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Abstract: Monitoring changes in vegetation cover over time is crucial for understanding the spatial
distribution of rainfall, as well as the dynamics of plants and animals in the Namib desert. Traditional
vegetation indices have limitations in capturing changes in vegetation cover within water-limited
ecosystems like the Namib gravel plains. Spectral emissivity derived from thermal infrared remote
sensing has recently emerged as a promising tool for distinguishing between bare ground and non-
green vegetation in arid environments. This study investigates the potential of satellite-derived
emissivities for mapping changes in fractional vegetation cover across the Namib gravel plains. Ana-
lyzing Moderate Resolution Imaging Spectroradiometer (MODIS) band 29 (λ = 8.55 µm) emissivity
time series from 2001 to 2021, our findings demonstrate the ability of both Normalized Difference
Vegetation Index (NDVI) and emissivity to detect sudden vegetation growth on the gravel plains.
Emissivity additionally allows monitoring the extent of desiccated grass over several years after a
rainfall event. Our results support a relationship between the change in fractional vegetation cover,
the amount of rainfall and emissivity change magnitude. Information from NDVI and emissivity
therefore provide complementary information for assessing vegetation in arid environments.

Keywords: land surface emissivity; thermal remote sensing; MOD21 product; Namib; gravel plains;
fractional vegetation cover; NDVI

1. Introduction

Knowledge of fractional vegetation cover (FVC) is important to assess evapotran-
spiration, photosynthesis and other exchange processes between land surface and atmo-
sphere [1–3]. Remote sensing has become one of the most popular techniques to estimate
FVC. The most common methods to estimate FVC from remote sensing data include regres-
sion models between FVC and vegetation index (VI) data [4], spectral mixture analysis [5]
and linear decomposition of spectral reflectance into vegetation and soil component [6].

However, most vegetation indices commonly used to calculate FVC are not designed
for water-limited environments with a vegetative cover of less than 30% and prominence
of non-green vegetation [7]. This inability is due to the spectral reflectance of bright desert
soils on the one hand and the relatively weak response of the Normalized Difference
Vegetation Index (NDVI) to sparse and non-green vegetation on the other hand [8,9].

On the Namib gravel plains, water, in the form of sufficient rainfall, is the most
important limiting factor for biomass production. Rainfall is temporally and geographically
highly variable [10,11]. It was shown that rainfall decreases and temporal variability
of rainfall increases westwards toward the coast [11]. Nevertheless, the grass cover is
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an important component in the Namib water and nutrient cycle as well as in complex
food webs. Because of the slow turnover rate, often no significant changes in FVC take
place over decades [10]. After rare rainfall events, e.g., in 2011, the gravel plains are
transformed into highly productive grassland [12,13], as such events decrease the patchiness
in the distribution of plants and animals [10]. The short period of rapid growth of grass
populations following rainfall events exhausts nutrients faster than they can be replaced
and is superseded by a slow rate of decomposition [10]. There is established evidence
of the relationship between precipitation and biomass production for the Namib gravel
plains [11]. Minimum rainfall requirements for germination and establishment of annual
and perennial tussocks range between 10 mm and 25 mm, respectively [14]. The surface
response of the Namib gravel plains to rainfall can be explained as the response of plants
adapted to water-limited environments [14]. Recent efforts have been taken to map biomass
in Namibia on various levels using coarse-resolution NDVI satellite imagery [15]. Mapping
changes in FVC on smaller spatial scales holds the potential to monitor the spatial extent
and timing of rainfall events [16] and derive biomass information [17] which is important
information in a water- and nutrient-limited ecosystem like the Namib, especially since
FVC of desert ecosystems is regularly underestimated by up to 44% when calculating FVC
from satellite-derived VIs, leading to errors in surface balance and evapotranspiration
models [18].

Spectral emissivity information derived from thermal infrared radiance (TIR) can
be a valuable instrument to distinguish bare ground from non-green vegetation [19]. At
wavelengths from 8 to 9.5 µm, soil minerals like quartz have characteristic low emissivity
values due to the ‘Reststrahlen’ absorption band, while vegetation has a consistently high
emissivity throughout the TIR spectrum, independent of plant chlorophyll content. The
potential of satellite-retrieved land surface emissivity data has considerably increased
with advances in applying the Temperature Emissivity Separation (TES) Algorithm, which
was originally developed for the Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER), to the Moderate Resolution Imaging Spectroradiometer (MODIS) [19].
Before the arrival of the MOD21 land surface temperature and emissivity (LST&E) product
in 2013, applications of satellite-retrieved thermal emissivity data were limited by ASTER’s
long revisit time (resolution: 90 m, 16 days at best) and the uncertainty of the previous
MODIS (MOD11) LST&E product over semi-arid and arid regions, for which land surface
emissivities were assigned based on land cover type [20]. Since the TES algorithm works
independently from land cover classification, MOD21 emissivities can account for dynamic
changes in land surface properties [21]. TES-based emissivities have been applied to
monitor rangeland conditions and vegetation phenology on a grassland site at the Jornada
Experimental Range in southern New Mexico [9]. Besides a linear trend indicating land
cover degradation, the analysis with MODIS band 29 emissivity (e29) time series showed a
seasonal cycle, which was attributed to intense rainfall during the monsoon. The rainfall
events resulted in increased soil moisture and vegetation cover, which in turn increased
emissivity. In contrast, the corresponding MODIS NDVI time series showed near-constant
values without any obvious seasonal or linear trends. Ref. [19] demonstrated that the
use of a combination of spectral emissivity and NDVI is beneficial to monitor land cover
changes associated with agricultural activities. Furthermore, [19] showed the potential of
the MOD21 product for monitoring snowmelt over Greenland ice sheets and its value in
quantifying land cover change after extreme natural events like fire. The MOD21 product
has been available from March 2000 onwards. MODIS band 29 covers the spectral range
from 8 to 9.5 µm, which has the largest natural variation in emissivity (from about 0.7 to
0.98). This large variation in spectral emissivity allows observation of changes between
proportions of bare soil and non-green vegetation with much greater sensitivity than with VI
data [19,22]. In arid environments, temporal changes need to be investigated over long time
spans to generate meaningful results. These regions are particularly vulnerable to climate
change-induced disturbances that can lead to a high proportional loss of productivity [11].
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There is evidence of the relationship between land surface emissivity, NDVI data and
FVC [4]. However, the relationship between land surface emissivity and FVC has yet not
been explored to detect changes in FVC in an arid ecosystem from satellite-retrieved land
surface emissivities. Following [19], a time series analysis of MODIS e29 was conducted
over the Namib gravel plains. This is the first study of its kind to not only analyze MOD21
emissivities over more than 20 years, but to also compare its temporal dynamics with
independent satellite (NDVI) and field data (rainfall).

