eters by the following processes: First, we obtained NCOs and 
the in situ mean value of the water environmental parameters 
for each year. Second, we calculated the annual mean value of 
the examined parameters that can be obtained by the satellite 
(i.e., annual mean values estimated using in situ measure-
ments taken at the time when cloud-free Landsat images 
were available). Finally, we computed the difference (in abso-
lute or relative) between satellite observation and the in situ 
observation for all examined years, both inside and outside 
the overlaps. Given the substantial variability in the NCOs 
observed in different years, our analysis of long-term annual 
data enabled us to evaluate the potential influence of NCOs 
on the annual-scale uncertainty of satellite data, represented 
as the disparity between in situ measurements and satellite 
retrievals.

The impact of east–west overlaps on NCOs can lead to large 
differences even between observation locations that are in close 
proximity to each other. This is particularly true when one loca-
tion is situated inside the overlap region while the other is out-
side of it. To provide a more comprehensive evaluation of the 
impact of NCOs, we selected five additional observation loca-
tions for TSS-measured stations and one additional observation 
location for water level-measured stations (Fig. 2). Each of these 
locations was chosen in close proximity to the original station 
(within 100 km), but was situated either inside or outside the 
overlap region, depending on the opposite condition of the 
original station. This allowed us to compare the differences in 
the impact of NCOs between inside and outside the overlap 
region.

Fig. 2. Locations for hydrological measured stations and additional observed locations inside or outside the overlap region. The background represents the number of extra-
observations provided by the overlaps of adjacent Landsat paths in the east–west direction.
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In order to investigate the impact of NCOs on Landsat-
derived water parameters, it is imperative to consider the avail-
ability of Landsat archives over different time periods. However, 
we faced the challenge of limited in situ measurements at a daily 
scale for certain time periods, particularly for TSS and water 
levels. To address this challenge, we shifted the in situ measure-
ments of TSS and water level a few years earlier or later. For 
instance, the in situ water level measurements at Xingzi station 
were only recorded between 2002 and 2009, but we shifted these 
measurements to the periods of 1987–1994 and 2013–2020. In 
other words, the water levels for these shifted periods (1987–
1994 and 2013–2020) are assumed to be identical to the measure-
ments obtained during the actual recorded years (2002–2009). 
When analyzing Landsat-5, we obtained the trend from satellite 
observations between 1987 and 1994 and compared it with cor-
responding trend from shifted in situ data. This allowed us to 
assess whether the NCOs of Landsat-5 during 1987–1994 could 
effectively capture water level trends. Similarly, we employed 
shifted data from the period of 2013–2020 to evaluate the ability 
of Landsat-7 and Landsat-8 to capture water level trend. This 
approach allows us to analyze the ability of three Landsat mis-
sions to retrieve water level information during these shifted 
periods, even in the absence of actual measured data during 
those time periods. Certainly, the feasibility of this approach is 
contingent upon a crucial assumption: we assume that Landsat’s 
quantitative inversion algorithms for water parameters are error-
free. Hence, the specific period of the in situ measurements is 
not of paramount importance. Our analysis primarily focuses 
on examining the disparity between the effective data sampling 

frequency in Landsat and the trends obtained from daily in situ 
measurements.

A commonly used approach for water parameters is to com-
bine multiple years of observations to obtain the average condi-
tion of the parameter during the period, which is generally 
represented by the percentage of occurrence [22,35,48]. The 
calculation of occurrence is the number of times a phenomenon 
(i.e., water inundation, algal bloom, and ice coverage) occurs 
during the period divided by the number of valid observations. 
The effectiveness of this approach and the uncertainties caused 
by combining varied numbers of years are also discussed in 
this study using the GLRIPD dataset.

