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ABSTRACT
Extensive land transformation leads to habitat loss, which directly
affects and fragments species habitats. Such land transformations
can adversely affect fodder availability for bees and thus colony
strength with consequences for rural communities that use bee
keeping as a livelihood option. Quantification of the landscape
structure is thus critical if the linkages between the landscape
and honey bee colony health are to be well understood. In this
study, a random forest algorithm was used on dual-polarized
multi-season Sentinel-1A (S1) synthetic aperture radar (SAR) and
single season Sentinel-2A (S2) optical imagery to map honey bee
habitats and their degree of fragmentation in a heterogeneous
agro-ecological landscape in eastern Kenya. The dry season S2
optical imagery was fused with the S1 data and class-wise map-
ping accuracies (with and without radar) were compared.
Relevant fragmentation indices representing patch sizes, isolation
and configuration were thereafter generated using the fused
imagery. The fused imagery recorded an overall accuracy of 86%
with a kappa of 0.83 versus the SAR imagery only, which had an
overall accuracy of 76% with a kappa of 0.68. However, the S1
imagery had slightly higher user’s and producer’s accuracies for
under-represented but important honey bee habitat classes, that
is, natural grasslands and hedges. The variable importance ana-
lysis using the fused imagery showed that the short-wave infrared
and the red-edge waveband regions were highly relevant for the
classification model. Our mapping approach showed that fusing
data generated from S1 and S2 with improved spectral resolution,
could be effectively used for the spatially explicit mapping of
honey bee habitats and their degree of fragmentation in semi-
arid African agro-ecological landscapes.
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1. Introduction

A major contributor to the reported decline in pollinator species is changes in land use
and land cover (Goulson et al. 2008; Aizen and Feinsinger 2015; Potts et al. 2016)
whereby changes in landscape configuration are thought to be the main causes of the
decline of pollination services within agricultural systems (Viana et al. 2012)
Anthropogenic activities have drastically altered the natural habitat through fragmentation
and degradation of the environment leading to destruction and the emergence of new
man-made habitats which ultimately influence pollinators, their preferred plants as well as
their interactions at all scales (Kremen et al. 2007).

The loss of natural habitats as well as habitat fragmentation poses a threat to bee pop-
ulations, particularly because of land transformation for agricultural expansion (Vaudo
et al. 2012). This directly contributes to removing the natural bee habitat, also fragments
and therefore isolates the land in which the honey bees travel across and forage on
(Cane and Tepedino 2001). Also, it is found that habitat fragmentation can reduce gene
flow among bee populations, which leads to a reduction of genetic diversity within the
populations and, therefore, increased inbreeding (Kremen et al. 2007). Further, in the
case of honey bees, habitat fragmentation could lead to nutritional deficiency since
the flora in the habitat provide nectar and pollen which are food source for the bees,
thereby habitat fragmentation can affect the survival rates for both the adult bees as well
as the brood (i.e. bee larva; Naug 2009). Therefore, there is a need for landscape habitats
and fragmentation variables that could be explicitly related to honey bee health, diversity,
foraging behaviour and other honey bees’ nutritional, biological and ecological
related needs.

The increasing availability of earth observation data with high spatial and temporal
resolutions have a vast potential to map landscape habitat zones that are more relevant
to pollinators such as hedges and residual pockets of natural vegetation, (Hansen and
Loveland 2012; Malenovsk�y et al. 2012). Earth observation data, that are commonly
more cost-effective over wider areas than on-site field survey, can also be effectively uti-
lized to assess landscape fragmentation in semi-transformed landscapes at finer scales
(Kerr and Ostrovsky 2003; Stratoulias et al. 2015). Moreover, earth observation products
like normalized difference vegetation index, leaf area index and fraction of photosynthet-
ically active radiation are increasingly being used to study and map landscape ecological
processes and patterns (Galbraith et al. 2015). Whereas earth observation optical sensors
have been the major source of land cover and land structure information, including
landscape classes and fragmentation for several decades (Laurin et al. 2012), certain
issues can affect the ability of these optical sensors to provide comprehensive and quality
data throughout the seasons. For instance, tropical regions suffer from persistent cloud
cover during the rainy seasons (Laurin et al. 2012) and that affects the ability of the
optical sensors to capture cloud-free data of good quality. Synthetic aperture radar (SAR)
has in recent times emerged as an important data source system which enables mapping
of landscape classes and assessing their level of fragmentation even when atmospheric
conditions are unfavourable, due to the ability of SAR data to penetrate clouds
(Lehmann et al. 2012) as well as independence to sun-induced reflection (H€utt et al.
2016). Whereas SAR satellite systems present a wide variety of selectable configurations
(polarization, the incidence angle, and spatial resolution), optical systems only operates
in a single configuration imaging mode (H€utt et al. 2016). However, the improved spec-
tral configuration of the relatively newer optical sensors in critical waveband regions
such as the red edge showed an improved model performance for mapping landscape
classes in semi-arid regions (Schumacher et al. 2016; Li et al. 2017). Likewise, several
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studies reported improved accuracies for mapping landscape classes by adopting syner-
gistic approaches involving SAR and optical sensors, with various fusion algorithms.
Torbick et al. (2017) fused Landsat 8 OLI, PALSAR and Sentinel-1A (S1) images for
land use/land cover (LULC) mapping in Myanmar, and found that very high overall as
well as kappa accuracies resulted from the fusion of these datasets. On the other hand,
Clerici et al. (2017) and Chatziantoniou et al. (2017) fused S1 and Sentinel-2A (S2)
images for LULC and wetland mapping, respectively and reported improved LULC and
wetland mapping accuracies as a result of integrating S1 and S2 data sets.