In this context, our study focuses on the following objectives:

1. Detection and comparison of changes in emissivity and NDVI time series at multiple
sites on the gravel plains and adjacent sand dune sea.

2. Interpretation of observed emissivity changes with the rainfall record of the Gobabeb
Namib Research Institute (GNRI), photographs from the gravel plains and correspond-
ing NDVI changes.

3. Finally, we introduce a method to estimate fractional vegetation cover from MOD21
band 29 emissivities and demonstrate its feasibility using existing field measurements.

2. Methods
2.1. Study Site

The Namib is a coastal desert along the Atlantic Ocean. Namib sand dune sea and
Namib gravel plains are naturally separated by the ephemeral Kuiseb river (Figure 1).
Quartz is the Namib’s primary mineral with traces of hematite giving the dunes a dark
red color [23]. On the gravel plains, quartz gravel and small pebbles cover the underlying
sand [24]. In contrast to the sand dune sea, vegetation on the gravel plains, in form of
tufts of grass of a few tens of centimeters, is more prominent because of more frequent but
spatially and temporally highly variable rainfall [25]. The dominant grass species and its
typical growth patterns are visualized in Figure 2. Further information on vegetation units,
diagnostic species and rainfall gradients was summarised by [12,13]. The annual rainfall at
Gobabeb varies between 0 and 164 mm with the maximum in 2011 [12].

“Wind” and “Plains” are the Karlsruhe Institute of Technology’s (KIT) permanent LST
validation stations [26]. This paper will examine and visualize time series of two further
test sites on the gravel plains and one test site in the sand dune sea, as previous studies
have shown that the gravel plains are structurally homogenous [27]. In the remainder
of this paper, the study and test sites will be referred to as given in Table 1. Time series
data of other evaluated test sites can be found in the supplementary material (Figure S1).
The Namib is an ideal site for validating land surface parameters retrieved from satellite
remote sensing data as it has a high frequency of clear sky conditions and is spatially and
temporally stable due to its arid climate [26].

Table 1. Geographic location of the study and test site pixels evaluated during the emissivity and
NDVI time series analysis. Available data for the FVC change validation.

Site Name Geographic Location Available Data

Study site 1 (Wind) −23.55◦S, 15.05◦E Rain record, field photographs, NDVI and
emissivity time series

Study site 2 (Plains) −23.52◦S, 15.08◦E Field photographs, NDVI and emissivity
time series

Test site 1 −23.54◦S, 15.17◦E NDVI and emissivity time series
Test site 2 −23.45◦S, 15.39◦E NDVI and emissivity time series

Test site 3 (Dunes) −23.55◦S, 14.93◦E NDVI and emissivity time series
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2.2. Change Detection with BFAST

Breaks for Additive Season and Trend (BFAST) is a change detection algorithm, which has
been applied to a range of time series with varying noise levels and can deal with seasonal and
non-seasonal time series from multiple disciplines [28,29]. We applied BFAST to the 21-year
MODIS emissivity and NDVI time series using the BFAST package for the R statistical software
(version 4.2.2) [30] to separate significant changes from residual noise in the time series.

The BFAST method uses an additive model that decomposes time series data (Yt) on
pixel-scale into trend (Tt), seasonal (St) and residual (et) components (1):

Yt = St + Tt + et (1)

Changes occurring in the trend component are a strong indicator of disturbances,
whereas the seasonal component reflects phenological changes [29]. Breakpoints are re-
turned and linear trend compartments between breakpoints are fitted via linear regression.
The change magnitude is the difference between the time series value before and after a
breakpoint [29]. We ran BFAST for each site (Table 1) with the monthly mean emissivity and
NDVI time series from 2001 to 2021 as input. We did not use a seasonal model, motivated
by the highly infrequent rain events in the Namib, which do not allow for phenological
changes [12]. Change magnitudes are regarded as significant if they are greater than the
emissivity standard deviation at the test site Dunes during the monitoring period (sdε,Dunes
= 0.006). Ref. [31] showed that BFAST is especially successful in arid environments where
trend breaks are indicators of biomass changes and closely follow rainfall patterns.

The year 2011 was the wettest on record for the gravel plains [12] and is therefore of
particular interest for this study to assess spatial patterns in the land cover response of
emissivity and NDVI to rainfall. We visualized the change magnitude of MODIS emissivity
and NDVI in 2011 over the Namib gravel plains and sand dune sea near Gobabeb using
the BFASTspatial package. The BFASTspatial package provides utilities to perform change
detection analysis on time series of remote sensing images [32]. We used the monthly mean
emissivity raster composites of all cloud-free acquisitions of the study site from January
2010 to December 2012 as input.