Results

Annual mean NTOs, NCOs, and their ratio for 
different Landsat missions
The global mean annual NTOs for Landsat-5, Landsat-7, and 
Landsat-8 are displayed in Fig. 3. Landsat-8 shows the highest 
frequency of observations with a mean value of 34.5 ± 17.3 times 
per year (year−1). Landsat-7 follows with a mean value of 16.1 ± 
5.9 year−1. Meanwhile, Landsat-5 has the lowest frequency 
of observations with a mean value of 12.0 ± 7.5 year−1. The 
observations from Landsat-5 are mainly concentrated in sev-
eral areas, such as central North America, central South America, 
Europe, southwest Asia, eastern Asia, and Australia, while 
they are unavailable in some regions, such as Alaska, Central 
Africa, and northeast Russia. In contrast, observations from 

Fig. 3. Global annual mean NTOs for (A) Landsat-5, (B) Landsat-7, and (C) Landsat-8. (D) Violin plot of the distributions of NTOs in times per year (year−1).
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Landsat-7 and Landsat-8 are more uniform and cover almost 
all land areas except for Antarctica.

The global mean annual NCOs for different Landsat missions 
are illustrated in Fig. 4. The global spatial patterns of NCOs 
aligned well with that of NTOs. Numerically, Landsat-8 has 
nearly twice as many mean annual NCOs (21.8 ± 14.7 year−1) 
compared to Landsat-7 (10.8 ± 4.8 year−1) and Landsat-5 
(8.3 ± 5.6 year−1).

The ratio of NCOs to NTOs from different Landsat missions 
is presented in Fig. 5. The global spatial distribution of the NCO/
NTO ratio is consistent for all three missions, as it is mainly 
influenced by the local climate’s cloud probability. Regions with 
dry climates, such as southern Africa, northern Africa, southern 
Europe, and central Australia, tend to have relatively high valid 
ratios (Fig. 5A to C). The global mean valid ratio for Landsat-8 
is 61.7% (median = 60%, Fig. 5D), which is consistent with the 
global average cloud-free frequency [49].

To investigate the valid observations of Landsat missions 
on various watersheds worldwide, we utilized HydroBASINS 
level-1 polygon data, which divide the global land into nine large 
watersheds (Fig. 6A). These watersheds include Africa, Arctic, 
Asia, Australia, Europe, Greenland, North America, South 
America, and Siberia. Besides NTOs and cloud coverage, the 
percentage of overlapped regions is another crucial factor affect-
ing NCOs. Figure 6A to C shows the spatial pattern of over-
lapped regions for the entire globe and two regions (regions 1 
and 2). Region 1 is a typical low-latitude area located at the 
northern end of South America with a latitude range of −2°N 

to 13°N (Fig. 6B). The longitude span of overlap in region 1 is 
approximately 0.2° to 0.3°. Region 2 is located in the center of 
Eurasia, with a relatively high latitude ranging from 43°N to 
58°N (Fig. 6C). The longitudinal span of overlap in region 2 is 
approximately 0.7° to 0.9°, and the areas above 54°N are fully 
covered by overlap from adjacent Landsat paths. Figure 6D illus-
trates the latitudinal distribution of the ratio of overlap area to 
observational area from three Landsat missions. On the equator, 
the overlap ratios of Landsat-5, Landsat-7, and Landsat-8 are 
16.5%, 20.3%, and 14.7%, respectively. The area of overlap 
increases significantly from the equator to the pole. The latitu-
dinal profiles of the percentage of overlap regions of the three 
Landsat missions are almost identical, with slight deviations 
caused by the Landsat sensor orbits’ drift primarily due to 
Earth’s gravitational effects [50]. Above 51°N, almost all (>99%) 
Landsat observational areas are covered by overlapped paths in 
the east–west direction.