In Africa, landscape heterogeneity caused by a mixture of overlapped LULC classes,
increases the complexity and difficulty of mapping fine-scale honey bee habitat zones.
Habitats like hedges, grasslands or their transition zones, semi-natural and natural vege-
tation pockets are all important for honey bees, particularly because they provide pol-
lens and nectar during different time of the season. In addition, Some of these habitats
and their fragments like small and large forest fragments are critical to the survival of
the bees, while others like hedges act as corridors for the movement of the bees and
prevent isolation of the natural habitat patches by improving the connectivity of these
patches (Brosi et al. 2007; Krewenka et al. 2011). Therefore, the ability to accurately
map these landscape habitats enables the analysis of the degree of landscape fragmenta-
tion, which then gives an indication of landscape integrity and suitability for honey
bees well-being (Brosi et al. 2007).

On the other hand, studies have also looked at the possibilities of using spatial model-
ling approaches to assess the impact of the surrounding habitats on the status of bees’
health. For instance, Koh et al. (2016) estimated an index of bee abundance across the
coterminous United States and found that areas surrounded by intensive agricultural sys-
tems had the lowest bee abundances. Further, Olsson et al. (2015) modelled pollinating
bees’ visitation behaviour in heterogeneous landscapes using both the Lonsdorff and the
Central Place Foraging (CPF) models. The study showed that the well-being of the bees
was negatively correlated with the distances that they would have to travel to access qual-
ity foraging resources.

To the best of our knowledge, no comprehensive mapping of honey bee habitats
and their fragments has been carried out in agro-ecological landscapes in semi-arid
Africa. Sande et al. (2009) assessed the levels of honey production with an increasing
isolation from forested areas. However, this study measured only the distance from
‘forest’ and did not use earth observation methods, which consider the entire land
cover characteristics especially the configuration and composition of the landscapes.
Agro-ecological landscapes in Africa are typically a mosaic of residual pockets of near-
to natural vegetation and croplands. Moreover, agro-ecological landscapes are rapidly
changing due to land transformation processes (Hooke and Mart�ın-Duque 2012). In
this study, the recently available optical and SAR Sentinel imagery from the European
Space Agency (ESA) were utilized for their potential to provide fine-scaled spatial infor-
mation feeds on land cover/use classes (features) and landscape fragmentation metrics
relevant to honey bees colony strength. Specifically, we explored the use of S1 SAR
data, S2 optical data and fused S1–S2 data together with advanced machine learning
random forest classification algorithm for mapping honey bee habitats and their frag-
mentation status in agro-ecological landscapes in eastern Kenya. This synergistic land-
scape habitat mapping approach is unique since it makes use of the imaging
capabilities of the S1 SAR data and the particular spectral characteristics of the S2 data
(Adamo et al. 2013).
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2. Methods

2.1. Study area

The study region lies in Mwingi sub-county (an important honey bee keeping area)
within the greater Kitui County, in the eastern part of Kenya (Figure 1), �150 km towards
the north east of Nairobi. The region exhibits a semi-arid climate with a bimodal rainfall
pattern. The long rainy season occurs between March and May and the short but more
reliable rainy season occurs between October and December (Ngugi 1999). The annual
average rainfall in the Mwingi study region ranges between 500 and 700mm whereas the
mean temperature ranges between 15 and 31 �C. Six study sites were chosen as honey bee
apiary locations within the study region, and are within an extent of �3773 km2.

The six study sites were selected for honey bee apiary placement based on three ‘land
degradation severity’ gradients, typical for the study region (Figure 1) related to the abun-
dance and proportion of natural vegetation in each site. The ‘land degradation severity’
gradients were predefined from field observations that revealed extensive land degradation
in varying degrees, particularly increasing in the south eastern parts of the study area: (1)
An abundance of natural vegetation characterizes the two ‘least-degraded’ sites (Mumoni
and Kathiani), (2) the two ‘mixed cropland and natural vegetation’ sites (Kasanga and

Figure 1. Location of the study region in Kenya (left) and the three ‘land degradation severity’ areas, indicated as
ellipsoids. The green, orange, and red shades show low, medium, and high elevation, respectively (http://dds.cr.usgs.
gov/srtm/).
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Itiva Nzoo) consisted of cropland interspersed with natural trees and (3) the two
‘degraded’ sites (Nguni and Imba) were composed of very little near to natural vegetation.
Overall, agricultural activities have produced markedly fragmented landscapes in the
region, and illegal logging activities are carried out for charcoal burning purposes. The
diversity and heterogeneity of available landscapes within Mwingi provided a suitable
environment in which to carry out the study, since the specific effects of the habitat on
honey bees can be elucidated in addition to the fact that the Mwingi region is a
traditional bee-keeping area.

