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ABSTRACT

The use of night-time livestock enclosures, often referred to as “bomas”, “corrals”, or “kraals”, is a common
practice across African rangelands. Bomas protect livestock from predation by wildlife and potential theft. Due to
the concentration of animal faeces inside bomas, they not only become nutrient-rich patches that can add to
biodiversity, but also hotspots for the emission of nitrous oxide (N,0), an important greenhouse gas, especially
when animals are kept inside for long periods. To provide an accurate estimate of such emissions for wider
landscapes, bomas need to be accounted for. Moreover, initial experiments indicated that more frequent shifts in
the boma locations could help to reduce N,O emissions. This stresses the need for better understanding where
bomas are located, their numbers, as well as when they are actively used. Given the recent advances in satellite
technology, resulting in high-frequent spectral measurements at fine spatial resolution, solutions to address these
needs are now within reach. This study is a first effort to map and monitor the appearance of bomas with the use
of satellite image time series. Our main dataset was a dense times series of 3 m resolution PlanetScope multi-
spectral imagery. In addition, a reference dataset of boma and non-boma locations was created using GPS-collar
tracking data and 0.5 m resolution Pléiades imagery. The reduction of vegetation cover and increase of organic
material following boma installation result in typical spectral changes when contrasted against its surroundings.
Based on these spectral changes we devised an empirical approach to infer approximate boma installation dates
from PlanetScope's near infrared (NIR) band and used our reference dataset for setting optimal parameter values.
A NIR spatial difference index resulted in clear temporal patterns, which were more apparent during the wet
season. At landscape scale our approach reveals clear spatio-temporal patterns of boma installation, which could
not be revealed from less frequent sub-meter resolution imagery alone. While further improvements are possible,
we show that small-sized (150-500 m?) temporary surface changes, such as those that occur when pastoralists
use mobile bomas, can be detected with dense image time series like those offered by the PlanetScope
constellation. In future, this could lead to better assessment of a) spatio-temporal livestock distribution, b) the
contribution of bomas to N2O emissions and soil fertility at landscape scale, and c) the uptake of enclosure
rotation practices at large spatial scales.

1. Introduction

grazing and drinking, at night the enclosures serve to protect against
predation by wildlife (Kissui et al., 2019; Lesilau et al., 2018; Loveridge

Night-time livestock enclosures are commonly used in the pastoral et al., 2017) or from livestock theft. The common term for such an
areas of Africa. While livestock usually roam freely during the day for enclosure in Afrikaans is “kraal”, and in Swahili “boma”, which we will
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use in this paper. Due to the concentration of manure, bomas are
important hotspots for the emission of greenhouse gases, particularly of
nitrous oxide (N2O) (Butterbach-Bahl et al., 2020). Moreover, following
abandonment, bomas can become nutrient and biodiversity hotspots in
savanna areas (Blackmore et al., 1990; Porensky and Veblen, 2015;
Stelfox, 1986; Veblen, 2013), which remain visible in landscapes for
hundreds of years (Marshall et al., 2018). Traditionally, a single boma
can be used for >10 years, particularly when located close to a home-
stead; however, when pastoralists migrate with their animals in search
of forage, a boma can be abandoned within a few days or weeks. Bomas
remain important N2O emitters after their abandonment, and the
magnitude and duration of N2O emissions largely depend on nitrogen
(N) input through livestock excreta, which is directly related to how long
they have been actively used. Bomas that are used >10 years remain
N,O emission hotspots for at least 40 years after abandonment (But-
terbach-Bahl et al., 2020). The N and other nutrients that are concen-
trated in the manure layer in the boma are sourced from the surrounding
grassland, where the livestock graze on the existing vegetation. More
effective manure practices, for example by reducing the manure accu-
mulation through shortening the active boma lifetime to a few days
before moving it to a new position (Carbonell et al., 2021; Stelfox,
1986), could help to better manage grasslands through fertilization and
reduction of NoO losses (Harris, 2002). While such a rapid boma rotation
may be cumbersome with the traditional wooden or thorn-bush bomas,
metal- or canvas-fenced mobile bomas are currently promoted in various
projects in Eastern and Southern Africa (Conciatore, 2019; Karen Blixen
Camp Trust, 2021) with potential benefits including a) better protection
from predation, and b) improved rangeland productivity and palat-
ability at the created nutrient hotspots (Peel and Stalmans, 2018; Por-
ensky and Veblen, 2015). However, improved rangeland and manure
management is hampered by the lack of data regarding livestock
numbers in and movement across pastoral landscapes in East Africa.