2.3. Datasets and Data Preparation

The applied workflow is visualized in Figure 3. The datasets used are discussed in
more detail in the following subsections.
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2.3.1. Satellite-Based Data

MODIS onboard of Terra covers 36 discrete spectral bands from 0.4 µm to 14.4 µm
with a spatial resolution of 250 m to 1 km. We obtained MOD21 (LST&E) and MOD13
(NDVI) datasets covering the study area from January 2001 to December 2021 from the
NASA Earthdata Search [33] and downloaded the datasets with AppEEARS. A summary
of both MODIS datasets is presented in Table 2. In total, we obtained 7526 MOD21 and
488 MOD13 scenes. The results presented here use a subset of the tile h19v11, covering
parts of the gravel plains and the sand dune sea.

Table 2. Summary of MODIS datasets used in this study.

Data Product Spatial Resolution Temporal Resolution

Terra MODIS LST&E (MOD21) L3 Global 1 km 1 day
Terra MODIS Vegetation

Indices (MOD13) L3 Global 500 m 16 days

Emissivity: MOD21 Product.
The spectral emissivity ε(λ) is a dimensionless quantity, defined as the ratio of a

material’s thermal radiance at wavelength λ to the radiance emitted by an ideal black body
at the same temperature. MOD21 is a daily level-3 LST&E product with a nominal spatial
resolution of 1 km at nadir. In this study, only daytime observations from MODIS are used.
MODIS band 29 covers the spectral range from 8 to 9.5 µm and contains the largest natural
variation in emissivity (from about 0.7 to 0.98). Analyzing MOD21 time series, low band
29 emissivities (<0.85) indicate a high fraction of bare soil exposure, whereas higher values
(up to 0.96) indicate a high FVC in the respective MODIS pixel [19]. Band 32 (11 µm) can
theoretically be used to distinguish between dry and green vegetation [19]. However, over
the Namib gravel plains, the dynamic range of emissivity in band 29 is about four times
larger than that in band 32. Therefore, band 29 was analyzed rather than band 32, although
narrow band emissivity derived in band 32 is less affected by atmosphere. Furthermore,
for the hyper-arid Namib desert, retrieval errors due to uncertainty in atmospheric water
vapor are generally less significant [34]. Recent studies investigating the accuracy of the
MOD21 product have shown that it has an accuracy of 1% in the Namib desert [34].

We used three quality criteria from the quality control MOD21 scientific dataset to
exclude clouds and noise from the retrieved MOD21 scenes. Around 3500 good-quality
observations remained for further processing for each site (see supplementary material for
details, Table S1). We applied a moving median filter with a window length of 15 days to
the MOD21 band 29 emissivity time series to reduce TES retrieval noise and to match the
temporal resolution of 16 days of the NDVI product. In the next step, we resampled the
time series to monthly mean values to remove outliers, e.g., due to undetected clouds. The
resulting time series of monthly MODIS band 29 emissivities from 2001 to 2021 consisted
of 252 data points.

Normalized Difference Vegetation Index (NDVI): MOD13 NDVI.
The NDVI is defined as in Equation (2):

NDVI =
NIR − R
NIR + R

(2)

where NIR is the land surface reflectance in the near-infrared and R the reflectance corre-
sponding to the red band [35]. In this study, we employ the NDVI, since its relationship
with FVC is well understood, long consistent time series are available and because of
its widespread use in remote sensing applications. The NDVI is, furthermore, an easily
calculated dimension, without the need for site-specific coefficients, like, for example, the
Soil-Adjusted Vegetation Index (SAVI) [36,37].

The MOD13 product provides an NDVI dataset at a spatial resolution of 500 m and a
temporal resolution of 16 days. The NDVI data are obtained from daily surface reflectance.
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With a MODIS-specific compositing method, only good-quality NDVI values are kept
and the highest value closest to nadir is selected to represent the compositing period [7].
The NDVI time series was smooth with no significant noise; therefore, no further quality
filtering was performed. We resampled the NDVI values to monthly mean NDVI, which
from 2001 to 2021 resulted in a time series of monthly NDVI values of 252 data points.

Time series of both products were created by extracting emissivity and NDVI values
from the pixels closest to the locations presented in Table 1. The larger range of viewing
geometries represented by the MOD13 product (a 16-day composite) means that its field
of view (FOV) is randomly located within the larger pixel area of the respective MOD21
product (1 day). Based on this and the gravel plains’ high spatial homogeneity, both
products were directly compared despite their different pixel sizes.

2.3.2. Field Photographs

Photographs taken on site can provide qualitative information on the vegetation state
at a given time and location. Since 2007, members of the KIT satellite climatology research
group take photographs regularly during field trips to the Namib, where KIT operates
two permanent LST validation sites [27]. The photographs are not standardized but allow
us to qualitatively reconstruct the vegetation development on the gravel plains. Therefore,
each picture available from the KIT validation sites “Wind” and “Plains” from 2007 to
September 2022 was assigned to an FVC class from one for “bare ground”, to four for
“green grass cover” (see Table 3). The resulting time series consisted of 18 and 12 data
points for Wind and Plains, respectively.

Table 3. Vegetation states on the Namib gravel plains, based on photographs.

FVC Class Vegetation State

1 Bare ground
2 Patchy, light-grey, dry grass
3 Patchy, yellow dry grass
4 Green grass cover

2.3.3. Rainfall Record

We incorporated monthly rainfall data into the analysis to validate changes detected
in the NDVI and emissivity time series as rainfall-associated vegetation growth. We make
use of the observational rainfall data recorded by the GNRI at their meteorological station.
The dataset consists of the monthly sums of precipitation recorded from 1962 to 2021 at
GNRI. Because of the proximity of the meteorological station to the KIT LST validation site
“Wind” (Figure 1), we use the record to validate rainfall-associated vegetation growth at
the study site Wind. The same record was analyzed in depth in [12]. With the dominance
of plants that are adapted to water limitation, the land surface responds to rainfall with
immediate grass growth [11].