2.2. Satellite data acquisition and pre-processing

2.2.1. Sentinel-1A
S1 imagery for the study region was acquired from the European Space Association (ESA)
Copernicus Open Access Hub (ESA 2017). The S1 platform follows a Sun-synchronous,
near-polar, circular orbit at a height of 693 km and a repeat cycle of 12 days at the equa-
tor (Torbick et al. 2017). S1 C-band SAR images, in ascending orbit with incidence angle
between 20� and 45� were acquired in the interferometric wide swath (IW) mode with a
single look 250 km swath at a ground range of 5m by 20m (Torres et al. 2012). The
acquisition was carried out for two key periods that corresponded to the key vegetation
phenological seasons in the Mwingi region, which were on the 10 September 2015 (peak
dry season) and on the 9 December 2016 (peak short rainy season). S1 images were dual
polarized in vertical transmit and vertical receive (VV) and vertical transmit and horizon-
tal receive (VH) mode. The pre-processing procedures consisted of the standard SAR rou-
tines, including radiometric calibration, S1 terrain observation with progressive scans
deburst and terrain correction as well as resampling to 10m spatial resolution using
Range-Doppler correction method with 90m elevation data from the shuttle radar topo-
graphic mission digital elevation model (Jarvis et al. 2008). All pre-processing was done
within the Sentinel application platform (SNAP) software (European Space Association
[ESA] 2017). Both images were subset to the extent of the study sites and then stacked
together into one image comprising the four dual polarized bands (i.e. two for each acqui-
sition date).

2.2.2. Sentinel-2A
A single-season top-of-atmosphere S2 level 1 C image for the dry season (30 August 2016)
was acquired from the ESA Copernicus Open Access Hub (European Space Association
[ESA] 2017). The S2 sensor carries a multispectral imager with a swath width of 290 km
together with 13 spectral bands in the visible, near infrared, red edge and shortwave infra-
red parts of the spectrum (European Space Association [ESA] 2017). All the available S2
imagery for the study region specifically during the wet seasons (March to May and
October to December) from the years 2015 to 2017 had very high levels of cloud cover
(above 30%) and hence were deemed unsuitable for use in this study. Thus, only one dry
season S2 image could be pre-processed and used in this study. The S2 image was atmos-
pherically corrected using the Sen2cor module within SNAP and then subset to the study
area extent. All bands were then re-sampled to 10� 10m pixel size using the bilinear
interpolation method to achieve the same resolution across all the bands and to have the
same resolution as in S1 imagery. Bands 1, 9 and 10 (coastal aerosol, water vapor and cir-
rus, respectively) were excluded altogether from the analysis.
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2.2.3. S1 and S2 data fusion
Earth observation systems capture spectral data in different portions of the EMS like the
optical and SAR systems provide complementary spectral data. Hence, fusing S1 SAR and
S2 optical data sets offers additional information that are necessary for accurately map-
ping and delineating landscape features that are, for instance, important honey bee habi-
tats (Kuchma 2016; Sandberg 2016). Specifically, the concept of image fusion refers to the
process of acquiring and synergistically integrating information which originates from dif-
ferent image sources to derive more information from a composite image (Simone et al.
2002; Amarsaikhan et al. 2007; Brahmbhatt and Makwanna 2013).

In this study, the dual polarized and stacked S1 imagery for the two seasons were fused
with the single season S2 image using the collocate tool in the SNAP 5.0 tool, following a
pixel-to-pixel fusion approach (Pohl and Van Genderen 1998). In the fusion process, the
band data of the S1 images were resampled onto the geographical raster of the S2 using
the bilinear interpolation method, whereby the geo-position of the master raster (S2) was
used to find the corresponding position of the slave raster (S1 composite). All the compo-
nents of the master and slave rasters were copied, but only the metadata for the master
raster were transferred.

