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Highlights

What are the main findings?

e The spatial resolution influences positively the accuracy of image classification, espe-
cially when dealing with Landsat 8 and Sentinel-2 imagery.

e  The difference between Landsat 8 and Sentinel-2 sensors is not too substantial in the
context of a fragmented landscape.

What are the implications of the main findings?

e  High spatial resolution satellite imagery produces more accurate land cover maps.

e  Since the difference yielded by Landsat 8 and Sentinel-2 sensors is small, Landsat
imagery can still produce satisfactory land cover maps, especially in patchy landscapes
such as the southeast of Niger.

Abstract

Monitoring environmental changes over time requires images with extensive historical
depth. However, high spatial resolution images often lack such depth. This study in-
vestigates the impact of spatial resolution on image classification. Thus, Landsat 8 and
Sentinel-2 images acquired between October and December 2020 were processed and clas-
sified using Random Forest regression on Google Earth Engine (GEE). This method allows
for continuous land cover maps, required for robust assessment of land cover dynamics in
patchy landscapes. A total of 1719 training samples were collected from the Collect Earth
Online (CEO) platform to train the model. In addition to the spectral bands, vegetation
indices were considered to optimize classification results. The study revealed statistical dif-
ferences in land cover areas estimated by the two sensors. These differences are statistically
significant at p < 0.001, although they are small. Validation results showed that the RMSE
from Sentinel-2 is slightly lower than that from Landsat 8, with this difference significant
at p < 0.05. Therefore, spatial resolution influences the accuracy of image classification.
Nevertheless, given the observed differences between the two sensors, which ranged from
0.03% to 3.94% across land covers, Landsat imagery remains suitable for producing reliable
land cover maps in heterogeneous landscapes.
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1. Introduction

Remote sensing data are vital for monitoring numerous fields, including the environ-
ment [1-3], oceans [4], atmosphere [5,6], wildfires [7,8], and flooding [9], among others.
Analyzing satellite imagery is crucial for monitoring natural phenomena, such as drought,
desertification, flooding, or wildfires, that may affect our environment [10,11]. Image
analysis also enables the assessment of harmful human activities on the environment, such
as deforestation for expanding farmland, soil artificialization, or building construction, as
well as energy production in many developing countries [12-15]. Furthermore, it helps
assess human awareness in monitoring the implementation of environmental protection
measures. It provides measures to evaluate the long-term impact of reforestation, natural
park management, space greening through tree planting, degraded land restoration, or
mine site rehabilitation after mining operations [16,17]. Overall, it empowers environmen-
tal managers and policymakers to make informed decisions to protect the environment in a
climate change context [13,18].

Image classification provides a great insight into land cover changes. However, such
a study can be limited depending on the sensor choice. The Sentinel program has been
operating for about ten years, providing publicly accessible satellite images with high
spatial resolution [19]. It was developed by the European Space Agency (ESA) as part of
the Copernicus program in 2014 [20]. Sentinel-2 was launched in June 2015 [21]. It provides
images in 13 spectral bands with a spatial resolution ranging from 10 m to 60 m and a
revisit time of 5 days [22]. Hence, before this date, another sensor must be sought for
image classification.

The Landsat program provides the longest and most continuous historical record of
satellite images [23]. Indeed, Landsat, an American initiative, is the oldest remote sensing
program still in operation, offering satellite images from Landsat 1, launched in 1972, to
the most recent Landsat 9, launched in 2021, with a spatial resolution of 30 m. It also has a
panchromatic band with a 15 m spatial resolution. Although its spatial resolution is three
times lower than that of Sentinel, Landsat is the only program capable of supplying archival
images that are sufficiently old and complete to support long-term temporal analysis with
a significant historical perspective. Like Sentinel, Landsat images are publicly accessible.

Satellite image classification is essential for creating reliable land use/land cover
maps. It simplifies and speeds up the process of analyzing and mapping an area using
satellite imagery and software on a laptop. Although it is faster than conventional mapping
methods, this process can still be time-consuming on a personal computer. Today, the
availability of large datasets and the need to combine various parameters to improve
outcomes have driven the use of Machine Learning methods and cloud platforms, which
enable faster data processing. Google Earth Engine (GEE) is one such platform that enables
more flexible geospatial dataset analysis, eliminating repetitive and tedious steps [24]. GEE
provides access to numerous satellite images [25] without the need to download them
onto a laptop [26]. It also allows a multitude of pre-processing operations to align images
to standards, resulting in improved quality of future results. These operations would be
limited or even impossible on a personal computer.

Image classification requires, first, the interpretation of satellite images. Accessing
images from multiple sensors makes interpretation easier and more reliable. Collect Earth
Online (CEO) is an open-source online platform designed for viewing and interpreting
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satellite images. It was developed by a joint program between the National Aeronautics and
Space Administration (NASA) and the United States Agency for International Development
(USAID), with the participation of the Food and Agriculture Organization (FAO) and
numerous regional technical organizations worldwide. CEO is designed to collect reference
data for projects that involve land use/land cover monitoring. It consistently helps locate
and label plots using various satellite images available on the platform, such as Digital
Globe, Bing Maps, and other sources from GEE [27]. Widgets could also be created to make
interpretation easier by exploring interannual and intra-annual comparisons through time
series graphs, vegetation indices computing, such as the Normalized Difference Vegetation
Index (NDVI), as well as other image processing results through GEE. The platform also
offers the advantage of global coverage, and there is no need for downloading images since
everything is done online. The release of CEO facilitates land use and land cover mapping
by providing a free cloud-based platform for the photo interpretation of satellite imagery
to collect data [27,28].