Mapping and monitoring the location of bomas within larger land-
scapes is of interest for various reasons. First, monitoring boma rotation
practices together with vegetation recovery could provide better
guidelines for optimizing boma use with respect to season, livestock
density and type, and soil. Second, given the stated benefits of boma
rotation, the uptake of this practice by pastoralists can be assessed to
evaluate if its promoted use scales beyond local project initiatives.
Third, spatial and temporal information on boma occurrence can assist
in identifying hotspots of NoO emissions and reduce uncertainties in
large-scale N budgets (Carbonell et al., 2021; Tian et al., 2020). Fourth,
given that local nutrient enrichment affects plant communities (Veblen,
2013), understanding the (past) location of bomas helps to better un-
derstand the structure of savanna landscapes. Fifth, data sets on the
spatial distribution of livestock are currently based on census data and
spatial modelling (Gilbert et al., 2018), resulting in errors and inaccu-
rate spatial representation at local scales. While large animals with
sufficient spectral contrast from its surroundings may be directly
counted from very high resolution aerial photographs or satellite im-
agery (Duporge et al., 2021; Xue et al., 2017), high data (acquisition)
costs and the difficulty to effectively automate detection for larger-scale
applications make it hard to perform animal counting for large areas
(Corcoran et al., 2021; Hollings et al., 2018). Given the larger size of
bomas (~150-500 m?) with respect to individual animals, the detection
of active bomas can be an alternative given its lower requirements with
respect to spatial image resolution, and boma counts can consequently
serve as a relevant indicator for livestock density.

However, attempts to map bomas with remote sensing imagery are
limited. To assess drivers of changing fire characteristics in the
Serengeti-Mara ecosystem, Probert et al. (2019) used very high resolu-
tion satellite imagery of different years from Google Earth to estimate
changes in livestock density. Livestock density was estimated through
counting active bomas, which they visually detected based on spectral
contrast with boma surroundings and a visible fence around the boma.
Kriging was used to interpolate boma densities for areas without
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overlapping very high-resolution imagery. While for Alpine areas, ruins
of ancient stone walled livestock enclosures were automatically detected
taking advantage of their rectangular shape (Zingman et al., 2016), to
the best of our knowledge no studies exist that applied automated
detection approaches for active bomas. Detection can be particularly
difficult for mobile bomas, whereby a single location is only shortly
occupied by livestock.

To effectively detect and monitor mobile bomas from satellites re-
quires imagery of sufficient spatial resolution and short revisit times (i.e.
less than weekly). Although boma sizes can vary depending on region,
herd size, and pastoralist choices (e.g., Okello et al., 2014), a typical
diameter for mobile bomas is 15-25 m. Based on sampling theorem, this
implies that the image resolution should not exceed 10 m (Woodcock
and Strahler, 1987). In recent years many public and commercial sat-
ellite missions emerged that combine a high spatial resolution with daily
to weekly revisit intervals. For example, since 2017 the Sentinel-2
mission provides freely-available multi-spectral data globally at 10-60
m resolution every five days (Drusch et al., 2012). The commercial
PlanetScope fleet consists of approximately 180 small 4-kg satellites,
which together offer close to daily coverage at 3 m resolution across the
globe. Despite the fact that cloud cover increases the average time be-
tween consecutive observations of the land surface, these missions allow
for effective analysis of land surface dynamics, such as vegetation
phenology (Cheng et al., 2020; Dixon et al., 2021). The objective of this
study is to explore options for identifying the location and appearance of
active bomas using multi-temporal PlanetScope time series.