2.3.4. Lab- and In-Situ-Retrieved Emissivity Spectra

Thermal infrared emissivity spectra link the satellite-retrieved emissivity to the spectral
characteristics of the study area. Emissivity spectra are regularly used to validate satellite-
retrieved emissivity [23,38]. Emissivity spectra for samples of land surface types relevant to
the Namib gravel plains (namely dry grass, gravel and sand) were obtained in the laboratory
by NASA’s Jet Propulsion Laboratory (JPL) using a Frontier Perkin-Elmer-Spectrometer.
Furthermore, during a field campaign in 2017, in-situ emissivity spectra were obtained
with a BOMEM MR304SC FTIR spectroradiometer. Further details on the field protocols
are provided by [27]. We calculated MODIS band 29 channel effective emissivities for the
three samples as well as for the in-situ spectra by convolving the emissivity spectra with
the MODIS spectral response function from the “Satellite Sensor Relative Spectral Response
data” [39] (Table 4, Figure 4). As explained in Section 2.3.1, only band 29 is used for the
time series analysis, as emissivity variation in this spectral range is the largest (Figure 4).
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Over the hyper-arid Namib gravel plains, retrieval errors due to uncertainty in atmospheric
water vapor are generally less significant [34].

Table 4. MODIS band 29 channel effective emissivities and standard deviations within band 29 of
relevant surface types on the Namib gravel plains obtained from laboratory emissivity spectra and
for in-situ emissivity spectra for KIT stations Wind and Plains.

Sample MODIS Band 29 Channel
Effective Emissivity Standard Deviation

Lab Spectra
Grass 0.961 0.001
Gravel 0.799 0.020
Sand 0.783 0.020

In-situ Spectra Wind 0.830 0.009
Plains 0.810 0.015
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Figure 4. Thermal infrared (8–14 µm) emissivity spectra of dry grass, gravel and sand samples
determined in the laboratory (data courtesy: G. Hulley, JPL, USA) and in-situ (data courtesy: L.
Poutier, ONERA, France) at study sites Wind and Plains. Triangles and squares represent the
laboratory and in-situ samples’ channel effective emissivities, respectively. Shown in black are the
normalized response functions of MODIS bands 29, 31 and 32.

These channel effective emissivities are used in Section 3.3 to demonstrate how a
relationship between in-situ and satellite data can be used to estimate FVC from MOD21
band 29 emissivity. The method assumes that the gravel plains’ land surface behaves like
a Lambertian reflector and that MOD21 band 29 emissivity can be regarded as the linear
combination of the emissivities of gravel and dry grass (ε29,gravel and ε29,grass). On the
Namib gravel plains, in the absence of other vegetation types, FVC is assumed to represent
the fraction of grass, see Equation (3), which is adapted from [40,41].

ε29 = ε29, grass ∗ FVC + ε29, gravel ∗ (1 − FVC) (3)

To account for indirect radiance reaching the sensor due to internal reflections, in-
troduced Equation (4), which scales the contribution of a cavity term dε via a quadratic
relationship with FVC. dε is the additional emissivity due to the indirect radiance reaching
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the sensor via reflections between floor and walls of the roughness element (here the sides
of the grass [42]). Over grasslands, this contribution is zero when the surface is either bare
(FVC = 0.0) or fully covered by grass (FVC = 1.0), i.e., when internal scattering is negligible.

ε = ε29,grass ∗ FVC + ε29,gravel ∗ (1 − FVC) + 4 ∗ dε ∗ FVC(1 − FVC) (4)

To derive the site-specific cavity term dε, we used image-classification-based FVC
values of the about 10 m2 FOV of the two radiometers mounted at 25 m at the Wind mast
from April 2011, which have an overall classification accuracy of more than 97% [24]. By
inserting the FVC values determined by [24] and the corresponding mean MOD21 band 29
emissivity for April 2011 (ε29,April 2011) as well as the channel effective emissivities for gravel
and dry grass (ε29,gravel and ε29,grass), an estimation of dε is obtained, which characterizes
the grass population on the gravel plains (Table 5). Solving Equation (4) by [42] for the
FVC, FVC is a function of the root of ε29 (5):

FVC (ε29) =
ε29,grass − ε29,gravel + 4dε −

√(
ε29,grass − ε29,gravel + 4dε

)2
+ 16dε

(
ε29,gravel − ε29

)
8dε

(5)

Table 5. FVC derived from image classification of the two radiometers’ FOV [24] and their corre-
sponding dε derived from Equation (4).

Radiometer FVC dε

Radiometer 1 17% 0.059
Radiometer 2 26% 0.025

Mean 21.5% 0.039

3. Results

This section presents the results obtained from the NDVI and emissivity time series
analysis with BFAST. While we evaluated time series at multiple locations, we put a special
emphasis on the location Wind, as this location is closest to the GNRI rain gauge and the
vegetation development is best documented by field photographs.

3.1. Change Detection with BFAST

Variations in emissivity at test site 3 (Dunes) were small. Band 29 emissivities
were stable over time with only one significant breakpoint in 2011. The other break-
points detected by the BFAST algorithm are negligible due to their small change mag-
nitudes, which were smaller than the standard deviation of emissivity before 2011 at
Dunes (sdemissivity,Dunes = 0.006, Table 6). Between 2001 and 2011, the average emissivity
was 0.781, which is in good agreement with the MODIS band 29 channel effective emis-
sivity for the sand lab spectrum (ε29,sand = 0.783, Table 4). After the breakpoint in 2011,
the average emissivity has increased to 0.797, which is 2% higher than the sand channel
effective emissivity.

For the NDVI time series at test site 3, a breakpoint in 2011 was detected by the
BFAST algorithm as well, but its change magnitude is lower than the corresponding NDVI
standard deviation (Table 6).

Analyzing emissivity and NDVI time series provides insights into the surface dy-
namics on the gravel plains over the 21-year observation period: emissivity and NDVI
values over the gravel plains are subject to considerable change throughout this period
(Figures 5 and 6). We detected a minimum of three breakpoints at each site and four at test
site 1 and study site 1. Change magnitudes differed considerably among the sites. The
seasonal component calculated with BFAST was for all sites on the gravel plains below the
standard deviation at Dunes. BFAST was therefore run with no seasonal model.