Mapping land cover using satellite images can sometimes be extremely challenging
due to the complexity and heterogeneity of the vegetation and landscape [25,29,30]. In
Sahelian and arid environments, a sensor can easily mistake spectral reflectance between
an individual tree and a clumped shrub, or between bare soil and clay constructions. The
study area is mostly made up of small patches of land cover. Indeed, in agropastoral
areas of southeastern Niger, croplands are mixed with fallow lands and/or grasslands.
Settlements consist of small cities and villages, often composed of a few clay houses with
thatched roofs. Some studies underlined that increasing spatial resolution does not always
lead to an increase in map accuracy [31-33]. However, some recent studies highlighted
a positive correlation between spatial resolution and map accuracy [34-37]. While most
attention is devoted to forests, providing insight into how spatial resolution influences land
cover mapping using satellite imagery in a patchy landscape will significantly enhance
LULC management and related applications in agropastoral areas. A balance must be
struck between, on the one hand, using high-resolution satellite images (e.g., Sentinel-2
at 10 m) to better identify small or mixed land covers and, on the other hand, the need to
analyze long-term trends, which requires access to extensive historical geospatial archive
datasets at coarse or medium resolution (e.g., Landsat at 30 m).

Studies have highlighted land cover mapping accuracy across sensors. However, there
is a need to provide more insight into areas like the Sahel, as mapping drylands is very
challenging due to high heterogeneity [38-40]. This study aims to support this approach by
analyzing the impact of spatial resolution on land cover mapping using the most publicly
available satellite images, Landsat and Sentinel. In other words, how much confidence can
be placed in maps created from Landsat images compared to those from Sentinel images
in this area? To achieve this, satellite images from Landsat 8 and Sentinel-2 sensors are
used. The spatial pattern of the region requires each land cover to be examined separately,
rather than assessing all land covers together on a single map. Therefore, due to these
highly heterogeneous landscapes, each land cover will be analyzed based on its percentage
coverage within the study area. The study focuses on the period at the end of the rainy
season in the study area, when the noise caused by clouds is reduced. The research is
conducted in an agropastoral area of the Republic of Niger.

2. Materials and Methods
2.1. Study Area

The study area is located in the south-central part of Niger between 13°12" and
14°42' North latitude and 7° and 8° East longitude. It is part of the Sahelian zone, one
of the four climatic zones of the country, with rainfall varying between 300 mm and
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600 mm per year [41]. The area is characterized by a relatively flat topography, with al-
titudes ranging from 355 m to 499 m. This agropastoral region includes the Aguié and
Mayahi departments, covering a total area of 8325.83 km? (Figure 1). According to projec-
tions by the Niger National Institute of Statistics [42], based on the 2012 General Population
and Housing Census, these two departments account for 1,239,307 inhabitants in 2024.
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Figure 1. (a) Location of the study area, (b) Landsat 8, 2020, RGB colors.

2.2. Satellite Imagery

The Landsat 8 image was produced by the Operational Land Imager (OLI) and Ther-
mal InfraRed Sensor (TIRS) with a revisit time of 16 days. The Sentinel-2 image was
produced by the MultiSpectral Instrument (MSI) sensor, which has an orbital swath width
of 290 km and a revisit time of 5 days at the Equator. Both datasets include atmospherically
corrected surface reflectance. This study focused on the period from 1 October 2020, to
31 December 2020, corresponding to the end of the rainy season in the study area. During
this quarter, the images are less affected by clouds, and most of the trees have leaves.
Pre-processing was applied to download satellite images, which involved filtering images
with more than 20% cloud cover. Then, a mask was used at the pixel level to remove the
remaining clouds. Finally, the median reducer was applied to all the pixels of the image
collection. In this collection, 16 Landsat 8 images and 113 Sentinel-2 images were used.
This process was carried out on the Google Earth Engine (GEE) platform.

The classification is performed using visible, infrared, and shortwave infrared spectra.
The bands 2, 3, 4, 5, 6, and 7 from Landsat 8 and the bands 2, 3,4, 5, 6,7, 8, 8A, 11, and 12
from Sentinel-2 were included as input variables. Furthermore, four other indices have been
calculated to enhance classification results [43], including NDVI, Modified Normalized
Difference Water Index (MNDWI), Normalized Difference Built-up Index (NDBI), and Bare
Soil Index (BSI). Indices are computed as follows:

NIR — R
NDVI= SR+ R M
G — SWIR1
MNDWI = G + SWIR1 @)
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SWIR1 — NIR
NDBI = SWIRI + NIR )
— IR+ B
ggp— (SWIR2+R) — (NIR + B) @

(SWIR2 + R) + (NIR + B)

where NIR is the spectral reflectance in the near-infrared, R is the spectral reflectance in
the red, G is the spectral reflectance in the green, SWIR is the spectral reflectance in the
shortwave infrared, and B is the spectral reflectance in the blue.