2. Study area

Kapiti Research Station is located in southern Kenya (~1.6°S,
37.1°E), approximately 50 km south-east of the capital Nairobi (Fig. 1).
The 128 km? station is dominated by savanna vegetation, including
savanna grasses (Themeda, Panicum, Chloris, Pennisetum, Cenchrus,
Setaria), shrubs (Acacia), and trees (Acacia, Balanites) (Cheng et al.,
2020). It is property of the International Livestock Research Institute
and was declared a wildlife conservancy in 2020, acting as a wildlife
corridor between the Nairobi National Park and the Amboseli and Tsavo
National Parks. The Research Station is used for research, among others
on animal health, genetics, and productivity, rangeland ecology,
greenhouse gas emissions, and climate change. While numbers vary
depending on season and research needs, the station is home to about
2500 heads of cattle (most of the local Boran breed, plus a small dairy
herd of Boran-Friesian crossbreds), 1300 sheep (Red Maasai, Dorper,
and crossbreds), 450 goats (Gala), and 70 camels (ILRI, 2019). Besides
livestock, Kapiti also hosts a large variety of wildlife including zebra,
wildebeest, gazelle and giraffe, as well as predators such as lions and
hyenas.

Kapiti has a semi-arid climate with a mean annual precipitation of
500 mm, which on average is equally spread between the “long rains”
(March-May) and the “short rains” (October-December). However,
rainfall amount and timing vary substantially between years; while the
July-September period is commonly dry, the dry spell between short
and long rains in January-February is less certain. For example, an
automatic weather station at Kapiti measured 145 mm of rainfall in the
normally dry January-February period of 2020. Mean monthly tem-
peratures range between 16.5 °C in July to 20.7 °C in March (Fick and
Hijmans, 2017).

Bomas are present across Kapiti Research Station. Since approxi-
mately 10 years, cattle are predominantly kept in mobile bomas,
although more permanent structures exist, particularly for dairy cattle,
goats, and sheep. The mobile bomas consist of metal fences that are
approximately 1.6 m high with each fence element being 2 m long, and
which are placed in a circular form. In the afternoon, cattle enter a boma
around 16:30, and are released in the morning at around 7:30. The
station is subdivided into grazing paddocks, which are demarcated for
orientation but not physically separated through fencing, as this would
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Fig. 1. (a) location of Kapiti (red) within Kenya, (b) Kapiti Research Station as imaged by PlanetScope on 13 September 2020 (false colour image: NIR-red-green), (c)
a Digital Terrain Model obtained through an aerial LIDAR survey, on top of which training points (confirmed boma and random locations) and the automatic weather

station location are plotted.

restrict wildlife movement. Grazing management aims at maintaining
good vegetation condition and quality without over-exploiting an area.
When forage quality and quantity decrease around a boma area and
overgrazing occurs, cattle are moved to a different area of the station,
and the overgrazed areas are allowed to rest. Within the grazing pad-
docks, individual bomas move locations. In 2018, the Kapiti Research
Station has transitioned from long-rotation bomas, which were kept at
the same location for weeks up to three months, to short-rotation bomas
that are moved approximately every three to five days in the wet season
and every 10-14 days in the dry season. On average, a boma contains
between 100 and 150 adult animals. At Kapiti, often two to four
neighbouring bomas are concurrently used (Fig. 2).

3. Data
3.1. PlanetScope

We selected PlanetScope as the main data source for this study due to
its combination of high spatial resolution and short revisit time, which
was deemed relevant given the dynamic nature of the relatively small-
sized mobile bomas. The PlanetScope sensors acquire spectral imagery
in the blue, green, red, and near infrared (NIR) bands at 3.7-4.1 m

spatial resolution, which is resampled to 3 m for Planet's data products
(Huang and Roy, 2021). The constellation achieved an average global
revisit time for land surfaces of about 1.5 days in 2020 (Roy et al., 2021).
However, this revisit time is longer around the equator due to the polar
orbits, and is further reduced due to cloud cover. Scenes are accurately
co-registered, but the lack of onboard calibration, the different spectral
response functions of different sensor generations, and the varying
illumination geometry, result in variations in the retrieved surface
reflectance.