Remote Sens. 2024, 16, 159 10 of 20
Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 22 
 

 

 
Figure 5. Emissivity (top panel, black) and NDVI (bottom panel, green) time series for the sites on 
the gravel plains and sand dune sea (test site 3). Trend line segments and breakpoints with confi-
dence intervals (red) determined by BFAST. 

 

 

 

Figure 6. Emissivity (top panel), NDVI (middle panel) and rainfall (bottom panel) time series at the 
study site Wind from 2001 to 2021. Triangles indicate dates with documented vegetation state by 
field photographs taken at the KIT Wind mast. 

Figure 5. Emissivity (top panel, black) and NDVI (bottom panel, green) time series for the sites on the
gravel plains and sand dune sea (test site 3). Trend line segments and breakpoints with confidence
intervals (red) determined by BFAST.

Table 6. Change magnitude of emissivity and NDVI determined for the two study sites (Wind and
Plains) and the three test sites (1 and 2 on the gravel plains, 3 in the sand dune sea) for each breakpoint
determined by BFAST. Breakpoint 3 can be neglected, see Figure 5.

Breakpoint Plains Wind Test Site 1 Test Site 2 Test Site 3
(Dunes)

Emissivity NDVI Emissivity NDVI Emissivity NDVI Emissivity NDVI Emissivity NDVI

I 0.039 0.007 0.032 0.014 0.08 0.033 0.077 0.025 0.003 -
II 0.039 0.028 0.059 0.054 0.105 0.074 0.116 0.06 0.013 0.006
III −0.016 0.003 −0.01 0.011 −0.028 0.01 0.026 0.013 - -
IV - - 0.028 0.015 0.019 - - 0.006 −0.003

Comparing the emissivity breakpoints between the sites on the gravel plains gives
a uniform picture of their timing (Table 7). The breakpoints in 2005/2006 and 2011 were
detected at all sites on the gravel plains (i.e., test site 3 in the sand dune sea is ignored)
and lie within a period of four months. A break in 2018 (breakpoint IV) was only detected
for some locations with a higher temporal difference and uncertainty of timing (Figure 5).
NDVI values show similar temporal changes but smaller change magnitudes (Table 6).
Breakpoints in the NDVI time series match the emissivity breakpoints closely with a
maximum time difference of 4 months (Table 7). After a breakpoint, NDVI values decrease
over three months to about one-third of the corresponding peak value and then slowly
decrease further to their ‘pre-breakpoint’ levels (NDVI = 0.05 to 0.10). In contrast, emissivity
increases quickly to a maximum value and then decreases nearly linearly over a period
of three to five years to its ‘pre-breakpoint’ level, with typical values of ε29 = 0.80 to 0.85
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(Figure 6). The channel effective emissivity obtained from the in-situ emissivity spectrum
at Wind (ε29,Wind = 0.83, Table 4) fits the MOD21 band 29 emissivity values in years of
steady emissivity at the study site Wind (i.e., when the BFAST trend line has a slope of
nearly zero).
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Table 7. Emissivity breakpoints detected by BFAST at study and test sites. Time difference ∆ to
NDVI breakpoints is in months. Positive values indicate an NDVI breakpoint detected after the
corresponding emissivity breakpoint, negative values an NDVI breakpoint before the emissivity
breakpoint. Non-significant breakpoints (i.e., change magnitude < 0.006) are shown in parentheses.

Breakpoint I Breakpoint II Breakpoint III Breakpoint IV

Site Month ∆ Month ∆ Month ∆ Month ∆

Wind 2005-12 4 2011-03 0 (2014-04) 0 2018-03 1
Plains 2005-12 4 2011-02 2 (2014-04) 1 - -

Test site 1 2006-04 −1 2011-05 −2 (2014-06) −2 2018-09 -
Test site 2 2006-01 1 2011-03 −2 2015-09 −19 - -

Test site 3 (Dunes) (2004-12) - 2010-12 4 - - (2017-11)

3.1.1. Breakpoint Analysis with GNRI Rainfall Record

The three breakpoints associated with an increase in emissivity and NDVI at the
location Wind (breakpoint I, II and IV) coincide with almost 40% (~300 mm) of the rainfall
during the 21-year monitoring period. Around breakpoint II, more than 20% of the total
rainfall precipitated. The three breakpoints have in common that it rained for at least
two consecutive months to break emissivity and NDVI values. During these two months,
between 53 and 166 mm of rainfall precipitated (Figure 7). The rain events in 2008 and
2012 did not cause a break in the NDVI or emissivity time series, although 80 (73) mm rain
precipitated over a period of 3 (1) months, respectively (Figure 6). While the time series for
the study site Wind and test sites 1 and 2 show increases in emissivity and NDVI in early
2009, these changes are not detected by the BFAST algorithm.

Emissivity increases, especially for heavier rainfall events like in 2011, over several
months. In contrast, NDVI starts to increase later and rises more steeply. Change magni-
tudes are highest around the rainfall event in 2011 and considerably smaller in 2005/2006
and 2018, when only 92.3 mm and 53.2 mm precipitated, respectively (Figure 7). Assuming
a simple linear model for precipitation and change magnitude yielded an R2 of 0.96. With
respect to the entire rainfall record, the period from 2006 to 2012 was a considerably wetter
period with several small rainfall events each year. We suggest that the wetter regime
increased the emissivity background level, i.e., the emissivity trend line is approximately
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horizontal, but has a higher intercept (Figure 6). The corresponding NDVI values peak in
2006 and 2009, parallel to the rainfall events.