2.3. Mapping honey bee habitats in a landscape scale

2.3.1. Reference data collection
Four classes that were deemed relevant for honey bee habitats and representative for the
study area landscape were identified: woody natural vegetation, natural grasslands, hedges
and cropland. In addition, three other landscape classes, viz, water bodies/bare soil, built-
up/rock which were in the study area were identified and sampled as reference classes to
avoid the confusion between these classes and some of the honey bee habitats. The water
bodies/bare soil classes were combined because the rivers in the area are seasonal and
reflect the same as bare soil, while the built-up/rock classes were also combined for the
same reason. The croplands were separated into ‘cropland-on’ and ‘cropland-off’ catego-
ries to be able to map ‘in or out of the growing season’ crops, but were later combined
after classification into one ‘cropland’ class. The training signature reference data for the
classification were collected from a Google Earth platform with a high spatial resolution
image that captured on 15 June 2016. A random sampling approach was followed to col-
lect the training signature reference data across the study area, whereby a total of 456 pol-
ygons (n¼ 1946 pixels) were selected as training samples. These were distributed as 160
polygons (n¼ 173 pixels) for hedges class, 103 polygons for built-up/rock class (n¼ 276
pixels) and 30 training polygons for each of the woody vegetation (n¼ 616 pixels), water
bodies/bare soil (n¼ 340 pixels), ‘cropland-off’ (n¼ 185 pixels), ‘cropland-on’ (n¼ 115
pixels) and grasslands (n¼ 240 pixels) feature classes (Figure 2). Since the hedges and
built-up/rock features are fine-scaled features as compared to other classes, we sampled
more polygons to increase the representation of their signature in the classification experi-
ment. The sample training classes were dispersed randomly across the landscape gradients
to enable the collection of robust and representative training as well as validation datasets.
The reference data were divided into two parts: training set (70%) and a validation set
(30%) based on a recommendation by (Adelabu et al. 2015).

2.3.2. Random forest (RF) classification
The RF classifier (Breiman 2001) was performed to map the honey bee habitats in the
study area using S1, S2 and fused S1–S2 imagery. RF was used in this study since it is a
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flexible, efficient and powerful non-parametric machine learning algorithm that is robust
against over-fitting, outliers and can handle thousands of input variables (Breiman 2001;
Horning 2010). Additionally, RF is a very straightforward classification method since it
mainly requires setting of only two parameters. These are the randomly selected number
of variables used to split each decision tree in the forest at every node (Mtry), and the
number of decision trees in the forest (Ntree). In a classification application, each decision
tree votes for a class membership and the final outcome is determined by the maximum
votes of the decision trees (Breiman 2001; Belgiu and Dr�aguţ 2016). Additionally, RF pro-
duces a variable importance by-product that ranks the input predictor variable according
to their importance in separating the classes in the experiment. In this study, we set Ntree
at the default value of 500 which has been shown to be suitable for stabilizing the internal
classification error (Belgiu and Dr�aguţ 2016). The default Mtry value which is the square
root of the number of variables was used. We employed three classification exercises to
map the honey bee habitats and other LULC classes using the RF algorithm: (1) classifica-
tion of the combined wet and dry seasons S1 images, (2) classification of the single season
S2 image and (3) classification of the fused S1–S2 image. We also ranked the fused S1–S2
bands according to their importance in increasing the overall classification accuracy of
mapping the honey bee habitats using the RF variables importance by-product.

2.3.4. Classification accuracy assessment
Classification accuracy was assessed for all landscape maps that were produced using S1,
S2, and fused S1–S2 data sets. Classification confusion metrics, viz, overall (OA), user’s

Figure 2. Map showing location of sites where reference data was collected in the study region overlaid on S1 verti-
cal transmit and horizontal receive (VH) polarized image. Reference data collection sites are displayed in red color
while the six honeybee apiary location sites are displayed as green triangles.
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(UA) and producer’s (PA) accuracies as well as kappa coefficient were calculated and
used as criteria for maps accuracy assessment. To test whether there were any significant
differences among the landscape mapping results for the three classification scenarios (S1,
S2 and fused S1–S2 data), a McNemar’s chi-square test was carried out based on the for-
mula suggested by de Leeuw et al. (2006) and Foody (2004). In addition, for the fused
S1–S2 data, each honey bee habitat class was perturbed three times and the percent cor-
rect predictions for a landscape classes were averaged. Thereafter, within-class and
between-class variabilities were computed to determine whether the classes were separable
from each other at each band to ascertain the most relevant spectral bands. Further, box-
plots and mean reflectance and backscatter values at each band for the classes were used
to display the within-class variability; and a Tukey test (p� 0.05) of the analysis of vari-
ance (ANOVA) was used to determine the between-class separability.

2.4. Deriving fragmentation indices

Fragmentation indices for the honey bee habitats were extracted from the landscape map
that was produced using the fused S1–S2 image because it had the highest OA classifica-
tion accuracy. These metrics were derived to quantify the landscape structure by configur-
ation, size, shape, number of patches and their position within the landscape (Jung 2015).
The FRAGSTATS tool (Mcgarigal 2014) was selected for this process since it calculates
fragmentation metrics at the individual class (several patches of the same class) and land-
scape level (Mcgarigal 2014). An apiary was located in each of the six study sites and
used as a central point to create a buffer of 3 km radius around each study site. The buf-
fers were utilized to extract the fragmentation indices. The selected 3 km radius for the
buffers were based on the honey bees foraging distance which was estimated to be within
3 km from an apiary (Roubik 1989; Hepburn and Radloff 1998). To derive fragmentation
indices using FRAGSTATS tool, a spatial resolution of 1-m for a classified map is
required (Mcgarigal, n.d.). Hence, we resampled the most accurate landscape map within
the buffer zones to 1-m spatial resolution and derived the fragmentation indices for each
of the six test sites.