We obtained Planet surface reflectance products from the
PlanetScope-0 and PlanetScope-1 sensor generations (also referred to as
Dove-Classic and Dove-R) from the Planet Explorer (https://www.
planet.com/explorer/). These products were atmospherically corrected
using the 6S radiative transfer model (Kotchenova et al., 2006). We
considered the full archive for Kapiti Research Station from September
2018 to December 2020; the time-frame was chosen to focus our ana-
lyses on 2019 and 2020, while our detection approach required the
spectral information starting several months before (Section 4.3). Using
the Planet Explorer, we visually selected all images that were at least
partially cloud-free over the study area, resulting in 1780 individual
images, including 1374 standard quality and 406 test quality images.
Images from the same date and orbit were mosaicked, resulting in 698

Fig. 2. Photographs of bomas at Kapiti taken in February 2020: (a) four bomas with 477 heads of cattle around 17:00 local time in southern part of Kapiti, (b) two

active bomas during daytime in northwest part of Kapiti.
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mosaics that partially covered Kapiti. We note that the reflectance
values in the overlap area (for same date/orbit imagery) can be slightly
different, but we observed that for the study area this difference
generally remains below 0.001 for NIR reflectance and below 0.003 for
the other spectral bands. Given the small difference we consistently
retained data from the southern-most image in the mosaics. Same date
imagery for multiple orbits resulted in different mosaics. For each
image, Planet provides a “usable data mask” (UDM2), which is based on
manual labelling and subsequent machine learning to classify pixels into
clear, snow, shadow, haze, and cloud. In addition, a per-pixel confidence
in the classification is generated. In this study, we only retained pixels
classified in the UDM2 layer as ‘clear’ with a 75% confidence.

3.2. Pléiades imagery

To obtain visual evidence of boma presence at different moments in
time, we used 0.5 m resolution Pléiades imagery (Gleyzes et al., 2012).
All archive Pléiades images within the September 2018 to December
2020 time frame that covered more than half of the study area with
<50% cloud cover were ordered through Airbus Defence and Space as
four-band pansharpened standard ortho-products (Airbus Defence and
Space, 2021). This resulted in 19 images, out of which 11 were acquired
in the second half of 2020, and only five before January 2020. The
Pléiades constellation consists of two identical satellites (1A and 1B)
that provide imagery in the visible and NIR wavelengths. Fig. 3 illus-
trates a number of these images for a small subset of the study area.

3.3. GPS tracking and ancillary in-situ observations

Because temporal information on individual boma locations was not
collected at the research station, we used an existing GPS tracking
initiative at Kapiti as a main input to build a reference database on
location and active use periods of mobile bomas. Four cows were
collared with a GPS using FlexTrack series GPS collars (Savannah
Tracking Ltd), which use GSM-based communication for remote data
transfer, between May 2019 and August 2020. Each of these cows
formed part of a different herd and their night location represents the
boma where that herd stayed overnight. One of the trackers fixed a
location every five minutes. For the other three, at maximum one to two
fixes per night (from 18:00 to 6:00) were present, caused by the system
set-up and partial malfunctioning. Nonetheless, even for these trackers
in several cases a consistent multi-date night location could be linked to
a boma.

In addition, a short field survey was performed in February 2020,
whereby six active and 116 abandoned bomas were visited and their
location recorded (the active bomas are shown in Fig. 2). However, as
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accurate information on the timing of active use was lacking for the
abandoned bomas, these were not included in the reference boma
dataset (Section 4.1).

To understand the effect of antecedent rainfall on boma detect-
ability, we used total daily rainfall derived from an automated weather
station (ATMOS 41, Meter Environment, Meter Group AG, Munich,
Germany) (Fig. 1c). The station contains a drip counter device for
rainfall detection with a reported accuracy of 5%. It is connected to a
data logger (ZL6, Meter Environment, Meter Group AG, Munich, Ger-
many), set up to record rainfall rate every five minutes, and is part of the
Trans-African Hydro-Meteorological Observatory (TAHMO) network.