Remote Sens. 2024, 16, x FOR PEER REVIEW 13 of 22 
 

 

Table 7. Emissivity breakpoints detected by BFAST at study and test sites. Time difference Δ to 
NDVI breakpoints is in months. Positive values indicate an NDVI breakpoint detected after the cor-
responding emissivity breakpoint, negative values an NDVI breakpoint before the emissivity break-
point. Non-significant breakpoints (i.e., change magnitude < 0.006) are shown in parentheses. 

 Breakpoint I Breakpoint II Breakpoint III Breakpoint IV 
Site Month Δ Month Δ Month Δ Month Δ 

Wind 2005-12 4 2011-03 0 (2014-04) 0 2018-03 1 
Plains 2005-12 4 2011-02 2 (2014-04) 1 - - 

Test site 1 2006-04 −1 2011-05 −2 (2014-06) −2 2018-09 - 
Test site 2 2006-01 1 2011-03 −2 2015-09 −19 - - 

Test site 3 (Dunes) (2004-12) - 2010-12 4 - - (2017-11)  

3.1.1. Breakpoint Analysis with GNRI Rainfall Record 
The three breakpoints associated with an increase in emissivity and NDVI at the lo-

cation Wind (breakpoint I, II and IV) coincide with almost 40% (~300 mm) of the rainfall 
during the 21-year monitoring period. Around breakpoint II, more than 20% of the total 
rainfall precipitated. The three breakpoints have in common that it rained for at least two 
consecutive months to break emissivity and NDVI values. During these two months, be-
tween 53 and 166 mm of rainfall precipitated (Figure 7). The rain events in 2008 and 2012 
did not cause a break in the NDVI or emissivity time series, although 80 (73) mm rain 
precipitated over a period of 3 (1) months, respectively (Figure 6). While the time series 
for the study site Wind and test sites 1 and 2 show increases in emissivity and NDVI in 
early 2009, these changes are not detected by the BFAST algorithm. 

Emissivity increases, especially for heavier rainfall events like in 2011, over several 
months. In contrast, NDVI starts to increase later and rises more steeply. Change magni-
tudes are highest around the rainfall event in 2011 and considerably smaller in 2005/2006 
and 2018, when only 92.3 mm and 53.2 mm precipitated, respectively (Figure 7). Assum-
ing a simple linear model for precipitation and change magnitude yielded an R2 of 0.96. 
With respect to the entire rainfall record, the period from 2006 to 2012 was a considerably 
wetter period with several small rainfall events each year. We suggest that the wetter re-
gime increased the emissivity background level, i.e., the emissivity trend line is approxi-
mately horizontal, but has a higher intercept (Figure 6). The corresponding NDVI values 
peak in 2006 and 2009, parallel to the rainfall events. 
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3.1.2. Breakpoint Analysis with Field Photographs

The gravel plains are rarely bare during the observation period (see supplementary
material for more photographs, Figures S2 and S3), which fits the MOD21 band 29 emissivity
at the study sites being constantly higher than the gravel channel effective emissivity
(ε29,gravel = 0.799).

After the rain events in early 2011, NDVI and emissivity at the location Wind increased
up to 0.17 and 0.88, respectively. The germination of grass populations is documented by
photographs from April 2011 (Figure 8). By November 2011, NDVI has already decreased to
<0.10. In contrast, the emissivity is still close to its level from March, i.e., ε29,Nov/2011 = 0.87.
Field photographs show that many parts of the gravel plains are covered by dry grass
in November 2011 (Figure 8). By the end of 2012, the grass has turned grey, and the
distribution has become patchier (Figure 8), but emissivity values of ε29,Dec/2012 = 0.85
suggest that the patchy grass cover still influences the emissivity, while NDVI values have
returned to their initial values of 0.06 from 2010. Similar values are obtained for July 2013:
dry grass populations covering the gravel plains in patches are still visible (Figure 8) and
the emissivity retrieved for Wind is ε29,Jul/2013 = 0.843, while NDVI dropped to around
0.06. After the last rain event in 2018, grass cover has constantly decreased, which fits the
decreasing emissivity trend line after 2018 in Figure 6. In September 2022, the gravel plains
were practically bare (personal communication F. Göttsche).

3.2. Change Detection with BFASTspatial

With the raster-stack based implementation of BFAST in R, we were able to identify
spatially coherent zones of significantly increased MODIS band 29 emissivities and to set
the findings of the previous section into a spatial context. Evaluating change magnitudes
across the entire MODIS emissivity subset reveals hotspots in the central and north-eastern
parts with strongly increasing emissivities in 2011 (Figure 9). In the sand dune sea, change
magnitudes are close to zero and confirm the findings of the time series analysis at test site
3 (Dunes). Generally, change magnitudes increase toward the eastern part of the study area.
We also recognized this pattern during the BFAST change detection for the emissivity.
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Figure 9. Visualization of change magnitude of the emissivity and NDVI time series in 2011. The
course of the ephemeral Kuiseb River is depicted in transparent blue. X-and y-axes show longitude
and latitude, respectively.

The greatest NDVI change magnitude is observed around the ephemeral Kuiseb
river and almost no change in the sand dune sea. On the gravel plains, NDVI increased
only marginally, with a maximum magnitude of 0.06. The smaller change magnitudes
determined for the NDVI time series may also be a relic from the BFAST algorithm: by
fitting a linear trend line to the decrease after a breakpoint, the NDVI peak values are
higher than the trend line suggests. Maximum NDVI values are up to 0.25 for some
locations (Figure 6). We believe a non-linear function (e.g., an exponential decay function)
would better describe the NDVI decrease. While the peak emissivity values are also
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underestimated, the trend lines fit the emissivity time series considerably better (Wind:
R2 = 0.85 and 0.64 for emissivity and NDVI, respectively) (Figure 6).

3.3. Potential for Estimating FVC

Based on the promising results for detecting changes in FVC, we want to explicitly
encourage further research in quantifying FVC from MOD21 band 29 emissivity. Therefore,
this paragraph showcases a potential method for estimating FVC from MOD21 band 29
emissivity. While the obtained results are consistent and plausible, stringent validation
needs to be the topic of future research, mainly due to insufficient ground truth data.