Class-level and landscape-level fragmentation metrics were derived. Landscape frag-
mentation was assessed by considering indices that describe patch size, shape and config-
uration (Rutledge 2003), mainly because linkages between these indices and ecological
processes are perceived to be relatively clear, and these indices are commonly used to
quantify the changes in landscape configuration usually associated with habitats loss and
fragmentation (Kupfer 2012). The derived class and landscape metrics are described in
Table 1 below.

3. Results

3.1. Honey bee habitats mapping in the landscape of the study area

3.1.1. Sentinel-1A images classification
Figure 3 presents a landscape map in the study area using the combined wet and dry sea-
sons S1 imagery. The map shows that S1 over-estimated the woody vegetation class at the
expense of other feature classes.

The overall accuracy of the combined S1 map was 75.34% with a kappa coefficient
value of 0.68 (Table 2). The S1 images detailed classification results are shown in Table 2.
Specifically, Table 2 shows that among the four honey bee habitats, the woody vegetation
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class was mapped with the highest individual PA (76%), hedges with the highest UA
(83%), while grasslands were mapped with the lowest PA (48.61%) and UA (67.31%).
When compared S1 classification results with the other two classification scenarios (S2
and fused S1-S2), the results further showed significant differences among the three map-
ping exercises using the McNemar’s test (Table 5).

3.1.2. Sentinel-2A images classification
The map of the landscape classes in the study area produced using the single season S2
image is presented in Figure 4. The map showed that croplands are well-distributed and a
dominating class across the study region. As opposed to the map produced using S1
image, the overall accuracy of the S2 map had a higher overall accuracy (85.44%) and
kappa statistic (0.82). The outperformance of S2 mapping results in comparison with S1
is further demonstrated by the McNemar’s test result (Table 5) that indicated a significant
difference between the two classification exercises. However, the difference between S2
and the fused S1–S2 classification experiments was not significant (Table 5). With regards
to the individual UA and PA when S2 image was utilized, the woody vegetation habitat
class achieved the highest UA (100%), as well as the highest PA (97.3%). Grassland and
hedges honey bee habitat were mapped with a low PA (44.44% and 44.23%, respectively),
while croplands class had a moderate UA (53.85%; Table 3). For the built-up/rock, bare
and water landscape classes, the result of the S2 mapping experiment showed fairly higher
UA and PA compared to the S1 classification results.

3.1.3. Fused sentinel-1A and sentinel-2A image classification
The fused S1–S2 image classification produced the more accurate landscape map
(Figure 5) for the study area as compared to the other two classification results (i.e. S1
and S2 classifications). The fused classification experiment showed great similarity to the
S2 map with regards to the honey bee habitats but fewer rock outcrops towards the

Table 1. Class and landscape fragmentation indices used in this study (Mcgarigal, 2014).

Index type Fragstat index Description

Class
Landscape composition Percentage of

landscape (PLAND)
The proportional abundance for each

of (PLAND) the patch types across
the landscape

Landscape configuration Largest patch index (LPI) An index used to quantify the
percentage of total landscape area
characterized by the largest patch

Landscape shape Landscape shape index (LSI) An index used to reflect the
complexity of the landscape
patches; a greater value indicates
more complexity

Landscape
Landscape composition Splitting index (SI) Number of equal-sized patches of a

specific class which is needed to
produce a desired degree of
landscape division

Landscape shape Fractal dimension (FD) Measures the degree of
shape complexity

Landscape composition Shannon diversity
index (SHDI)

Measures the number of landscape
elements as well as their
proportional changes. Also, the
abundance of landscape types.

Landscape connectivity Contagion (CONTAG) A measure of the degree of adjacency
of classes within a map
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north-eastern part of the study area were mapped. The classification confusion matrix for
the fused map is displayed in Table 4. The overall classification accuracy (86.43%, and
kappa coefficient ¼ 0.83) obtained using the fused S1-S2 data is higher than the results
obtained when using the two S1 images or the S2 dry season image In the S1–S2 fused
result, woody vegetation was the most accurately mapped habitat class (UA ¼ 97.29% and
PA ¼ 95.75%), while the hedges class had a low PA (42.41%) but high UA (100%). The
other landscape classes (i.e. built-up, rock, bare and water) were mapped with individual

Figure 3. A landscape classification map of the Mwingi study region produced using the combined wet and dry
seasons S1 images acquired on September 2015 and December 2016, respectively, using the random forest classifier.

Table 2. Confusion classification matrix for the landscape classes in the Mwingi study region mapped using the
combined S1 wet and dry seasons’ images acquired on September 2015 and December 2016, respectively, and using
random forest as a classifier.

Woody Cropland Grassland Hedges Built-up/rock Water/bare Total UA%

Woody 146 7 20 14 4 1 192 76.04
Cropland 10 71 10 1 4 0 96 73.96
Grassland 17 0 35 0 0 0 52 67.31
Hedges 5 0 0 26 0 0 31 83.87
Built-up/rock 3 10 0 0 71 6 90 78.89
Water/bare 4 2 7 11 4 95 123 77.23
Total 185 90 72 52 83 102 584
PA% 78.92 78.89 48.61 50 85.54 93.14
OA% 76.03
Kappa 0.68
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accuracies of up to 100%. As mentioned earlier, the difference between landscape map-
ping results using the fused S1–S2 and S1 imagery was significant according to
McNemar’s test results, while the difference between the fused S1–S2 and S2 imagery was
not significant (Table 5).