2.3. Sampling

Machine learning algorithms need training on samples to make accurate predictions for
which they have been designed [44,45]. To collect these samples, a sampling method must
first be defined. Several sampling strategies exist depending on the study’s purpose [46].
The most common methods include systematic sampling, random sampling, and stratified
random sampling [45]. In this study, the latter was used. Stratified random sampling allows
accurate mapping of both small and large land cover units [47]. We base the stratification
on the classes from the European Space Agency (ESA) World cover map 2020. This map
helps to define the most predominant land cover units encountered throughout the study
area. Refs. [48,49] used ESA WorldCover in stratified sampling in their studies and found
that the accuracy is reliable for most land covers.

The map is accessible at: https://viewer.esa-worldcover.org/worldcover/ accessed
on 18 July 2024. Thus, six land cover units were selected, including Tree/Shrub, Grassland,
Cropland, Settlement, Water body, and Bare soil.

To find out the approximate sample size to be randomly distributed across each
stratum, the following equation was used [50,51]:

2
_ 23,yP(1—P)

e2

, (5)

where 7 is the number of plots, Z is the z-statistic at the 95% confidence level (here, Z, /»
is equal to 1.96), P is the estimated land cover proportion, and e is the acceptable margin
of error. However, since the actual land cover proportion is difficult to assess, the best
estimate of it is P = 50%. The margin of error is set at 5%. This acceptable level of error is
reported to yield accurate results [52]. Thus, the number of plots per land cover unit will be
384. However, for the Water body unit, the value of P = 10% was used due to its very low
representation in the study area. For this land cover, the plot size will therefore be set at 138.
Thus, a total of 2058 plots will have to be randomly spread across the selected strata, which
will be equivalent to 51,450 samples. However, given that Collect Earth Online (CEO) has
an upper limit of 50,000 samples, the previous total size of the plots will be slightly adjusted
accordingly. Hence, 234 plots will be distributed among Tree/Shrub, Grassland, Cropland,
Settlement, and Bare soil strata, while 49 plots will be distributed in the Water body unit.
This accounts for a total sample size of 1719 (Figure 2).

First, the sampling plan is designed in ArcGIS (10.8.1) and QGIS (3.28.7 Firenze), then
imported into the CEO platform to define how each plot will be sampled. Systematic
sampling will be preferred here because it provides a more accurate representation of the
space explored. The plot will be 90 m wide with a square shape. This choice considers
the size of a Landsat pixel, which is 30 m at the nadir, but increases and can significantly
exceed this size as one moves away from nadir. In each plot, 25 training samples will be
systematically distributed with 20 m spacing (Figure 3).
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Figure 2. Stratified random sampling for collecting training samples: (a) ESA World Cover, 2020;
(b) Location of training samples.

Figure 3. Distribution of training samples in a plot in CEO platform.

Therefore, the total number of training samples in the study area amounts to 42,975
(i.e., 1719 plots multiplied by 25 samples per plot) (Figure 4).

Data
preprocessing

1719 random
plots

Question/ 6 LC classes

42 975 points to be

photo-interpreted

Figure 4. Sampling flowchart.
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2.4. Photo Interpretation

Once the sampling strategy is defined, photo interpretation can be performed in
each plot. Photo interpretation involves examining each point in the plot to decide which
occupancy unit (Tree/Shrub, Grassland, Cropland, Water body, Settlement, or Bare soil)
it belongs to. Consequently, this requires using available satellite images in CEO as well
as images from the two sensors (Landsat 8 and Sentinel-2) for the considered period
(October-December 2020). Despite the spatial resolution, interpreting a satellite image can
sometimes be challenging, depending on the geographical area. Hence, due to its archival
satellite imagery, Google Earth Pro can sometimes provide useful insight that can help
understand the content of an image at a given point. Additionally, the CEO platform allows
the computation of indices, such as the Normalized Difference Vegetation Index (NDVI),
which provides further insight to ease photo interpretation [53,54].

2.5. Random Forest Parameter Tuning

The Random Forest (RF) algorithm was developed by [55]. It is part of what is called a
machine learning algorithm. This term refers to algorithms capable of making predictions
after being trained on a given dataset. RF can be classified as part of non-parametric
statistical methods that can handle classification as well as regression problems [56,57].
Random Forest has been applied in various fields, including environmental science, natural
resource management, natural risk management [58], ecology, object recognition, and
bioinformatics [59], among others. It is a powerful and robust algorithm that enables image
classification with greater accuracy [60-62].

RF is based on a set of votes for the most popular class by each randomly selected
vector. It uses techniques such as bagging (bootstrap aggregating) to reduce or eliminate, in
some cases, the instability of the model [55]. It can contain several trees (literally, a forest of
trees), and each contributes to predicting the land cover percentage of each pixel, with the
best prediction for each validation point being kept [63]. That means, in regression mode,
instead of voting for a class, each tree predicts a continuous value, and the final output is
the average of all predictions.