Figure 10 shows the FVC estimated with Equations (3) and (4), i.e., with the linear mixture
model (“Linear”) and with the three different cavity terms from Table 5, respectively. The
non-linear model with the cavity term outperforms the linear mixture model, as it accounts
for internal scattering processes, which are prominent in partly vegetated areas, and thereby
avoids FVC overestimation. Since the FVCs determined for the two radiometers via image
classification from field photographs reflect the natural variation in the grass cover in the
proximity of the Wind mast, the two curves “Radiometer 1” and “Radiometer 2” in Figure 10
indicate the uncertainty interval in calculated FVC due to uncertainty in the cavity term. The
uncertainty increases with increasing FVC and decreases again when FVC approaches 1.0.
While the presented approach needs further research, it provides a first estimate that is realistic
according to local site knowledge [24,27], with the most frequent FVC being less than or equal
to 0.1 and the highest FVC of 0.25 during 2011 at the study site Wind (results for using the mean
cavity term). The development of the grass cover can be visualized by calculating the FVC across
monthly mean MOD21 band 29 composites using the mean dε value from Table 5 (Figure 11).
The resulting distribution and gradient of FVC during 2011 from southwest to northeast fits
the local rainfall gradient reported in [12]. To assess the accuracy of the simplified cavity term
by [42] and to validate the proposed method, form parameters of grass populations [41] and
in-situ FVC values must be obtained at multiple locations on the gravel plains—ideally, over the
1 km2 MODIS pixel size—and the cavity term calculated manually.
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Figure 10. (A) FVC as a function of emissivity considering different values for the cavity term (Ra-
diometer 1 and 2, their mean) as well as the linear mixture model (Linear), (B) Frequency distribution
of MOD21 band 29 emissivity (8.55 µm) and (C) Frequency distribution of derived FVC with mean
cavity term. The monthly emissivity time series from 2001 to 2021 at study site Wind is used.
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Figure 11. FVC calculated with Equation (5) and mean dε for the monthly mean emissivity composites
corresponding to the first three photographs in Figure 6. Background: Google Earth image, visible
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4. Discussion

Analyses of MODIS thermal emissivity data over the period from 2001 to 2021 on
the Namib gravel plains show periods and regions of strongly increasing, and afterward
steadily decreasing, band 29 land surface emissivities. Rising emissivity values coincide
with rain events and peaks in the corresponding NDVI time series, and can be linked to an
increase in grass cover on the Namib gravel plains. In the following, we will discuss the
results in the context of vegetation cover change. Effects on LSE other than FVC change are
evaluated and the applicability of the presented findings discussed.

4.1. Results in Context of FVC Change

The lab and in-situ emissivity spectra of the Namib land surface samples fit the MOD21
band 29 retrieved emissivity over the sand dune sea and gravel plains. This supports the
ability to map land cover features of the study area based on its satellite-retrieved spectral
characteristics reported by [23,38]. The low temporal variability of emissivity over the
21-year time series at test site 3 (Dunes) agrees with [21], who found low temporal variations
in MOD21 band 29 emissivity time series for a similar site in terms of mineralogy and
climatology: the Algodones Dunes, California, USA. A possible explanation for the 2%
higher emissivity values after 2011 at test site Dunes in the sand dune sea can be vegetation
growth in interdune sections [23], which seems to be supported by a small increase in
NDVI (Figure 5). Wind-blown vegetation detritus is often trapped in these sections [10].
The observed emissivity dynamics on the gravel plains are in good agreement with results
from other studies. Band 29 emissivity is a function of FVC: low band 29 emissivities (<0.85)
indicate a high fraction of bare soil exposure, whereas higher values (up to 0.961) indicate a
high FVC in the respective MODIS pixel [9,19].

Considering the NDVI time series, the present findings are in good agreement with [43]
who report increasing NDVI values of up to 0.13 after precipitation events during the
growing season in the hyper-arid Heihe River Basin, China. However, such low NDVI
values must be interpreted carefully. Ref. [44] retrieved the reflectance of various substrates
in the laboratory using a LICOR spectrometer and calculated an NDVI of 0.202 for quartzite,
which is not significantly different from the peak NDVI values at the evaluated sites on
the gravel plains. Previous research has classified pixels with NDVI < 0.2 as bare soil,
i.e., the gravel plains would be classified as permanent bare soil [45], leading to errors
in surface energy balance and evapotranspiration models [18]. Emissivity and NDVI are
useful for detecting sudden vegetation growth. However, the NDVI’s rapid decline and
inherent ambiguity make it unsuitable for mapping vegetation cover in arid environments.
Emissivity additionally provides the capability to monitor dry biomass, i.e., the amount of
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desiccated grass on the Namib gravel plains, as it remains elevated for several years, i.e., it
also reflects grass populations that turned dry and grey. Ref. [9] confirmed that inter-annual
changes in vegetation regardless of seasonality are better observed in emissivity data than
in VI data.

In the context of field campaigns on the gravel plains, increases in emissivity and
NDVI can be interpreted as the signal of growing annual grass species combined with
resprouting of perennial species [10,14,46]. The surface response of the Namib gravel plains
to rainfall events is biomass production [11]: rainfall events trigger grass growth, which
increases the FVC and, because of the different material and multi-scattering effects of plant
matter, increases emissivity [19]. This explains why rainfall amount and emissivity change
magnitude are linked, which was shown for the analyzed breakpoints at the study site
Wind. When considering the increasing rain regime toward the northeast and the resulting
higher emissivity change magnitudes and higher FVC, the learned link also fits the other
sites. Spatial and temporal variations in FVC extend over several years and are triggered by
considerable and rare rain events [11]. The time series analysis indicates a spatial gradient
of FVC with increasing values toward the northeast, which agrees with the findings by [11]
and with the known rainfall gradient on the Namib gravel plains [10–12].