Figure 4. Classification map of the Mwingi study region produced using the single season S2 image acquired on 30
August 2016.

Table 3. Confusion classification matrix for the classes in the Mwingi study region mapped using the single
Sentinel-2A image acquired on 11 August 2016 and using random forest as a classifier.

Woody Cropland Grassland Hedges Built-up/rock Water/bare Total UA%

Woody 180 0 0 0 0 0 180 100.00
Cropland 1 84 38 28 0 5 156 53.85
Grassland 1 5 32 0 0 0 38 84.21
Hedges 0 0 1 23 0 0 24 95.83
Built-up/rock 3 0 0 1 83 0 87 95.40
Water/bare 0 1 1 0 0 97 99 97.98
Total 185 90 72 52 83 102 584
PA% 97.3 93.33 44.44 44.23 100.00 95.10
OA% 85.44
Kappa 0.82

The columns of the table are the ground truth classes while the rows are the classes of the classified image that are
being assessed.
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3.1.4. Fused Sentinel-1A and Sentinel-2A bands importance for mapping the studied
honey bee habitats
Figure 6 shows the importance of the fused S1–S2 image bands for mapping the landscape
honey bee habitats in the Mwingi study region as determined by the RF variable importance
by-product. The results showed that the most important band for classifying the landscape
classes in Mwingi was shortwave infrared (SWIR), followed by red edge (RE), blue, and the
VH bands, respectively. Only the VH band of the S1 image acquired during the wet season
was selected as an important SAR feature for separating the landscape classes in the Mwingi
study region.

The intra and inter honey bee habitat variabilities in the four most important fused
S1–S2 bands are shown in Figure 7. The figure revealed the discriminability among the

Figure 5. A landscape map of the Mwingi study region produced using the fused S1-S2 image and the random forest
classifier.

Table 4. Confusion classification matrix results for landscape classes in the Mwingi study region using the fused
S1–S2 image and random forest as a classifier.

Woody Cropland Grassland Hedges Built-up/rock Water/bare Total UA%

Woody 180 1 7 0 0 0 188 95.75
Cropland 0 86 32 30 0 1 149 57.71
Grassland 0 3 33 0 0 2 38 86.84
Hedges 0 0 0 22 0 0 22 100
Built-up/rock 5 0 0 0 83 0 88 94.32
Water/bare 0 0 0 0 0 99 99 100
Total 185 90 72 52 83 102 584
PA% 97.29 95.56 45.83 42.31 100 97.06
OA% 86.43

The columns of the table are the ground truth classes while the rows are the classes of the classified image that are
being assessed.
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studied honey bee habitats as determined by the relatively higher inter classes variabilities.
Also, the mean reflectance or backscatter values at each band are significantly different
according to Tukey’s test scores among the four honey bee habitats (Figure 7). On the
other hand, the relatively lower intra class variabilities in the four most important fused
S1–S2 bands, confirmed that higher mapping accuracies could be achieved using the fused
S1–S2 bands.

3.2. Fragmentation indicators

3.2.1. Landscape-level fragmentation
Results from the landscape-level fragmentation analysis using the fused S1–S2 landscape
map reveal marked differences in fragmentation patterns among the six test sites in the
Mwingi study region (Figure 8). The figure demonstrates that Mumoni and Kathiani test
sites had the lowest SI (1.6 and 5.1, respectively), while Imba and Nguni sites had the
highest SI (93.2 and 88.5, respectively). This indicates that the latter sites were highly frag-
mented (Figure 8(a)) and had fewer semi-natural areas (Figure 8(a)) in comparison with
the other test sites. Regarding landscape shape, the FD index (Figure 8(b)) was lower in
Mumoni (1.60) and Kasanga (1.61) and higher in Imba (1.66) and Nguni (1.67). The
smaller the FD value, the simpler and less convoluted the landscape patch shape and vice
versa. Concerning landscape connectivity, our results showed that Mumoni and Kathiani
had the highest CONTAG index of 68.25 and 36.7, respectively (Figure 8(c)), whereas, the

Figure 6. The importance of the fused S1–S2 bands for mapping the landscape classes in the Mwingi study region as
determined by the random forest variable importance by-product. Shortwave infrared (SWIR), red edge (RE) and blue
are shortwave infrared, red edge and blue bands of the electromagnetic spectrum, while vertical transmit and hori-
zontal receive (VH) is the vertically transmitted and horizontally received band in the synthetic aperture radar
(SAR) systems.

Table 5. McNemar’s test results of comparing Mwingi study region landscape mapping results produced using the
three classification experiments (S1, S2 and fused S1–S2 images).

