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Abstract: According to the Intergovernmental Panel on Climate Change, the Horn of Africa is getting
drier. This research aims at assessing browning and/or greening dynamics and the suitability of
Sentinel-2 satellite images to map changes in land cover in a semiarid area. Vegetation dynamics
are assessed through a remote sensing approach based on densely vegetated areas in a pilot area of
North Horr Sub-County, in northern Kenya, between 2016–2020. Four spectral vegetation indices are
calculated from Sentinel-2 images to create annual multi-temporal images. Two different supervised
classification methods—Minimum Distance and Spectral Angle Mapper—are then applied in order to
identify dense vegetated areas. A general greening is found to have occurred in this period with the
exception of the year 2020, with an average annual percentage increase of 19%. Results also highlight
a latency between climatic conditions and vegetation growth. This approach is for the first time
applied in North Horr Sub-County and supports local decision-making processes for sustainable
land management strategies.
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1. Introduction
Continuous desertification processes in the Great Horn of Africa create serious concern
for the future suitability for human livelihood in the area. Land degradation in Arid and
Semi-Arid Lands (ASALs) entails “the reduction and loss of the biological and economic
productive capacity of land” [1]. Climatic and direct or indirect human-induced processes,
including climate change, are responsible for these negative trends [ibid.]. Erosion, wildfire,
saline soils, increasing temperature, low water availability and invasive plants are examples
of land degradation drivers [2,3]. Further contributions to desertification are institutional,
policy and socio-economic drivers, such as insecure land tenure and lack of property
rights [4–6].
In Kenyan ASALs, land degradation is menacing the livelihood of these areas. Low
rainfall only supports the widespread shrub vegetation and seasonal grassland, since
the climate is too extreme to support large woody plants [7]. These drylands areas are
traditionally devoted to extensive grazing for livestock, though the variability of dry
seasons represents a constraint [7] and for which it is necessary to provide a grazing
plan [8]. However, uncontrolled grazing, cutting of trees for fuel practices as well as
climate change are exacerbating environmental degradation, reducing livestock productivity [9,10], threatening the disappearance of some native species how it is occurring in
other countries [11–13] and thus causing poverty [2,4]. The pressure on natural resources is
threatening the sustenance of livestock, which is pivotal to support the growing population
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of nomadic pastoralists. In the 1980s, projects encouraging agroforestry practices promoted
the planting of shrubs and trees to increase the vegetation cover in eastern ASALs [14–16].
Non-indigenous vegetation species were introduced for the first time in Kenya [7,17,18]
with different ecological and economic functions [19] resulting in divergent effects. Nowadays, to halt and reverse the current trend of land desertification and degradation, there
is an urgent need to enhance mapping of degraded lands, as required by the Sustainable
Development Goals [20].
Among different methods for studying and monitoring land degradation, remote
sensing approach provides a cost-effective and time efficient evaluation [21,22]. Moreover,
it is generally used to determine the land cover over extensive areas and retrieve time series
of optical remote sensing data. Different available techniques and indices are reviewed
by [21,23].
In Africa, over 70% of all phenological studies are satellite-based remote sensing
phenological estimates [23]. In fact, these approaches are effective in retrieving detailed
spatial patterns of vegetation phenology for semi-arid rangelands with short vegetation
cycles [24–26], and in detecting invasive plants [27–29]. Moreover, the use of vegetation
indices, which have become increasingly important, enhances the potential of the remote
sensing approach in this field [29,30].
Observed trends of land cover changes and land degradation in Kenya have conflicting findings. An assessment of land degradation, based on the use of Normalized
Difference Vegetation Index (NDVI) derived from Advanced Very High Resolution Radiometer data and the use of high-quality satellite data from Moderate Resolution Imaging
Spectroradiometer (MODIS), evaluated the net change within each cover class. Results
show that the net gainers were grasslands (32%) and woodlands (3%), while the net losers
were bare land (32%), shrubland (24%) and forests (23%) [21]. Studies on the distribution of
land degradation show that the Eastern parts and North Eastern parts of the country [9,31]
are the most hit. Using the MODIS sensors, declining NDVI and browning trends were
also found in Marsabit County [31,32]. By contrast, although a general browning trend
(21.6%) is occurring in the country, Gichenje and Godinho [33] proved that 8.9% of Kenya,
in particular the Turkana district, experienced a greening between 1992 and 2015.
In light of the non-consistent existing literature, from which emerges conflicting
findings, the assessment of desertification processes and greening dynamics at a local
level is necessary. This work presents the results of the monitoring of the spatial and
temporal distribution of the most densely vegetated areas near North Horr city. Due to the
remoteness of the area, a satellite-based remote sensing approach was employed. Freely
available Sentinel-2 images for the period 2016–2020 were used for the computation of
common spectral vegetation indices. A supervised classification was applied, based on the
local annual vegetation phenology. The aims of the monitoring were the identification of
the ongoing greening or browning dynamics in the area through the use of satellite derived
spectral indices and the assessment of the potentiality of Sentinel-2 to monitor land cover
in ASALs. The outcomes will be used as a guideline for the sustainable logistic planning of
monitoring activities in the area, resulting in targeted field surveys.
This study was conducted in the framework of an international cooperation project
that aims to improve the human, animal and environmental health (https://www.who.
int/news-room/q-a-detail/one-health (accessed on 11 November 2021)) in North Horr
Sub-County.
The Section 2 describes in detail the methodology adopted, while Section 3 presents
the main results of the analysis. In Section 4, the results of the classification process
are discussed in relation to the climatic information elaborated for the area. Finally, the
main outcomes of this research together with suggestions for further investigation are
summarized in the Conclusion (Section 5).
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and drought period of each year. This was possible by means of the observation of the
vegetation vigorousness and of the level of flooding of the Chalbi desert, through the visual
interpretation of satellite images. The need for cloud free images for the analysis, which are
not frequent during rain seasons, made impossible to find more than one representative
images for those seasons for each year. Moreover, a choice of consistency between the
different years’ datasets led to the decision of basing the analysis on the same number of
images for each year. The complete dataset is described by Table 1.
Table 1. Description of the Sentinel-2 images dataset used for the analysis.