RF uses the following parameters: number of trees (ntrees), bag fraction (bf), variable
per split (vps), minimum leaf population, maximum node, and seed. It has been reported
that using default parameters yields reliable results [59]. However, defining the best
parameters to use before performing a classification increases accuracy. In this study, we
tuned the values of three main parameters: ntrees, bf, and vps (Figure 5). These values are
used on both Landsat 8 and Sentinel-2 images. Likewise, RF is used in regression mode in
this study. Random Forest regression (RFR) has revealed strong potential in mapping land
cover, tree canopy cover, or biomass with low Root Mean Square Error, compared to other
algorithms such as Support Vector Machine (SVM), Support Vector Regression (SVR), or
Artificial Neural Networks (ANN) [64,65]. RFR was also used by [66] in their study to map
tree canopy cover.

For model training, the dataset needs to be split into a training and a testing set. In
the literature, percentages including 60/40 [67], 70/30 [67-70], or 80/20 [71] are commonly
used for training and testing Machine Learning models. In this study, random sampling
was performed, with 80% of the samples for training, whereas the remaining 20% served as
the testing set.
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Figure 5. Methodological flowchart.

2.6. Cross-Validation

Cross-validation determines the accuracy of a model by testing it on a dataset it has
never seen before. There are several cross-validation methods, each with its advantages
and drawbacks. In this study, we used Monte Carlo cross-validation (MCCV). It is a robust
and effective method for a relatively large dataset [72,73]. This technique involves splitting
the dataset into two groups, one for training and another for testing the model. Various
types of splits are commonly found in the literature. For example, ref. [74] applied MCCV
in the study of Parkinson’s disease with 60% of samples for training and 40% of samples
for testing. Ref. [75] used 66% of the data for training and the remaining 33% for testing in
mapping the Spartina alterniflora-invaded mangrove forest in Shankou Mangrove National
Nature Reserve, in China. In his research comparing leave-one-out cross-validation to MCC,
ref. [71] applied 80% and 20% of samples for training and testing, respectively. Ref. [72]
tried both 66/33 and 80/20 splits to compare resampling methods for remote sensing
classification in a National Park and Nature Reserve of Australia. We have used 80% of the
data for training the model, and 20% was kept for validation. After each validation round,
one or more metrics are computed to assess the model’s accuracy. This process is repeated
several times (50 iterations in this case) for each land cover unit, and the average of the
metrics is calculated to assess the accuracy. Two metrics have been computed as follows:

e  Root Mean Square Error (RMSE):

1 .
RMSE = \/ Y i =90 (6)
e  Percentage of bias (PBIAS):
n PR— A‘
PBIAS = Zi—l(zl 9i) 4 100, @)
i

where 7 is the number of predictions, yi is the observed value, §; is the predicted value,
and y; is the mean of the observed values.

These metrics are commonly used to evaluate the accuracy of RF regression mod-
els [69,76-78]. The mean of each metric was tested at the 5% significance level to determine
if there is a statistically significant difference between the results yielded by the two sensors.
Student’s t-test was performed when the data followed a normal distribution, while the
Wilcoxon test was applied when it did not.
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Grassland cover (%)

Cropland cover (%)

Landsat 8, 2020

3. Results
3.1. Comparison of Land Cover Maps

Figure 6 shows the percentage of cover predicted for the six land cover units selected
according to the sensor type (Landsat 8 or Sentinel-2). Grassland and cropland land covers
have good spatial representation, followed, to a lesser extent, by the tree/shrub land cover
(Figure 6). The bias is generally low (gray points) for the tree/shrub land cover and both
sensors (Figure 6a,b). For the grassland and cropland land covers, the bias is relatively
higher (red and blue points) (Figure 6c—f). However, it remains generally low over the
study area.

Sentinel-2, 2020
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Figure 6. Predicted land cover units and absolute bias for Landsat 8 and Sentinel-2, 2020:
(a) Tree/shrub, Landsat 8; (b) Tree/Shrub, Sentinel-2; (c) Grassland, Landsat 8; (d) Grassland,
Sentinel-2; (e) Cropland, Landsat 8; (f) Cropland, Sentinel-2.

It is worth mentioning that, although it exists, the difference in percentage coverage
between the two sensors remains globally low.

Figure 7 shows the percentage cover for settlement, water body, and bare soil land
covers, along with the corresponding absolute bias for each sensor. The settlement land
cover has been accurately mapped by both sensors, despite the settlements being widely
scattered across the study area (Figure 7a,b). Although it has a small spatial extent, the
water body unit was still detected by both sensors (Figure 7c,d). Bare soils were also well
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represented by each sensor. However, when comparing the two sensors, the difference in

the percentage cover is barely perceptible.
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Figure 7. Predicted land cover units and absolute bias for Landsat 8 and Sentinel-2, 2020: (a) Set-
tlement, Landsat 8; (b) Settlement, Sentinel-2; (c) Water body, Landsat 8; (d) Water body, Sentinel-2;
(e) Bare soil, Landsat 8; (f) Bare soil, Sentinel-2.

The overall bias is also quite low (gray dots), especially for the water body unit
(Figure 7c,d). However, some substantial values were noticeable where the model tends
to overestimate (red dots) and occasionally underestimate (blue dots) (Figure 7a,b,e,f).
Whether it is the percentage cover or the bias produced, the difference between the two
sensors remains small.