Comparison p-value Chi-square (v2) value Significance (p� 0.01)

S1 vs. S2 0.0001 91.84 (1df) Significant
S1 vs. fused S1–S2 0.0001 79.507 (1df) Significant
S2 vs. fused S1–S2 0.2976 1.085 (1df) Not significant

df¼degree of freedom.
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Imba (18.83) and Nguni (17.33) had the lowest values (Figure 10(c)). The higher
CONTAG index demonstrates higher landscape connectivity. Further, the low SHDI in
Mumoni (0.77) illustrates its homogenous landscape as opposed to the other five test sites
(Figure 8(d)).

3.2.2. Class level fragmentation
Class-level fragmentation analysis showed that the four honey bee habitat classes (i.e.
woody vegetation, croplands, grasslands and hedges and the other landscape classes in the
six test sites vary in the amount and patterns of land cover as shown in the Figure 9. The
highest percentage of woody vegetation cover was found in Mumoni (79.9%), Kathiani
(47.43%) and Kasanga (38.76%), indicating that Mumoni area has nearly 15 times more
woody or natural vegetation than Nguni (5%). In addition, cropland was above 30% in
every site except in Mumoni where it was lowest at 13.5%, whereas for the hedges class,
all the sites displayed levels below 10%, with Mumoni having the lowest percentage
(<1%), which corroborates with the lower proportions of croplands in the same area
(Figure 9(a)).

Moreover, the highest LPI value was found in the woody vegetation class in Mumoni
area (78.42), while the lowest value among the honey bee habitats was found in the
hedges class within the Mumoni site (0.1054), which further corroborates the SI in Figure
8(a). This result clearly distinguishes the six landscapes in terms of landscape configur-
ation (Figure 9(b)) as well as indicating that Mumoni is the least heterogeneous of the six
sites. Finally, the lowest LSI, Figure 9(c) values were found across all the honey bee habi-
tats within the Mumoni area, except for the woody vegetation class, for which the

Figure 7. Boxplots distributions for each of the four most important fused S1–S2 bands for the four studied honey-
bee habitats: (a) shortwave infrared (SWIR), (b) red edge, (c) blue and (d) vertical transmit and horizontal receive (VH).
Individual data points are represented by asterisks. Mean reflectance or backscatter values for each class (represented
by a boxplot) with different letter at each band were significantly (p� 0.05) different from each other according to
the Tukey’s test. SD is the standard deviation. See Figure 6 for the meaning of SWIR and VH bands.
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Kathiani site had a slightly lower value (5.16 against 4.94, respectively). The rest of the
classes had comparable LSI values across the remaining five sites. This again indicated
that the least convoluted patch shapes were found in the Mumoni site for all the honey
bee habitat classes.

4. Discussion

Mapping honey bee habitats is key to understanding the linkages between landscape char-
acteristics and honey bee colony health and therefore fundamental in addressing issues
related to honey bee population decline. Here, we describe a multi-sensor approach using
radar as well as optical data from the ESA Sentinel sensors, for mapping fine-scaled land-
scape structural elements, which contain honey bee habitats. We also report on land-
scape-level and class-level fragmentation patterns in the study region. We observed that
S2 data added a significantly improved overall accuracy to the bi-seasonal S1 data. Many
studies have shown that the fusion of SAR with optical imagery improves classification
accuracy (Balzter et al. 2015; Abdikan et al. 2016; Torbick et al. 2017), especially since
optical imagery can add spectrally rich information in the visible-NIR, as well as in the
RE spectrum. The inclusion of radar adds textural landscape information for time periods

Figure 8. Mean landscape-level fragmentation indices in the six test sites in the Mwingi study region, Kenya: (a) split-
ting index, (b) fractal dimension, (c) contagion and (d) shannon diversity index.
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that are not detectable in optical imagery because of cloud cover (H€utt et al. 2016).
However, one study done in a semi-arid biome showed that SAR alone, even with the
addition of texture parameters, was insufficient for land cover classification, even though
SAR played a key role in increasing the interpretability of the resulting map. The authors
argue that this may be due to the better vegetation discriminatory abilities of optical sen-
sors over radar sensors especially in open and semi-arid landscapes (Braun and
Hoschild 2017).

Whereas the highest overall classification accuracies in our study were achieved with
the fusion of S1 and S2 imagery, the dual-polarized and multi-temporal S1 image showed
the highest PA for the under-represented honey bee habitats i.e. grassland and hedges
(Table 2). The S1 classification scenario also had the highest UA for the cropland class.
This demonstrates that S1 data could be used to map these specific honey bee habitats
with acceptable levels of accuracy. However, the lower OA as well as moderate UA and
PA for the woody vegetation from the S1 data may be explained by the similarity of the
honey bee habitats which may not be so well discriminated by radar backscatter (Braun
and Hoschild 2017). The cropland class also had a lower PA under the S1 imagery com-
pared to S2 and the fused S1–S2 imageries. It can therefore be recommended that the
vegetation and cropland classes could be mapped using the S2 optical data, while S1 could
be used to map the underrepresented honey bee habitats which are the grasslands and
hedges (Figure 10). Figure 10 shows a quasi-fused map composed of both S1 (hedges and
grasslands) and S2 (woody vegetation and cropland).