2016
2017
2018
2019
2020

First Dry Season

Long Rains Season

Second Dry Season

Short Rains Season

14 February
28 February
13 February
30 March
8 April

14 May
19 May
4 May
9 May
13 May

21 September
27 August
22 August
27 August
31 August

10 December
20 November
25 December
20 December
24 November

For each image, three spectral bands that are commonly used for vegetation indices
analysis [45,46] were selected:

•
•
•

The band number 4 (b4), centered on 665 nm of wavelength and corresponding to the
visible red, with a spatial resolution of 10 m;
The band number 5 (b5), centered on 705 nm of wavelength and corresponding to the
Vegetation Red Edge, with a spatial resolution of 20 m;
The band number 8 (b8), centered on 842 nm of wavelength and corresponding to the
Near Infrared, with a spatial resolution of 10 m.

2.2.2. Ground Truths
The ground truths information is based on a fieldwork survey carried out during
august 2019. It is constituted by seven polygons covering in total 0.365 km2 of the most
vegetated areas based on GPS points. The result of the survey was validated through the
comparison with the 0.5 m resolution Worldview-2 image acquired on the 17th December
2019, accessed through ArcMap base map imagery function. This validation was intended
to assure that the field constraints, caused by the difficulty to penetrate the high dense
vegetation, hadn’t affected the quality of the data collected.
2.2.3. Meteorological Data
The source of the temperature and precipitation monthly series used in the analysis is the
ERA5 reanalysis dataset from the European Centre for Medium-Range Weather Forecasts [47].
The monthly averaged data on single levels version was used, for the period 1990–2020,
provided by the Climate Data Store of the Copernicus program. The closest point to the center
of the area of study was chosen from the gridded dataset (3.28◦ N; 37.12◦ E).
Marked inter annual variability is observable between 1990 and 2020. This variation
depends largely on the precipitation occurring outside the traditional boundaries of the
rain seasons (MAM and OND). The mean monthly temperature varied between 28 ◦ C and
33 ◦ C. In general, the mean temperatures tend to be higher in the first six months of the
year (from January to June) and decrease in the second semester (from July to December).
The climatic features described are summarized by Figure 2.
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Figure 4. Schema of the creation process of the annual multi-temporal images, from original Sentinel-2 images to the final
composite indices images. The process represented refers to one year of analysis and is therefore replicated for each year.
composite indices images. The process represented refers to one year of analysis and is therefore replicated for each year.