The NCOs within and outside the overlapped regions for 
three Landsat missions in nine large watersheds are compared 
in Fig. 7. For regions situated at middle and low latitudes, such 
as Africa, Asia, Australia, South America, and North America, 
NCOs inside the overlap areas are considerably higher than those 
outside the overlap. Conversely, for regions located at high lati-
tudes, such as Arctic, Greenland, and Siberia, nearly all observa-
tions for the three Landsat missions are derived from overlap 
regions and remain at relatively high frequency. In Europe, the 
frequency of observations within the overlapping regions is lower 
compared to those outside. This is due to the lower NCOs of 

Fig. 4. Global annual mean NCOs for (A) Landsat-5, (B) Landsat-7, and (C) Landsat-8. (D) Violin plot of the distributions of observation frequency in times per year.
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Fig. 5. Ratio of NCOs to NTOs for (A) Landsat-5, (B) Landsat-7, and (C) Landsat-8. (D) Violin plot of the distributions of ratio values in percentage.

Fig. 6. (A) Nine global water basins from HydroBASINS level-1 polygon data and global spatial pattern of overlapped regions. (B) Local pattern of overlap in region 1. (C) Local 
pattern of overlap in region 2. (D) Latitudinal distribution of the ratio of overlap area to observational area from three Landsat missions. Af, Africa; Ar, Arctic; As, Asia; Au, 
Australia; Eu, Europe; Gr, Greenland; NA, North America; SA, South America; and Si, Siberia.
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Landsat missions in northern Europe (as shown in Fig. 4) and 
the fact that this region is entirely inside the overlap.

Intra- and interannual changes of the NCOs
Using Landsat-8 as an example, Fig. 8 and Table 2 illustrate the 
intra-annual or monthly variation in NCOs. The global NCOs 
display substantial seasonality and strong spatial heterogeneity. 
Regions exhibiting high values (>0.5) of the coefficient of variation 
(CV), calculated by dividing the standard deviation of 12 monthly 
climatologies by their mean, are predominantly located in north-
ern South America, Central Africa, and southwest Asia, aligning 
with global precipitation patterns. Furthermore, the high latitudes 
of the Arctic exhibit elevated CV values due to the presence of 
polar darkness during winter months. These findings underscore 
the importance of considering substantial seasonality when cal-
culating the annual average mean value of water environmental 
parameters, particularly in regions characterized by high CV.

The interannual changes in NTOs and NCOs for three Landsat 
missions from 1984 to 2020 are shown in Fig. 9. The NTOs and 
NCOs are primarily influenced by the number of satellites in 
orbit, the operational status of instruments, and the number of 
ground base stations [51,52]. Landsat-5 started acquiring images 
in 1984 [52]. With the use of more ground base stations, the 
acquisition volume increased annually, from 4.4 year−1 in 1984 
to 14.2 year−1 in 1998 for Landsat-5. The global average NTOs 
increased sharply in 1999 and 2013, with Landsat-7 and Landsat-8 
respectively obtaining data reaching 20.2 year−1 and 35.4 year−1. 
Landsat-5’s decommissioning on 2013 June 19 resulted in small 
values in NTO and NCO in 2012 [53]. On 2003 May 31, the Scan 
Line Corrector (SLC) of Landsat-7 failed, causing about 22% of 
missing data [51,54,55]. However, in the same year, many regions 
had re-enabled the reception of Landsat-5 data, increasing the 
valid observations of Landsat-5 data since then. For Landsat-5, 
Landsat-7, and Landsat-8, the global average NTOs (NCOs) 

Fig. 7. Impact of overlaps on NCOs for (A) Landsat-5, (B) Landsat-7, and (C) Landsat-8 in nine regions. The box in pink/blue color represents the statistics inside/outside the 
overlaps of the adjacent Landsat paths.
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during service are 11.5 (7.7) year−1, 14.9 (9.8) year−1, and 28.1 
(17.5) year−1, respectively. Nonetheless, for some areas and peri-
ods, observations may be less or missing, such as Arctic, Australia, 
and Greenland. For instance, the average NCOs of Landsat-5 in 
Australia are 9.5 year−1, but only 0.5 year−1 from 2001 to 2003.