Figure 9. Class-level fragmentation indices for the honeybee habitats in the six test sites: (a) percent land cover, (b)
largest patch index and (c) and largest shape index.
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The intra-class variability among these LULC features could thus be larger than the
inter-class variability between them, as frequently happens in heterogeneous landscapes
and which therefore affects discrimination of these features (Ghimire et al. 2010).
Interestingly, the fused S1–S2 data had low PAs for the grasslands and hedges classes, des-
pite having a higher OA than any other data combination in this study. This may be
explained by the structural similarity of these land cover classes especially in this hetero-
geneous landscape in Kenya whereby most hedges are made up of a mixture of woody
vegetation and croplands as well as grasses.

A possible reason for the low PA achieved for the grasslands class by all the data combina-
tions used in this study, is the lumping together of the various grasses into one grasslands
class, whereas grasses are known to have various C3–C4 compositions which have large
spectral variability (Foody and Dash 2007; Adjorlolo et al. 2012). A more in-depth study aimed
at differentiating these grasses would probably yield better accuracies for the
grasslands mapping.

The importance of the SWIR and the newly available RE bands within the S2 sensor
has been demonstrated in this study, given the high importance score for these bands that
was derived using the RF variable importance by-product. The RE bands are particularly

Figure 10. A quasi-fused map of honeybee habitats where grassland and hedges were mapped using S1 and woody
vegetation and cropland were mapped using S2.
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important due to their unique ability to distinguish between natural vegetation and crop-
land areas (Schuster et al. 2012).

The predicted fragmentation indices indicate varying fragmentation patterns evident at
the spatial domains. Landscape-level indices demonstrate differences in patch size, shape
and configuration, whereby the two relatively new indices by (Jaeger 2000), the splitting
index and the contagion index, show clear differences in both the patch sizes and con-
nectivity of the study sites. The class level indices also showed differences in the test sites
for each land cover class considered as important honey bee habitats. The percent land
cover for woody vegetation is highest in the Mumoni site at �80% and lowest in Nguni
at <10%. This indicated greater availability of natural honey bee habitats in Mumoni
rather than Nguni. Again, cropland is highest in Nguni, Itiva and Imba at �50% which
may indicate the presence of seasonal forage for the honey bees, especially since honey
bees forage on crop flowers in the absence of natural habitats (Corbet 1991). As expected,
because of their usage as fencing material, hedges are most abundant in areas also having
the highest spatial occurrence of the cropland class. Consequently, depending on the spe-
cies, this may also be a source of forage for the honey bees while simultaneously provid-
ing connectivity in fragmented landscapes (Hannon and Sisk 2009). Regarding the LPI,
(indicating the percentage of total landscape area characterized by the largest patch),
Mumoni had the largest LPI under the woody vegetation class at around 78 as well as the
lowest LPI under the hedges class (<1). This could be explained by the fact that Mumoni
has the highest amount of natural areas and few croplands thus fewer hedges. The shape
indices represented by the LSI showed consistently low values for Mumoni, which trans-
lates to simpler and less convoluted shapes in this area. This indicates least fragmentation
in the area compared to the other sites. Given that fragmentation is known to negatively
affect habitat quality for pollinators (Rands 2014; Jones Ritten et al. 2017; Rathcke et al.
2018), this index will be useful in the remote sensing of honey bee and other pollinator’s
habitat quality.

In summary, all the analyzed landscape and class-level fragmentation parameters have
implications for honey bee dispersal and accessibility to resources since foraging activities
will vary in differently structured landscapes (Steffan-Dewenter and Kuhn 2003).
Landscape fragmentation could be usefully employed for optimal placement of honey bee
apiaries within this landscape in Kenya, similar to commercial farmers in the United
States who purposively select apiary locations in order to ensure abundant forage for the
colonies throughout the year (Otto et al. 2016).

5. Conclusions

Mapping of honey bee habitats in a semi-arid and heterogeneous landscape in Kenya was
carried out using the image combinations from both S1 and S2 and results compared.
The results showed that RF with fused S1 SAR and S2 optical bands gave the highest
overall classification accuracy at 86.4% with a kappa of 0.83. However, the dual polarized
and bi-temporal S1 image showed higher PA for grasslands and hedges which are the
under-represented but important honey bee habitats and high UA for croplands. This is
despite having a lower classification accuracy of 76%. This study demonstrates that in
cases where optical data may not be available, as may be the case due to excessive cloud
cover, SAR data can be effectively used to map honey bee habitats with appre-
ciable accuracies.

SAR interferometric coherence methods consisting of 6-day pairs consisting of S1A
and S1B are recommended for better mapping and differentiation of grasslands from
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woody vegetation acquisitions. The availability of these data pairs for the study region in
the foreseen future should enable higher accuracies for mapping honey bee habitats.

Overall, this study demonstrates that our derived fragmentation indices can successfully
encapsulate the variation in honey bee habitat quality at specific sites in a semi-arid land-
scape. These indices will form the basis for linking landscape quality with the honey bee
colony strength and other measures of performance, which in turn could be used to assess
the effect of the landscape characteristics on honey bee colonies across various seasons.
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