2.3.4. Supervised Classification
2.3.4. Supervised Classification
This step was carried out with the ENVI software. After having tested different
This step was carried out with the ENVI software. After having tested different susupervised classification methods, the Minimum Distance (MD) method was chosen for
pervised classification methods, the Minimum Distance (MD) method was chosen for the
the NDVI, the NDRE and CCCI indices, while the Spectral Angle Mapper (SAM) method
NDVI, the NDRE and CCCI indices, while the Spectral Angle Mapper (SAM) method was
was chosen for the images derived from the combination of the three. One class was
chosen for the images derived from the combination of the three. One class was used for
used for the classification, corresponding to the perennial vegetated areas, represented by
the classification, corresponding to the perennial vegetated areas, represented by seven
seven ROIs described in Section 2.3.1. A distance from the mean of six times the standard
ROIs described in Section 2.3.1. A distance from the mean of six times the standard devideviation was used as input parameter of the MD, while 0.5 radians angle was used as
ation was used as input parameter of the MD, while 0.5 radians angle was used as input
input
parameter
the SAM.
parameter
for thefor
SAM.
2.3.5. Outputs Surface Analysis
2.3.5. Outputs Surface Analysis
The surface classified as dense vegetation was calculated for each year for each index
The surface classified as dense vegetation was calculated for each year for each index
and analysed. Moreover, for each original Sentinel-2 image, the pixels were graded from 0
and analysed. Moreover, for each original Sentinel-2 image, the pixels were graded from
to0 to
4 depending
onon
the
number
4 depending
the
numberofofsupervised
supervisedclassifications
classificationsindicating
indicatingtheir
theirbelonging
belonging to
to the
perennial
vegetation
areas.
For For
example,
if a ifpixel
hadhad
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vegetated
the perennial
vegetation
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example,
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been
identified
densely
vegby
the
supervised
classifications
based
on
the
NDVI
and
NDRE
spectral
indices,
but
not by
etated by the supervised classifications based on the NDVI and NDRE spectral indices,
the supervised classifications based on the CCCI and NNC, it was assigned a grade 2.
Only the pixels graded as 3 or 4 were selected and the results of this modal aggregation
for the different years were compared.
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2.3.6. Accuracy Validation
The accuracy of the classification performed was assessed in order evaluate the degree
of agreement between classified images and reality. The classification accuracy was assessed
based on the well-established confusion matrix method [51–53] following the three steps of
(1) sample design, (2) sample labelling, (3) accuracy estimation [54]. The confusion matrix
provides the key information of the correspondence between map and field data and allows
estimating accuracy parameters: Overall Accuracy, User’s Accuracy, Producer’s Accuracy
and Kappa coefficient [55,56]. The sample design strategy is based on stratified random
sampling based on high resolution satellite images. Random points were created in the
AOI following the rule of thumb of Congalton [57]: 200 in the whole area and 50 in the
densely vegetated areas, for a total of 250 sampling points. The step of sampling labelling
is based on the visual interpretation of high-resolution satellite images. The high-resolution
Worldview-2 image acquired on the 17 December 2019, freely accessed through ArcMap
base map imagery function, was used. Each point was classified as “densely vegetated”
or “not densely vegetated” through the visual interpretation of the Worldview-2 image.
The classification of the samples was then compared with the result of the supervised
classifications for the Sentinel-2 pixel. The procedure was applied for the CCCI, the NDVI,
the NDRE and the NNC indices for the year 2019. The same procedure was applied to the
2019 modal aggregation map, by considering the image pixel with grade 3 or 4 as classified
as “densely vegetated”.
The accuracy estimations of the confusion matrix for each index were calculated.
2.3.7. Outputs Comparison with Climate Series
The results were finally compared with the precipitation and the temperature seasonal
trends for the last 10 years, in order to investigate the relationship between the vegetation
expansion and the climate annual variation.
3. Results
3.1. ROIs Elaboration
The elaboration of the ground truth information led to the identification of seven
9 of 19
the dense vegetated areas (see Figure 5). They identify perennial
vegetation surfaces, which maintained their cover from 2016 to 2020.
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3.2. Multitemporal Indices Classification
The supervised classification of the multi-temporal annual indices images, based on
the ROIs, resulted in 20 outputs, four for each analysed year: one classification output for
the NDVI, one for the NDRE, one for the CCCI and one for the NNC. The outputs are
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3.2. Multitemporal Indices Classification
The supervised classification of the multi-temporal annual indices images, based on
the ROIs, resulted in 20 outputs, four for each analysed year: one classification output for
the NDVI, one for the NDRE, one for the CCCI and one for the NNC. The outputs are
illustrated by Figures 6 and 7.