Capability in tracking long-term changes for 
different parameters of inland waters
The capability of Landsat in tracking TSS concentration inside 
and outside the observation overlapped region for five data series 
from four rivers is displayed in Fig. 10. The measured data are 
on a daily scale between 1985 and 2002. To further investigate 
whether adding Landsat-8 observation has improved the accu-
racy of tracking TSS, five additional series of data were obtained 
by shifting the year. Our results confirmed that the increased 
data volume from Landsat-8 reduces the discrepancies between 
satellite and in situ derived trends for all five series of data.

TSS may exhibit rapid short-term dynamics, increasing by 
orders of magnitude within a few days before decreasing rap-
idly. This poses a challenge for Landsat to accurately capture 
TSS concentrations, resulting in errors between the estimated 
interannual trends and actual conditions. The mean value of 
observed MAPE inside and outside the observation overlap is 
14.6% and 21.1%, respectively. However, more NCOs do not 
always result in more accurate results. For instance, in the sec-
ond observation station on Assinibain River (Fig. 10J), the slope 
calculated from the observation outside the overlap is closer to 
the real situation, with a lower MAPE of 6.9% compared to 
12.9% from that inside the overlap. This is because, in some 

Fig. 8. Global pattern of monthly variation in NCOs for Landsat-8, represented as the coefficient of variation of 12 monthly climatologies.

Table 2. NCOs in nine global major watershed boundaries for 12 
climatological months (i.e., long-term monthly mean, in times/
month). Also listed are their mean (Avg.), standard deviation 
(Std.) and coefficient of variation (CV). Af: Africa, Ar: Arctic, 
As: Asia, Au: Australia, Eu: Europe, Gr: Greenland, NA: North 
America, SA: South America, and Si: Siberia.

Af Ar As Au Eu Gr NA SA Si

Jan. 1.5 0.5 1.4 1.3 0.9 0.0 1.1 0.9 0.7

Feb. 1.4 1.2 1.3 1.2 1.0 0.2 1.0 0.8 1.2

Mar. 1.5 2.2 1.5 1.4 1.3 1.7 1.2 0.9 1.5

Apr. 1.5 3.1 1.4 1.4 1.5 3.9 1.3 0.8 1.6

May. 1.6 3.2 1.4 1.5 1.7 5.3 1.4 0.9 1.6

Jun. 1.6 2.9 1.2 1.4 1.8 5.5 1.4 1.0 2.2

Jul. 1.6 2.9 1.2 1.5 2.0 6.0 1.6 1.2 2.1

Aug. 1.5 2.2 1.2 1.6 1.9 4.9 1.5 1.3 1.8

Sep. 1.5 2.0 1.4 1.6 1.7 3.5 1.3 1.2 1.4

Oct. 1.5 1.2 1.6 1.5 1.3 0.7 1.2 1.1 1.1

Nov. 1.4 0.7 1.4 1.4 0.9 0.1 1.0 0.8 0.8

Dec. 1.5 0.3 1.5 1.3 0.8 0.0 1.0 0.9 0.4

Avg. 1.5 1.9 1.4 1.4 1.4 2.7 1.3 1.0 1.4

Std. 0.07 1.01 0.12 0.11 0.41 2.33 0.18 0.17 0.53

CV 0.04 0.54 0.08 0.08 0.29 0.88 0.15 0.17 0.39
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years, more valid observations are concentrated in the high 
values (i.e., data distribution is not even), leading to the devia-
tion of long-term trends. Figure 10K also shows how NCOs 
could impact the uncertainty of annual mean TSS values. When 
NCOs are less than 10 year−1, the mean difference of annual 
mean TSS between satellite and in situ data is 23.6%. When 
NCOs exceed 10, 20, and 30 year−1, the mean difference is 
reduced to 17.3%, 12.3%, and 10.4%, respectively.