4. Methods
4.1. Constructing a reference boma dataset

We used the GPS collar data and the Pléiades imagery to construct a
reference dataset of 107 bomas, consisting of boma location, and start-
and end-date of herd presence. For the collar data, all the night obser-
vations between 18:00 and 06:00 were retained. A median night coor-
dinate was calculated for collars with multiple fixes during a single
night. If an individual fix was >30 m away from the median coordinate,
it was deleted, and the median coordinate was recalculated. Median
coordinates were then plotted with a date label on top of a Pléiades
image to visually confirm the presence of a boma at that location.
Consequently, a multi-date centre coordinate was manually assigned to
the boma period together with the start- and end-date of herd presence.
Following this procedure, we identified five boma classes in the refer-
ence dataset (Table 1, class 1 to 5).

Table 1

Boma classes in the reference dataset.
boma description number
class
1 visible on Pléiades image acquired simultaneously with 6

tracking data that indicates that boma is in active use

2 adjacent to a class 1 boma and with similar spectral 12
appearance on the Pléiades image indicating that it was used
concurrently with a class 1 boma

3 Pléiades image confirms boma location, but was acquired 56
after the moment when tracking data indicates active use

4 apparent from Pléiades image that it belongs to the same set 28
as a class-3 boma

5 active bomas observed directly in the field, and visible on 5
Pléiades imagery

6 one of the 1000 randomly distributed points within Kapiti 4

that appeared to be a boma based on Pléiades imagery

Fig. 3. Time series of Pléiades imagery (red-green-blue bands) for the same location, automatically stretched for each subset. Circular features correspond to bomas,
whereby dark colours indicate active or recently abandoned bomas, although moisture also affects the appearance. (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)
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Fig. 4 illustrates the different classes; we note that classes 2 and 4
were only identified when evidence very clearly points to simultaneous
use, which we deemed not the case for both 24 February and 7 March
2020. The right-hand of Fig. 4 shows also the median night-time loca-
tions from which the centre coordinate for the period of herd presence
was inferred. Fig. 1c shows the location of the bomas in the reference
dataset, although their clustered nature does not allow to visually
differentiate all 107 bomas.

We complemented our reference dataset with a set of 1000 randomly
distributed points within Kapiti to represent non-boma locations. The
points were at least 20 m from the 107 bomas, and 250 m from the Kapiti
boundary. We selected a large number of 1000 points to represent the
fact that the total boma surface occupies a relatively small fraction of the
study area. The random selection cannot avoid that existing bomas are
selected. Given that our algorithm (see subsequent sections) identified a
few suspicious cases, these were checked against the Pléiades imagery.
For four random locations, boma presence was clear, and these were
added as a sixth boma class (Table 1), but without accurate start- and
end-dates.

4.2. A spatial difference index from PlanetScope

To identify the location and appearance of active bomas, time series
of PlanetScope-derived spectral reflectance for these bomas can be
plotted. As an example, Fig. 5a shows the average reflectanceina 3 x 3
window placed within the same boma of Fig. 2a. Fig. 5a provides some
evidence of a reduction in spectral reflectance during the active boma
period, particularly for the NIR spectral band. However, this is not very
apparent as the reduction is not consistent during the period of herd
presence, nor does the variability differ much from the variability
outside that period. Reasons for such variation were mentioned in Sec-
tion 3.1 and include differences in observation geometry and spectral
response of the PlanetScope sensors. In addition, seasonal changes in
vegetation activity add to this variation (Cheng et al., 2020).