Table 1 summarizes the estimated areas for each land cover according to the sensor
type. The areas determined by the model for Sentinel-2 are lower than those evaluated for
Landsat 8, except for the cropland land cover. Indeed, the Sentinel-2 sensor can determine
up to 4% more cropland than the Landsat 8 sensor.
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Table 1. Comparison of area occupancy by sensor type.

Sensor Landsat 8 (L8) Sentinel-2 (S2)
Absolut Relati Absolut Relati Difference
solute elative solute elative S2-1L8 (%)

Land Cover (km?) (%) (km2) (%)

Tree/Shrub 424.59 5.09 404.91 4.86 —-0.23
Grassland 1352.51 16.21 1223.18 14.67 —1.54
Cropland 6111.42 73.23 6433.27 77.17 3.94
Settlement 247.76 2.97 140.51 1.69 —1.28
Waterbody 5.41 0.06 2.55 0.03 —0.03

Bare soil 203.81 2.44 132.55 1.59 —0.85
Total 8346 100 8337 100

3.2. Pixel-Based Comparison

Figure 8 shows maps of pixel-based differences in percentage cover between Sentinel-2
and Landsat 8. This difference is noticeable throughout the entire study area for grassland
and cropland (Figure 8b,c). Pixels resulting from this difference are mostly negative
for grassland, meaning Landsat 8 estimates more grass than Sentinel-2. Conversely, for
cropland, the pixels are mostly positive, indicating Sentinel-2 estimates more cropland than
Landsat 8. This difference is near zero for other land cover types, except in the southern
part of the study area for the tree/shrub and settlement land covers (Figure 8a,d). For water
bodies, some values exceeding 5% in absolute value are spotted in the center of the study

area (Figure 8e).
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Figure 8. Pixel-based differences in percentage cover between Sentinel-2 and Landsat 8 (i.e., Sentinel-2
percent cover map—Landsat 8 percent cover map) across all land covers: (a) Tree/Shrub; (b) Grass-
land; (c) Cropland; (d) Settlement; (e) Water body; (f) Bare soil.
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In Appendix A, the pixel-based cumulative distribution functions of percentage cover
have been plotted as a function of the sensor. For each cover type, a small difference is
observed between the two curves. In other words, the distribution functions between
Sentinel-2 and Landsat 8 do not fit perfectly throughout the curve. This difference is more
easily observed for grassland, cropland, settlement, and bare soil (Figure Alb—e). The
figures highlight that there is a difference between the results yielded by the two sensors,
but this difference remains very small.

The pixel-based histogram of the differences in the percentage cover is shown in
Figure 9. It can also be observed that the histogram is not perfectly symmetrical around
the red dotted line, which represents the symmetrical axis. This information suggests a
very small difference between the areas estimated by the two sensors. Moreover, it can
also be noticed that the pixel-based differences in the percentage cover (i.e., Sentinel-2
map—Landsat 8 map) are negative for tree/shrub, grassland, settlement, bare soil, and
water body (Figure 9a,b,d—f), whereas they are positive for the Cropland (Figure 9c).
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Figure 9. Histogram of the pixel-based differences in percentage cover between Sentinel-2 and
Landsat 8 (i.e., Sentinel-2 percent cover map—Landsat 8 percent cover map) across all land covers:
(a) Tree/Shrub; (b) Grassland; (c) Cropland; (d) Settlement; (e) Bare soil; (f) Waterbody.

To identify potential differences between the areas assessed by the two sensors, the
Kolmogorov-Smirnov test was performed to compare the shapes of the cumulative distri-
bution functions. The test is significant for all six land cover types at p < 0.001, indicating
that the cumulative distribution functions from Landsat 8 and Sentinel-2 are different.
In addition, the Wilcoxon test shows that the median of the pixel-based differences in
percentage cover between the two sensors is different from zero (p < 0.001) (Table 2). This
result indicates that the medians of the pixel-based percentage cover differences between
the two sensors are statistically different.
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Table 2. Comparison of the median of pixel-based difference in percentage cover between Sentinel-2
and Landsat 8 (i.e., Sentinel-2 percent cover map—Landsat 8 percent cover map).

Pixel-Based Differences Cover (%)

Land Cover Mean Median Wilcoxon Test
Tree/Shrub —0.24 —0.20 o
Grassland —1.57 —-1.83 *xx
Cropland 3.81 3.56 i
Settlement —-1.29 —0.02 wHx
Waterbody —0.03 0.003 i
Bare soil —0.86 —0.44 *xE

*** p-value < 0.001.

3.3. Validation Results

The cropland unit recorded the highest RMSE, followed by grassland, settlement, bare
soil, tree/shrub, and water body. Sentinel-2 yielded the lower RMSE for all land covers
except for the water body unit, where the opposite is observed. However, this difference is
statistically significant at p < 0.05, including for the water body unit (Figure 10a). Although
statistically significant, this difference between the two sensors remains small.
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Figure 10. Metrics comparison by land cover and sensor type: (a) Root mean square error; (b) Percent
bias. *: p-value < 0.05; **: p-value < 0.01; ***: p-value < 0.001.
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The systematic error produced by both sensors is almost zero, except for the water
body unit, where it is relatively high (Figure 10b). Moreover, the Sentinel-2 sensor exhibited
a lower bias than the Landsat 8 sensor in the bare soil, settlement, tree/shrub, and water
body units. Conversely, for the cropland and grassland units, Landsat 8 yielded the lowest
bias. However, it should be highlighted that for all land covers, the difference observed in
percent bias between the two sensors is not significant at p < 0.05.