We investigate the dynamics of water level, a key indicator 
for surface area of Poyang Lake. The annual values between satel-
lite and in situ water levels show small differences (MAPE < 6%) 
(Fig. 11A to C). The box plot in Fig. 11D displays the uncertainty 
of water level as a function of NCOs, which reveals a significant 
decrease in mean difference between in situ and satellite retriev-
als as NCOs increase. To calculate the accurate annual mean 
change trend of water level over 8 years (−0.28 m year−1), we 

Fig. 9. (A) Global and (B to J) regional average NTOs and NCOs for three Landsat missions.
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use in situ measured daily water level data in Fig. 11A to C. We 
also estimate the trend inside/outside the observation overlap 
(in blue/red) in different periods. Inaccurate mean water level 
values for each year can eventually lead to errors in multi-year 
trends. The results show that during the period of 2013–2020, 
which had the highest average NCOs, the trend error was only 
0.01 m year−1. Conversely, using the same measured data, obser-
vations outside of the overlap during the 1987–1994 period, 
which had the least average NCOs, will result in a slope error of 
0.19 m year−1, which is 19 times larger.

WST is a fundamental physical parameter of inland waters 
and is commonly used to measure the impact of climate change 
on water environments. To explore the impacts of Landsat 
NCOs on the accuracy of WST monitoring, we utilized WST 
data from the ERA5-Land Hourly reanalysis dataset from 150 
lakes between 1991 and 2020 (see Materials and Methods, 
Fig. 1). We plotted the differences between in situ and satellite 
WST, in terms of both relative and absolute values, as a function 
of NCOs (Fig. 12). The relative difference of WST can reach 
2.5 °C when NCOs are <5 year−1, but can be as high as 12.9 °C 
for some lakes. As NCOs increase, the differences decrease 
rapidly. For NCOs exceeding 5, 10, 15, and 20 year−1, the annual 
mean difference of WST decreases by 41.0%, 57.8%, 66.6%, and 
79.2%, respectively (Fig. 12A). The global average NCO from 
1984 to 2020 is 15.5 year−1, which suggests that the uncertainty 

associated NCOs for annual mean Landsat WST is around 0.9 °C. 
Moreover, we also used WST data to estimate the trend differ-
ences caused by Landsat NCOs in three 10-year periods of 
1991–2000, 2001–2010, and 2011–2020 (Fig. 12B). Within a 
10-year period, when the average NCO is less than 5 year−1 and 
between 5 and 10 year−1, the average trend differences caused by 
NCOs are 0.19 and 0.17 °C year−1, respectively. When NCOs exceed 
10 year−1, the mean trend difference is stable at 0.1 °C year−1, 
and there is almost no further decrease with an increase in 
NCOs (Δ < 0.01 °C year−1).

Ice cover, an indicator of climate change in water environ-
ments, is highly sensitive to variations in climate [22,56]. We 
observed that when the NCO is less than 5 year−1, the annual 
mean difference between satellite and in situ ice cover occur-
rence (ICO) is as high as 29.0% (Fig. 13). When NCOs exceed 
20 year−1, the difference decreases to 7.5%, but still has a sub-
stantial impact on the accuracy of ICO estimates. The mean 
NCO of combined Landsat data for all in situ measured inland 
water bodies is 5.1 year−1, resulting in a high difference of 13 to 
29%. Furthermore, we found a linear relationship (R2 = 0.99) 
between the number of combined years in a period and the 
corresponding NCOs (blue dotted line), with NCOs increasing 
by about 7.4 for each additional year of Landsat data. The ICO 
difference decreases by 7.4%, 10.4%, 12.2%, and 13.4% when 
combining data for 2, 3, 4, and 5 years, respectively. However, 

Fig. 10. Long-term TSS concentration measurements and valid observations using the combination of Landsat-5, Landsat-7, and Landsat-8 on (A and B) Yangtze River, (C and 
D) Little Otter Creek, (E and F) Ausable River, and (G and H) Assinibain River. (I and J). Left and right panels for each pair are original and shifted series. In each panel, the light 
gray line represents the in situ measured daily TSS concentration data. Dots represent valid observations from Landsat on that day (green for observations outside the overlap 
and pink for extra-observations inside the overlap). Annual changes (solid line) and their trends (dashed line) of in situ measured data (black color); observations inside the 
overlap (blue color) and outside the overlap (red color) are also shown, along with the corresponding statistical metrics (R2, slope of trend, and MAPE). (K) Box plot chart for 
the relationship between NCOs and the uncertainty of annual mean TSS concentration.