Our results suggest that breaks associated with multiple rain events spread out over
several months are detected with greater certainty by the BFAST algorithm than isolated
rain events. Especially for 2011, the 95% confidence interval of the breakpoint is only three
months. This was also noted by [47]. Ref. [10] found that, due to the nutrient limitation of
the Namib, a rainfall event of considerable magnitude only two years after an earlier event
did not cause a comparable response, although the total rainfall was similar (~100 mm).
This finding is a possible explanation for why isolated rain events following the rain
event in early 2011 do not show up in the emissivity time series. Two events caused
increased emissivity values, but BFAST did not detect corresponding breaks in the time
series. This issue could be accounted for by increasing the number of possible breakpoints
(h-value) [47].

4.2. Effects on LSE Other Than FVC Change

The TES algorithm is central to the reliable retrieval of MOD21 emissivities. Generally,
the algorithm works best over semi-arid and arid regions with a considerable fraction of
bare soils and low water content in the atmosphere [48]. This is also where TES emissivities
are most needed since over dense vegetation emissivity is generally well known and
does not vary much [48]. In the following section, possible effects on the emissivity–FVC
relationship will be discussed.

4.2.1. Directional View Angle Effects

MODIS sensors view the locations of interest from east or west. The viewing zenith
angles reach values up to 60◦. An overestimation of the FVC for viewing angles greater than
40◦ must be considered because the radiation emitted by a partially vegetated area is higher
than that emitted by an individual roughness element [4,41]. The anisotropy of MOD21
emissivities over arid regions was investigated by [49]. We tested for directional view angle
effects by limiting view angle observations to less than 15◦. The emissivity values in the
resulting time series did not decrease, nor did the filtering affect the BFAST breakpoints
and their respective change magnitudes. Directional view angle effects can, therefore, be
neglected for the time series analysis, but should be considered for the FVC calculation;
however, temporal resampling and applying a moving median filter considerably decreased
directional view angle effects for the FVC estimation.

4.2.2. Soils and Soil Moisture

Emissivity, particularly in the 8 to 9 µm range, increases with increasing soil moisture
due to water adhering to soil grains and decreasing the reflectance in that region. This
effect is especially relevant in arid regions with sandy soils and low water contents [50].
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Though with a high sensible heat flux and a potential evaporation rate of 3000 mm per year
in the Namib [51], soil moisture cannot be the cause of elevated emissivity values over a
period of multiple months to years. The usefulness of emissivity data is reduced over soils
with a high clay content and low quartz content, since this increases the emissivity in the
8 to 9 µm spectral range. Fortunately, the Namib gravel plains consist of minerals with a
high amount of quartz and little clay and field measurements have shown that emissivity
is highly stable [27].

4.3. Limitations

FVC validation data have been frequently obtained by field sampling [8,52], object-
based image analysis or aerial photographs [18,53]. For our study, in-situ estimates of FVC
were scarce and only available at the two study sites (Wind, Plains). Therefore, we limited
the study to detecting FVC change and assigning FVC classes. This was feasible thanks to
the Namib’s slow vegetation dynamics and field photographs taken at intervals of a few
months to a year. We were able to assign all greening events visible in field photographs at
Wind and Plains to elevated emissivity values; conversely, elevated emissivity values could
be related to FVC changes visible in the field photographs. Nevertheless, by introducing a
method to also obtain quantitative data on FVC from emissivity for the Namib gravel plains
in paragraph 3.3, we want to give a perspective on what will be feasible with additional
in-situ FVC data from field campaigns and photographs.

5. Conclusions and Outlook

In a water- and nutrient-limited ecosystem such as the Namib, knowledge of biomass
distribution is important information. By analyzing time series of emissivity, NDVI and
rainfall we demonstrated how the responses of emissivity and NDVI to rainfall events on
the Namib gravel plains differ. Strong increases in MOD21 band 29 emissivity matched
peaks in NDVI time series and considerable rainfall events of more than 50 mm. After
such rainfall events, NDVI responds to the germination and greening of grass populations
with sharp peaks and, therefore, can be used to detect sudden vegetation growth. Emis-
sivity additionally provides the capability to monitor dry biomass, e.g., the amount of
desiccated grass. The approach was applied to MODIS emissivity time series and yielded
promising results for mapping FVC changes on the Namib gravel plains. FVC change
was also estimated from field photographs and corresponded to changes in MOD21 band
29 emissivity. Spatial patterns of change magnitude fit the regional rainfall gradient and
suggest a relationship between FVC, rainfall amount and emissivity change magnitude. In
this context, our study is the first of its kind as it presents an integrated analysis of FVC
change by analyzing rainfall data, field photographs, NDVI and emissivity time series.
BFAST proved to be a robust change detection instrument and a good choice for identifying
change in time series with negligible seasonality. However, the method could be extended
to include non-linear functions, e.g., to model NDVI decrease in arid environments.

The results presented in this study are promising for FVC estimation in arid envi-
ronments since emissivity does not depend on chlorophyll content, i.e., it is sensitive to
desiccated as well as green vegetation. This is door-opening for a new methodology to
calculate FVC from emissivity, which we outlined in Section 3.3. Furthermore, developing a
relationship between MODIS emissivity and FVC holds, in our opinion, great potential for
its simplicity and availability of MODIS emissivity data. Validation of the estimated FVC
and its spatial patterns requires additional in-situ data, which will also allow investigation
of the link between emissivity and FVC in more detail. In-situ FVC data and information
on species distribution will be of great value to understanding the unique responses of
annual and perennial species to rain events on the gravel plains. Finally, time series of
data from thermal sensors with higher spatial resolutions, e.g., ECOSTRESS onboard the
International Space Station, would allow extending the approach to regions that are less
homogeneous than the Namib gravel plains.
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