4. Discussion
4.1. The Importance of Regression-Based Land Cover Mapping Using a Cloud Platform

Most land cover mapping using satellite images employs discrete categories, meaning
the presence or absence of a specific cover within a pixel, which is a simplification of reality.
This approach works well for mapping forests or dense vegetation areas. However, in
patchy landscapes, such as agropastoral Sahelian regions, this representation may not be
suitable due to within-pixel land cover heterogeneity [79]. This issue is further exacerbated
when using medium-resolution satellite images, as it may increase bias [80]. It can be
addressed by using the fractional cover of each class within a pixel. Instead of categorical
classification, fractional cover more accurately captures heterogeneity or patchiness. In this
regard, ref. [81] confirmed that a continuous land cover scheme represents heterogeneous
areas more efficiently than the standard categorical classification scheme. For example,
RFR is a widely used and robust method for continuous land cover mapping [64-70,79-81].
However, RFR is generally more computationally intensive than RF classification (cat-
egorical analysis). To address this challenge, we ran the RFR analysis using the GEE
platform, which is known for handling intensive computational tasks with large-scale satel-
lite imagery [82-84]. Moreover, GEE allows a wide range of pre-processing and advanced
analytical tools without concerns about storage capacity or processing speed. In the context
of climate change and rapidly growing data volumes, GEE appears to be an important plat-
form that can support academic institutions, research centers, and environmental managers
in decision-making, especially in developing countries.

4.2. The Importance of Spatial and Spectral Resolution in Land Cover Mapping

Satellite images enable Land Use Land Cover (LULC) analyses to be performed with
reliable accuracy. The availability of Landsat and Sentinel satellite imagery helps achieve
this objective, depending on the required spatial resolution. This is one of the main
limitations in producing accurate LULC maps. Sentinel imagery has addressed this issue
by providing free access to images with a 10 m spatial resolution (for the visible bands),
which is three times better than what Landsat imagery provides. Very high-resolution
satellite images are also available, such as Planet imagery, which has a spatial resolution of
4.77 m, but these images are not publicly accessible.

However, when it comes to performing a temporal analysis, one can quickly face
limitations depending on the sensor choice. For Sentinel, the first image available started in
2014 (with Sentinel-1A), so analyses on this sensor cannot go beyond this date. On the other
hand, the Landsat sensor goes further back, since the first Landsat image was acquired in
1972 (with the Earth Resources Technology Satellite).

This study revealed a difference between the Landsat 8 and Sentinel-2 results. This
difference is highlighted mostly in Figure 8b—d. The cumulative distribution functions
(Figure A1) also show a difference in shape, especially for grassland, cropland, settlement,
and, to a lesser extent, bare soil. These differences in shape are significant at p < 0.001.
The validation results show that the RMSE yielded by the two sensors is significant at
p < 0.05, underlining that there is a difference in how each sensor estimates the land cover.
Since the difference is significant, it indicates that the two sensors estimate a given land
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cover differently, mainly due to the spatial resolution difference. Indeed, while Landsat 8
faces challenges with pixels that may include two or more land covers due to the patchy
landscape of the study area, Sentinel-2 delivers better results because its smaller pixels
reduce mixing. Effective mapping of patchy landscapes requires high-resolution sensors, as
spatial resolution contributes to the overall accuracy. In this case, Landsat 8 tends to produce
more mixed pixels compared to Sentinel-2 due to the difference in spatial resolution.

The spectral resolution of a sensor is its ability to differentiate low energy levels in the
electromagnetic spectrum. It refers to both bandwidth and the number of spectral bands in
which the sensor captures information about Earth materials. The finer the spectral band,
the more subtle differences the sensor can detect, allowing it to better identify objects on
the Earth’s surface. In fact, between 635 and 885 nanometers, the Sentinel-2 sensor has
six spectral bands (Red, Red edge, Band 6 with a central wavelength of 740 nanometers,
Band 7 with a central wavelength of 783 nanometers, Band 8 (NIR), and Band 8A with a
central wavelength of 865 nanometers), all of which help improve vegetation classification.
In comparison, Landsat 8 has only two bands (Red and NIR) within approximately the
same wavelength range (636-879 nanometers). This improvement in spectral resolution in
this wavelength range allows Sentinel-2 to better capture subtle differences that Landsat
8 may miss. Consequently, Sentinel-2 yields lower RMSE and PBIAS values compared
to Landsat 8. Despite the difference in the number of spectral bands used in this study,
Sentinel-2’s performance appears to be slightly higher than that of Landsat 8. This outcome
is similar to the studies of [85,86], who found that Sentinel-2 outperformed Landsat 8 even
when near-equivalent image bands were used and Sentinel-2 was down-sampled to a
spatial resolution of 30 m. Furthermore, assessing the classification accuracies for LULC
mapping in Istanbul, ref. [87] achieved an overall accuracy of 70.60% with Landsat 8 and
76.40% with Sentinel-2 using the Maximum Likelihood Classification (MLC) method. Using
the Support Vector Machine (SVM) approach, accuracy increased to 81.67% for Landsat
8 and 84.17% for Sentinel-2. Since similar spectral bands were employed, they therefore
concluded that spatial resolution was a key factor contributing to the higher accuracy
obtained with Sentinel-2.