To reduce the influence of between-scene inconsistencies in surface
reflectance values of PlanetScope imagery (as a result of different sen-
sors, orbits, and viewing angles), we propose to use a relative index that
compares the location of interest against its surroundings, which is
similarly affected by these inconsistencies. The size of the surroundings
should be large enough to represent ‘normal’ spectral variability to

s
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effectively discern the spectral change caused by the appearance of an
individual boma; in fact, multiple active and/or abandoned bomas may
be present in the vicinity. These may influence the signal of the sur-
rounding, but with a sufficiently large size the ‘normal’ spectral changes
should be well-represented. At the same time, the size should not be too
large to avoid discarding a large part of the time series due to cloud
contamination in the surroundings. We chose a size of 71 x 71 pixels (i.
e. 213 x 213 m) surrounding the point of interest as a good compromise
between these contrasting requirements. For the point of interest, we
averaged within a 3 x 3 pixel window (9 x 9 m) to reduce the effect of
spectral noise or features smaller than a typical boma to strongly affect
the difference index. Fig. 6 illustrates these windows for a Pléiades
image and two PlanetScope acquisitions. In the false colour image, red
colours indicate green vegetation, while the active bomas show as dark
green colours.

Our spatial difference index was then calculated by subtracting the
mean reflectance within the 3 x 3 window from the mean reflectance in
the 71 x 71 window. For each point of interest, we only calculated the
difference index if within the 3 x 3 window all nine pixels were clas-
sified as ‘clear’ with a 75% confidence in the UDM2 layer, and if at least
80% of the pixels in the larger window were identified as ‘clear’. Fig. 5b
shows one example of a time series of the difference index. Partially due
to the larger value range (Fig. 5a), the NIR shows the clearest temporal
signal. This was confirmed for other bomas (not shown), and we
consequently proceeded only with the difference index for the NIR band.
During the period of boma presence, the difference index is relatively
high due to the (relative) drop in NIR reflectance of the boma itself.
Single instances of high NIR index values are apparent (e.g. in April and
October 2019), which are likely caused by ineffective cloud and shadow
masking in the UDM2 layer for those dates (see also Wang et al., 2021).
We note that also after abandonment the NIR difference index may
remain high for several months, which predominantly depends on soil
moisture conditions during and after the active boma use (as discussed
later in this paper).

4.3. A decision rule based on NIR difference index time series

The basis for automatically identifying the location and appearance
of active bomas is the presence of an increase in the NIR difference
index, which remains consistently high for subsequent observations.

Fig. 4. Locations of the boma reference dataset plotted on top of the Pléiades image of 11 April 2020. The left-hand image shows the different classes (see text),
together with the start-date of cattle presence according to the tracking data. Bomas with the start-date of 4 February 2020 are the same as in Fig. 2a. The right-hand
image shows a subset including the median night fix location for 31 March until 12 April 2020 (for April the month is omitted in the labels), and the 5-min fixes only

for 10 April.
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Fig. 5. PlanetScope reflectance series: (a) a 3 x 3 pixel window surrounding the centre point of a boma of Fig. 2a (i.e. the class-3 boma of Fig. 4 with start-date 4
February); (b) the difference between the 71 x 71 and the 3 x 3 pixel window surrounding the same point.

Fig. 6. Illustration of the spatial difference index: the spectral reflectance in a 3 x 3 pixel window (black square) is subtracted from the average in the larger 71 x 71
pixel window (blue square and full extent for panel (a)). Panel (a) shows an RGB Pléiades image of 30 March 2020, (b) a false colour PlanetScope image of 7 February
2020, and (c) a false colour PlanetScope image of 25 February 2020. Active use of the boma was confirmed in the field on 22 February 2020 (same boma as Fig. 2b).
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Given that boma appearance may differ depending, among others, on
moisture conditions and period of herd presence, this basis may be
implemented in different ways to maximize the number of actual bomas
detected, and minimize the erroneous detection of non-bomas as bomas.
To implement this rule, we first defined two time windows that we kept
constant, i.e.:

1. A 35-day moving window for which a second-order lowess filtering
(Cleveland, 1979) was applied to the NIR difference index series,
using five iterations to obtain an optimal fit. The resulted smoothed
curve allowed to assess if a consistent increase was present. We
empirically determined that the 35-day window was sufficiently long
to effectively smooth during data-scarce periods and sufficiently
short to retain rapid and consistent changes in the NIR difference
index (as could be caused by boma installation).

2. A moving window ranging from six months until 10 days before each
observation, within which we assessed the dispersion of all NIR
difference index values for each location. Values above the disper-
sion measure, calculated as a percentile value of all observations in
that window (perc in Table 2), are potential boma candidates.