1

Figure 6. Results of the MD supervised classification for the multi-temporal NDVI and NDRE images.
For each index, changes over time of the perennial vegetate areas are visible.
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Figure 7. Results of the MD supervised classification for the multi-temporal CCCI and of the SAM
supervised classification for the NNC images. Reading the figure vertically, changes over time of the
perennial vegetate areas are visible.

3
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Figure 7. Results of the MD supervised classification for the multi-temporal CCCI and of the SAM
supervised classification for the NNC images. Reading the figure vertically, changes over time of
the perennial vegetate areas are visible.
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Figure 9. Historical variation of the surface classified as perennial vegetation for each index and for
Figure 9. Historical variation of the surface classified as perennial vegetation for each index and for the combination of
the combination of the three indices.
the three indices.

3.4. Results Validation
The results of the validation are summarized in Table 2.
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3.4. Results Validation
The results of the validation are summarized in Table 2.
Table 2. Results of the validation process carried out on 250 random points in the AOI for the year 2019. For the modal
aggregation map, the pixel classified as densely vegetated for at least 3 indices were considered.
Parameters

NDVI

NDRE

CCCI

NNC

Modal Aggregation

Overall accuracy
Producer’s accuracy (densely vegetated)
User’s accuracy (densely vegetated)
Producer’s accuracy (not densely vegetated)
User’s accuracy (not densely vegetated)
Kappa coefficient