4.3. Analysis of Percentage Cover and Bias

The highest percentage cover of tree/shrub is found in the southern part of the study
area, which is the Aguié department (Figure 6a,b). This corresponds to the highest rainfall
gradient. Indeed, in Niger, rainfall increases from north to south. The density of trees and
shrubs is therefore correlated with the rainfall gradient. The two sensors clearly illustrate
this pattern.

In the study area, the most widespread land covers are cropland and grassland,
regardless of sensor type (Figure 6¢c—f). Indeed, agriculture and livestock are among the
main livelihood activities of the local population. Additionally, grasslands are mainly
found in the center of the study area, along the seasonal watercourse, but also further north.
The northern part borders the Sahelian zone, which has more grasslands and is therefore
better suited for livestock farming. In fact, the Sahel stretches from the Atlantic Ocean at
the Senegalese and Mauritanian coasts to the Red Sea at the Eritrean coasts. It serves as
the transition zone between the Sahara in the north and the more humid regions in the
south [88]. It hosts most of the livestock in the countries it crosses due to the presence of
rangeland and high-quality forage [89].

Settlements are more compact in the southern part of the study area (Figure 7a,b).
Indeed, the administrative units are more densely packed in the Aguié department, which
has a population density of 184 inhabitants/Km? in 2024. This is significantly higher
than the national average density of the country, which is 21 inhabitants/Km? in 2024.
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Conversely, in the northern part, the Mayahi department, which is larger than Aguié, is
made up of smaller and more dispersed administrative units. As a result, the population
density is lower (79 inhabitants/Km?). The model clearly captured this pattern through
both sensors. Nevertheless, the bias was not statistically significant in this study, in line
with the results reported by [85], which demonstrated that there is no statistical significance
between Sentinel-2 and Landsat 8’s relative bias.

4.4. Analysis of the Estimated Area by the Model for Each Sensor

As expected, spatial resolution has a positive impact on the land cover mapping.
High-resolution satellite imagery increases image classification accuracy and yields lower
relative errors, as shown in Figure 10a, between the Landsat 8 and Sentinel-2 sensors.

Table 1 shows that Sentinel-2 could determine up to 4% (322 km?) more cropland
compared to the Landsat 8 sensor. Indeed, farms often consist of small to even tiny family
plots. Because Sentinel-2 has a finer spatial resolution than Landsat 8, it allows for the
detection of small agricultural plots, which often border villages or dwellings, as well
as corridors and rangeland areas. In Table 1, minor discrepancies in total area between
Landsat, Sentinel-2, and vector-based estimates arise from raster discretization of polygon
boundaries, differences in native spatial resolution, and pixel grid alignment. The observed
differences are very small (<0.30%) in pixel-based area calculations.

In the study area, settlements mainly consist of widely dispersed villages and hamlets.
Trees and shrubs are scattered throughout, except for a few rare groups located in the
southern part of the study area (Figure 6a,b). Permanent water bodies are absent in
the study area. Nevertheless, some small water bodies remain at the end of the rainy
season. Bare soil includes barren upland, hardened areas, and quarries. Grassland cover
includes rangeland areas, narrow cattle corridors, and a few fallows. Because Landsat
8 has a medium spatial resolution (30 m), it struggles to distinguish small neighboring
land covers. Moreover, edge artifacts may lead to an overestimation of areas by Landsat
8. As a result, the estimated areas for tree/shrub, grassland, settlement, water body, and
bare soil are slightly larger with Landsat 8 compared to Sentinel-2, which provides more
precise measurements (Table 1) due to its finer spatial resolution. Indeed, in mapping the
Spartina alterniflora-invaded mangrove in China, ref. [75] found that Sentinel-2 imagery
yielded lower accuracy compared to WorldView-2 imagery, a 2 m spatial resolution imagery,
highlighting the effect of spatial resolution on the overall map accuracy.

The pixel-based cumulative distribution functions (Appendix A) and the histogram
of the differences in percentage cover (Figure 9) show that the estimated areas from both
sensors are different. Additionally, Wilcoxon tests support this finding with p < 0.001 for
all land covers (Table 2). However, the difference in the estimated areas between the two
sensors remains small, with overall differences of 3.94% for cropland, 1.54% for grassland,
1.28% for settlement, 0.85% for bare soil, 0.23% for tree/shrub, and only 0.03% for water
body (Table 1). The validation results show that both sensors produce similar results,
although Sentinel-2 yielded slightly lower RMSE (Figure 10a). These findings suggest that
Landsat 8 and Sentinel-2 produce similar image classifications.