Six additional parameters were used to further operationalize the
decision rule, and multiple values for these parameters were tested to
achieve optimal boma detection (Table 2). Fig. 7 illustrates a time series
example of the NIR difference index, together with the lowess fit and the
six parameters. The approach can be summarized in four steps:

1. For each observation we assess if its NIR difference index is larger
than minlndex and perc: positive values and a larger than ‘normal’
value in the previous period are indicative of boma presence. In
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Table 2
Parameters and their tested values in the grid search.

parameter  Description values (threshold)
width temporal window prior to observation 15-50 days with 5-day
within which slope is evaluated step size
slope minimum threshold for lowess slope that ~ 0.0008-0.0020 day !
should be attained within width window with 0.0001 step size
to qualify as boma candidate
perc percentile value considered to assess 85, 90, 95
dispersion in window from six month
until 10 days before observation
minIndex minimum value for the difference index; none, 0.00-0.03 with
above this value observation could be 0.005 step size
boma candidate
number minimum number of individual boma 2,3,4,5
candidate observations within boma
candidate period
NIRlength minimum threshold for area between NIR ~ 0-0.5 with 0.05 step size

difference index values within boma
candidate period and corresponding
maximum of perc and minindex”

addition, we evaluate if within the window of width days prior to the
observation, the maximum slope of the lowess fit exceeds the
threshold slope. If all these conditions are met, the observation is
assigned as a candidate boma observation.

. Based on the retained candidates, we evaluate if each is within 30
days before or after another candidate. If not, the candidate is dis-
carded again. Because of variability in observation conditions, short
gaps may occur for which the conditions under point 1 are not met.
Therefore, a maximum of two non-candidates in between retained
candidates are considered part of the same candidate boma period,
and ‘upgraded’ as boma candidate observations.

3. We assess if the candidate boma period contains at least the mini-
mum number of original candidate observations (i.e., the candidate
observations as flagged in point 1). In addition, for the candidate
boma period we calculate the NIRlength and evaluate if its value is
above the tested threshold values.

. For a single time series, multiple boma periods could be selected.
This could for example be caused by enhancement of the spectral
contrast when (abandoned) bomas become moist, or due to errone-
ously identified periods. We retain only a single period; a subsequent
period is only selected if its slope, number, and NIRlength are greater
than the corresponding values for the preceding period.

We then implemented our approach to the reference dataset of 107
bomas and 1000 random points (with the random points containing also
four confirmed bomas, see Section 4.1). This implementation was

Remote Sensing of Environment 279 (2022) 113110

repeated for each combination of parameters values (Table 2) in a grid
search, resulting in 109,824 different runs. For each run, we assessed:

a) sensitivity: the fraction of actual bomas that were correctly classified
as such (also: true positive rate, or recall);

b) specificity: the fraction of non-bomas (random points) that were
correctly classified as such (also: true negative rate, or precision).

A boma classification was deemed ‘correct’ if the temporal difference
between the PlanetScope-derived boma period and the collar-based
period was <30 days. While for binary classifications, sensitivity and
specificity can be optimized by averaging or using the F-score (Sokolova
and Lapalme, 2009), we instead selected the runs that had the highest
sensitivity when considering various specificity thresholds. This is
motivated by the fact that a low fraction of false positives may none-
theless translate into a large number of erroneously identified bomas for
the entire study area. For subsequent analyses we therefore retained the
relatively high specificity threshold of 0.99.

4.4. Exploring factors determining boma detectability

To assess if moisture conditions affect the spectral characteristics,
and consequently the detectability of actual bomas, we calculated the
total rainfall from 15, 30, and 45 days before the herd presence (based
on collar data) up to the end date of the herd presence. We then used
histograms to identify if a larger fraction of actual bomas is accurately
identified depending on different moisture conditions. We also calcu-
lated sensitivity by considering only subsets of bomas with rainfall
amount above a specific threshold.