D
ow

nloaded from
 https://spj.science.org on M

arch 17, 2024

https://doi.org/10.34133/remotesensing.0110


Feng and Wang 2024 | https://doi.org/10.34133/remotesensing.0110 12

when the number of combined years exceeds 8, the ICO differ-
ence tends to stabilize (Δ < 0.5%). Therefore, it is reasonable for 
Wang et al. [22] to divide Landsat-5, Landsat-7, and Landsat-8 
observations into four periods, 1985–1998, 1999–2006, 2007–
2014, and 2015–2020, when studying global changes in ICO.

Discussion

Implications for water environmental studies
Our study discusses the impact of Landsat images on water 
environmental studies and the potential inaccuracies that can 
arise due to NCOs. The study finds that even if observations 
are entirely accurate, annual mean values and multi-year trends 
of parameters may still be subject to uncertainties. The magni-
tude of these uncertainties depends on the dynamics of the 
water environmental parameter and the time period being 
studied. For example, parameters with small short-term varia-
tions, such as water level, exhibit an error of less than 5% when 
NCOs exceed 10 year−1. On the other hand, parameters that 
have significant variations in a few days, such as TSS, have a 
high percentage error of up to ~30%, even with high NCOs.

Our study helps to identify effective strategies for mitigating 
the impact of NCOs on estimation accuracy. For WST, the error 
caused by insufficient NCOs remains consistently large and 
decreases substantially when NCOs >10 year−1. This makes the 

estimation of WST prone to relatively large errors in most areas 
during the period when only Landsat-5 is available, except for 
Australia, Europe, North America, and the overlaps of Asia. 
After the operation of Landsat-7, the situation has improved, 
with average NCOs in all other regions exceeding 10 year−1. 
Since 2014, the simultaneous operation of Landsat-7 and 
Landsat-8 has greatly increased NCOs, making the annual 
mean error of almost every statistical location less than 0.5%, 
and the 10-year trend error less than 0.25 °C year−1. For water 
level, our study selects in situ data located in Poyang Lake, 
where the water level has very strong dynamics. The annual 
mean error is less than 1% only when NCOs are greater than 
30 year−1. However, the dynamics of water level in other inland 
water bodies are likely to be smaller than that of Poyang Lake, 
and therefore, the associated errors in water level are likely to 
be smaller. For TSS, the annual mean error can be reduced to 
a certain extent by increasing NCOs, but it remains at a high 
level (>10%), and even if NCOs are greater than 30 year−1, the 
error of annual mean TSS may exceed 20%. This is mainly due 
to the rapid short-term change of TSS, which can be further 
compounded by cloud cover during rainfall, reducing NCOs 
and leading to larger errors. Inland water glacial phenology 
presents a particularly challenging case for accurate ice phenol-
ogy estimation using Landsat data. Even by calculating the 
frequency of ICO, the error may reach 80%. However, combin-
ing and calculating multi-year ICO can improve the accuracy 
of estimations, with the median ICO error becoming stable 
when the number of combined years is more than eight.

It is worth noting that the four parameters studied in this 
paper are important indicators of hydrological and water quality 
changes in inland water bodies. Many other parameters have 
similar spatiotemporal dynamic characteristics to these four 
parameters. For example, there is a high correlation between 
water transparency (turbidity) and TSS [24,25,57–59], lake 
capacity and water level [27,28,60], water temperature and evap-
oration [33,61], etc. Therefore, the data presented in our paper 
are also applicable to the study of these related parameters.