Appendix B illustrates some differences in land cover estimates. It highlights the
accuracy of the two sensors by examining some details resulting from land cover differences.
Figure A2 shows a detail in grassland estimation. In (a), it shows an overestimation of
this land cover by Landsat 8 (shown in blue), while the satellite image shows cropland.
The detail in (b) also indicates that the area (shown in blue), which Landsat 8 identified
as grassland, is currently made up of cropland on the satellite image. Another example is
highlighted by Figure A3, which illustrates a detail in the estimation of tree/shrub cover. It
shows that Sentinel-2 provides a more accurate estimate by clearly excluding settlements
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in this area, unlike the Landsat 8 sensor, where this distinction is less obvious. Indeed,
the detail in Figure A4 shows that the entire area was classified by Sentinel-2 as cropland
(shown in red), with small patches of grass or fallow land. This is clearly shown in the
satellite image. However, some scattered settlements are also visible on the satellite image,
located among the cropland in the southern part.

In land cover mapping and related mapping applications in agropastoral environ-
ments, using Sentinel-2 or Landsat 8 will yield acceptable results since the observed differ-
ence between the two sensors is small (3.94% for cropland), which is the largest observed
difference among the land covers considered in this study. Therefore, Landsat 8 is an
interesting product to use by policymakers or other key stakeholders for long-term land
monitoring when higher-resolution products are unavailable. Nevertheless, although the
differences are very small in terms of land cover mapping performance, policymakers
would still benefit from higher-resolution products (such as Sentinel-2) when it comes to
setting up targeted and spatially detailed land management activities.

4.5. Limitations and Perspective

In this study, the number of spectral bands varies slightly between the two sensors.
Therefore, the observed Sentinel-2 performance is likely not solely due to spatial resolution
but may also be influenced by differences in the number of spectral bands used in the
model. Future studies could assess in detail the relative contribution of spatial and spectral
resolution to overall map accuracy, particularly to determine to what extent the performance
gain is attributable to one or the other resolution. Additionally, the current sampling
design may limit Sentinel-2 from expressing its main advantage, which is fine spatial
detail, leading to lower performance. A nested sampling design could help address scale
dependence in land cover representation. Indeed, while fine-scale subplots capture spatial
heterogeneity relevant to Sentinel-2, aggregated plots will provide a common evaluation
scale for comparison with Landsat 8. In this study, we used 1719 plots following the
approach of [51], based on a stratified random sampling design utilizing an existing
global land cover map (ESA WorldCover 2020). Therefore, using a more accurate global
map and/or increasing the number of plots per stratum are potential ways to further
improve the current methodology and land cover maps. Furthermore, employing more
powerful computers would allow for more iterations in the MCCV approach, resulting in a
better assessment of map uncertainty. Another methodological improvement could be the
normalization of pixel-wise values, which was not done in this study. Consequently, pixel
values across all land covers did not always sum up exactly to 100%, which may influence
the total area coverage. However, in this case, this effect was very small (considering all the
pixels, this sum is normally distributed and centered around 100%) and did not affect the
outcomes of the present study. Nonetheless, it is generally recommended to perform the
normalization before any comparison for area assessment.

5. Conclusions

In this study, Landsat 8 and Sentinel-2 images acquired between October and De-
cember 2020 were classified using Random Forest regression on the Google Earth Engine
platform. A total of 1719 training points were collected through stratified random sampling
with the Collect Earth Online platform to train the model. Additionally, NDVI, MNDWI,
NDBI, and BSI were included as variables to enhance the model’s prediction accuracy.

The study revealed that the estimated total land cover areas show differences between
the two sensors. Landsat 8 estimates are higher than Sentinel-2 for all land covers except
for cropland, where Sentinel-2 yielded about 4% more cropland than Landsat 8. These area
differences are statistically significant at p < 0.001, although they are small. Furthermore, the
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performance of Sentinel-2 land cover maps is better than that of Landsat 8, with significantly
lower RMSE (p < 0.05).

Hence, higher spatial resolution is likely to result in better land cover mapping accu-
racy. However, the greater number of spectral bands in Sentinel-2 can also contribute to
better performance when using this product for land cover mapping. Since this difference is
rather small (0.03-3.94%), Landsat imagery can still deliver satisfactory classification results
in remote agropastoral environments with heterogeneous landscapes. These findings could
be extended to other agropastoral areas of the Sahelian countries.
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Figure Al. Cumulative distribution functions of Sentinel-2 and Landsat 8 sensors derived from
percentage cover across all land covers: (a) Tree/Shrub; (b) Grassland; (c) Cropland; (d) Settlement;
(e) Bare soil; (f) Waterbody.
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Appendix B

Grassland.

Figure A2. Difference in grassland cover (52-L8), highlighting where Sentinel-2 estimated more grass
(in red) and where Landsat 8 estimated more grass (in blue). Images (a,b) show the true grass area,
indicating that Landsat 8 includes some crops in the grassland area.

Water body

Tree cover

Figure A3. Difference in tree/shrub cover (S2-L8), highlighting where Sentinel-2 estimated more
tree/shrub (in red), excluding clearly built-up, unlike Landsat 8. Red areas are mostly located in the
southern part of the study area, where annual rainfall is higher than in the north.
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Figure A4. Difference in cropland cover (52-L8), highlighting where Sentinel-2 estimated more crop
than Landsat 8. Grass and fallow land coexist together. Crops are often found close to settlements.
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