0.95
0.92
0.91
0.96
0.97
0.95

0.93
0.84
0.93
0.97
0.93
0.82

0.90
0.77
0.88
0.95
0.91
0.75

0.94
0.88
0.92
0.97
0.95
0.86

0.94
0.85
0.94
0.98
0.94
0.85

The overall accuracy exceeds 90% for all the indices showing a good agreement
between the classified pixels and the reality, therefore always greater than the United State
Geological Survey standard of 85% [58]. In general, producer and user’s accuracy for the
two classes are satisfying. However, the NDVI show the overall best performances. The
producer’s accuracy values of the densely vegetated class for the CCCI, NNC and modal
aggregation indices (0.77, 0.88, 0.85, respectively) show that some areas were omitted from
this class and were wrongly classified as not densely vegetated areas. The related values
for user’s accuracy are higher, showing low commission error. Therefore, the densely
vegetated areas do not include pixels from not densely vegetated areas. This pattern may
lead to marginal underestimation of densely vegetated areas when using CCCI, NNC and
modal aggregation indices.
The Kappa coefficient evaluates the accuracy of the classification compared to values
assigned by chance, thus taking into account the possibility that the samples are mapped
correctly by pure chance. In this case the high positive values show a very good accuracy
for all the indices except for CCCI. The Kappa coefficient results confirm that NDVI index
performs better than the other indices.
In conclusion, the overall accuracy of the supervised classification is adequate to the
aim of the analysis.
4. Discussion
Results from the multi-temporal indices classification show that there is a consistency
in the areas classified as perennial vegetation by each index. The validation supports
the significance of the results obtained for all the indices, but in particular for NDVI
index; this confirms that NDVI is suitable for land cover assessment in semiarid areas,
as found by [48,49]. In general, a vegetation increasing from 2016 to 2020 was observed.
Figures 6 and 7 show that for each year—reading horizontally—the indices roughly classify
the same area as perennial vegetation. However, NDVI and NDRE indices classify the
smallest perennial vegetation area, while CCCI and NNC indices classify the largest. These
observations are confirmed by the historical variation for each index in Figure 9. The
NDVI and NDRE indices (magenta and cyan lines) are generally lower than CCCI and
NNC indices (green and yellow lines) throughout the years. Figures 6 and 7 also show
that—reading vertically—according to each index there was an expansion of the vegetated
areas. Nevertheless, the area classified as perennial vegetation in 2019 is greater than in
2020. This is probably due to precipitation patterns occurred in 2019 (Figure 2a). The
short rain season of 2018 was followed by a long rain season that was drier than normal in
2019. The prolonged drier period coupled with the phenomenon of erratic rain patterns
inhibited the regular growth of the vegetation. This expansion is confirmed by Figure 8,
which shows the modal aggregation i.e., the area classified as perennial vegetation by at
least 3 or 4 classification methods for each year (75–100% of probability). In this figure, it is
possible to observe the enlargement of the vegetation from its initial area in 2016 (yellow
area) by superimposition of the years. As expected, along the dense vegetated area in the
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western part, new vegetation appeared in 2017 (blue area), in 2018 (magenta area) and in
2019 (green area). The year 2019 represents the peak of maximum expansion. By contrast,
the area in light blue, corresponding to the year 2020, is hardly visible as the dry conditions
in 2019 influenced the vegetation growth. In the tropics and specifically in the ASALs,
rainfall is the dominant factor affecting vegetation greenness [59]. Although the growth
of herbaceous vegetation follows precipitation pattern, the green-up of woody and shrub
vegetation shows a delay in time as assessed by [60]. This result allows to interpret the
latency between climatic conditions and vegetation growth. In the year 2021 the vegetation
will probably increase, based on the abundant precipitation received in the area in 2020 and
on an above-normal rainfall during the long rains season in March-April-May 2021 [61].
The relation between precipitation and vegetation dynamic is evident, while temperatures
show less influence. appears. Even if temperature ranges, along with continuous water
availability, are important for plant germination, they appear not to be directly involved in
inter-annual vegetation dynamics.
The results of this study assesses the changes in land cover from 2016 to 2020. However,
limits linked to the resolution of satellite images prevent the detection of changes in the
biodiversity of plant communities connected to the greening. The greening observed in the
area of study, in fact, is likely due to the encroachment of alien species, as confirmed by
local sources (personal communications).
Invasive species impact the livelihood of pastoral communities in ASALs encroaching
pastures [62], invading riverine plains restricting access to water in dry conditions [25], impoverishing soil quality [63], posing health threat to animals if eaten (when poisonous) [64],
enhancing conflicts between pastoralist groups for resource grabbing [65,66]. In North
Horr Sub-County, among the alien species introduced, Prosopis juliflora is nowadays the
most commonly found in dense vegetated areas. Many studies have focused on the original areas of introduction of the plant near Lake Turkana and Lake Baringo [17,67–69]
assessing its spread and its presence is confirmed also in Marsabit County [62,70,71]. Other
invasive species found in the area are Calotropis Procera [72] Solanum species [73], Opuntia
species [25,74]. The intended benefits of the introduction of alien species for greening
purposes have been counteracted by their adverse impacts on the ecosystems and pastoral
communities. Due to the presence of these alien species, the general greening observed
can be associated to desertification processes linked to changes in species composition
and shrub encroachment [75–77]. The pauperization of native-species is an indicator of
weak health [8] in the ecosystem, caused by the reduction of species richness and by the
decrease of woody plants in favor of bush and shrub [76,78,79]. Biodiversity reduction
causes the loss of different ecosystem services and, thus, is considered a form of land
degradation [2,80,81].
In a second phase, the assessment of the presence of alien species might be validated
in situ through the support of local staff and citizen science activities, as already performed
for similar projects. In this way, due to the remoteness and wideness of the area, it is
possible to carry targeted and effective monitoring activities.
5. Conclusions
This study based on Sentinel-2 satellite images confirms the existence of a greening in
the ASALs of northern Kenya.
The methodology used in this study assessed vegetation dynamics in areas with scant
data issues and problems of access by using a remote sensing approach. A validation
procedure based on the visual interpretation of high-resolution satellite images was also
proposed to cope with the lack of high-quality ground-truth information. Thanks to freely
available data, relations were found between the diffusion of perennial vegetation and
meteorological conditions and were also discussed.
However, local information sources and studies in surroundings areas suggest the
ongoing encroachment of alien species in the area. The vegetation increasing, therefore,
could be linked with a loss of biodiversity, especially the vegetation species that constitute
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a resource for the local people. For this reason, the results of this study might be used to
support targeted field analysis in the areas characterised by ongoing greening processes
for assessing the composition of plant communities.
In addition, the results of this work confirm the suitability of Sentinel-2 images for
vegetation analysis in scant data contexts in arid and semi-arid areas. However, although
Sentinel-2 images represent a valid support tool to understand and monitor land cover
changes taking place in the area, higher resolution images would help in assessing the
presence of some selected species.
The results of this study greatly support the local decision-making processes to tackle
the issues connected to the changes in land cover. The success of this method, moreover,
sets the basis for future research that focuses on citizen science activities in remote locations
by facilitating the identification of the areas that need to be monitored in situ.
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