One of the most important finding of this study is that 
overlap regions between two adjacent swaths greatly increase 
the NCOs of Landsat, thereby improving the accuracy of 

Fig. 11. (A) Long-term water level measurements and valid observations using the combination of Landsat-5, Landsat-7, and Landsat-8 from 2002 to 2009 at Xingzi station 
on Yangtze River (see Materials and Methods). (B and C) Water level measurements are shifted to years 2013–2020 and 1987–1994 in order to explore the effects of NCOs 
in different time periods. In each panel, the light gray line represents the in situ measured daily water level data. Dots represent valid observations from Landsat on that day 
(green for observations outside the overlap and pink for extra-observations inside the overlap). Annual changes (line) and their trends (dashed line) of in situ measured data 
(black color); observations inside the overlap (blue color) and outside the overlap (red color) are also shown, along with the corresponding statistical metrics (R2, slope of 
trend, and MAPE). (D) Box plot chart for the relationship between NCOs and the uncertainty of annual mean water level.

Fig. 12. (A) Box plot chart for the relationship between NCOs and the uncertainty 
of annual mean WST. (B) Box plot chart for the 10-year trend uncertainty of annual 
mean WST and NCOs, with the orange line representing the median value and the 
black dot representing the mean value of each box.
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satellite-based long-term and short-term change detection 
processes. For parameters with large dynamic changes, such 
as TSS or lake ice phenologies, we can specifically select data 
from these overlap regions for long-term change studies. In 
particular, due to the amplifying effect of global warming 
[62–64], the water environment in high-latitude regions is fac-
ing significant changes, and the large proportion of overlap 
regions in high-latitude areas can help us better study these 
changes.

Limitations and recommendations
It should be noted that in our analysis, we assume that the 
parameters obtained or retrieved from cloud-free Landsat are 
error-free. However, it is essential to acknowledge that other 
unfavorable observational conditions, such as sunglint and stray-
light, can also impact the accuracy of satellite observations for 
water applications [14,65,66]. Additionally, errors from quantita-
tive inversion model algorithms, atmospheric correction, and 
other sources can introduce uncertainties into the biogeochemi-
cal parameters derived from Landsat data [7,47,67–69]. For 
example, the uncertainty of TSS inversion algorithms at regional 
or global scales currently exceeds 30% [70,71], and there are also 
some uncertainties in obtaining WST, inundation area, ice detec-
tion, and other parameters [22,72–74]. Hence, when analyzing 
water environment change processes using Landsat satellite data, 
it is essential to consider these sources of errors.

Our study specifically focuses on evaluating the impact of 
cloud coverage on Landsat observations in water environments. 
Therefore, our results of the NCOs represent the maximum 
possible number of valid observations. The uncertainty esti-
mates we provide for corresponding estimations also represent 
the highest precision achievable by Landsat. We believe that 
our results are highly valuable for the application of Landsat in 
water environments. When choosing Landsat as a candidate 
instrument for specific applications or research, it is recom-
mended that the uncertainty calculated here is smaller than the 
maximum allowable uncertainty for the given task. Otherwise, 
achieving the desired accuracy results may be challenging.

Conclusions
We analyzed >4.8 million images acquired from Landsat-5, 
Landsat-7, and Landsat-8 to understand the global spatiotem-
poral variations of the NCOs from Landsat missions. We 

found that Landsat-8 provided almost twice as many mean 
annual NCOs (21.8 ± 14.7 year−1) compared to Landsat-7 
(10.8 ± 4.8 year−1) and Landsat-5 (8.3 ± 5.6 year−1). We also 
explored the impact of inside/outside overlaps on NCOs and 
observed that all Landsat observation areas above 45°N had 
overlapping paths in the east–west direction, enhancing the 
availability of NCOs. We evaluated the annual mean error and 
multi-year trend error caused by insufficient NCOs using 
in situ measured data of four critical water environmental 
parameters, and the results showed that the uncertainty in 
retrieving water quality parameters (i.e., TSS) from Landsat 
is generally higher than that in hydrological parameters (i.e., 
water level and WST). By evaluating NCOs’ impact on water 
parameter estimations, our study advances the understanding 
of the limitations and opportunities in utilizing Landsat data 
for water environmental and hydrological studies.
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