Besides rainfall, we performed the same analysis considering the
length of boma use to identify whether detection accuracy changes in
case only bomas are considered that have a minimal number of days of
herd presence.

4.5. Implementation of decision rule to study area extent

Based on the retained parameter values, as described in Section 4.3,
we applied our boma retrieval algorithm to each 3 m pixel of the study
area. This resulted in a spatial representation of identified boma pres-
ence, and the timing corresponding to this presence for each boma pixel.
Given that the average diameter range of mobile bomas is ~20 m, each
boma should be composed of multiple neighbouring pixels. For this
reason, we added a fifth step to our approach described in Section 4.3;
using a moving 3 x 3 window, ‘boma pixels’ were iteratively removed if
they had fewer than three neighbouring boma pixels with identified
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Fig. 7. Illustration of the various parameters to identify boma appearance in PlanetScope-derived NIR difference time series (data are subset of Fig. 5b).
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boma start dates within 10 days before or after the start date of the
centre pixel. Resulting patterns were then visually evaluated and
compared against very high resolution Pléiades imagery to further assess
the potential and limitations of our approach.

5. Results

The results of the 109,824 algorithm runs, including all combina-
tions of the values for six parameters, are summarized in the received-
operating characteristic (ROC) curve of Fig. 8. Table 3 summarizes the
parameters for the run with the optimal F-score and for runs with the
highest sensitivity given a set specificity threshold. >98% of all runs had
specificity values above 0.90, indicating that <100 of the 996 non-boma
random points are erroneously identified as bomas. However, we
selected a higher specificity threshold of 0.99, given that in the wider
landscape bomas represent a relatively small surface. Logically, sensi-
tivity drops when increasing the specificity threshold. Based on the
retained runs in Table 3, values for parameters that put stronger re-
quirements on the clarity of the boma signal (Fig. 7) like minindex,
number, and NIRlength increase with increasing specificity threshold.
The following results are based on the optimal run with the 0.99 spec-
ificity threshold, i.e. the run with the highest sensitivity for this
threshold.

Fig. 9 illustrates four examples of NIR difference index time series for
bomas in the reference dataset. Fig. 9a shows relatively stable index
values prior to boma installation; after installation index values increase
providing a clear signal that is accurately picked up by the proposed
method. The PlanetScope-based start of the boma period does not pre-
cisely coincide with the actual boma installation, among others due to
limited cloud-free observations. In addition, the PlanetScope-based
defined period is longer than the actual boma use. This can be ex-
pected given that similar characteristics persist after boma abandon-
ment; bomas remain vegetation-free for weeks up to a few years
depending on the length of use. Moreover, the persistence might differ
depending on the season and moisture conditions. In Fig. 9b two
candidate periods are visible, with the second one corresponding to the
actual boma. Given the greater slope, number, and NIRlength of the sec-
ond period, the method correctly retains it. Fig. 9c also shows two
PlanetScope candidate periods, but in this case the wrong period was
selected, likely because few cloud-free observations are present for
May-July 2019, resulting in a less steep slope of the lowess curve and
smaller number of observations for that period. The second increase of
the NIR difference index may be explained by the fact that moisture
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Fig. 8. ROC-curve for the 109,824 runs with all combinations of the values for
the six parameters tested. The run with the optimal F-score, as well as the runs
with highest sensitivity given the specificity threshold are plotted on top.
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(Fig. 9e) enhances the spectral contrast of the abandoned boma. While
for Fig. 9d an appropriate candidate period was identified, it was sub-
sequently discarded as the selected NIRlength for this run was not
attained. For all examples, it is clear that the PlanetScope-derived length
of the boma period corresponds to the continued high levels of the NIR
difference index, but cannot represent the length of actual use. There-
fore, in our mapping results we focus on start dates only to represent
boma appearance.

Bomas installed during wet periods have a higher likelihood of ac-
curate detection as compared to those installed during dry conditions
(Fig. 10). Fig. 10 shows that a larger share of the non-identified bomas
corresponds to lower rainfall amounts (antecedent + rainfall during
active boma use). For example, for rainfall of 30 days before installation
of <100 mm, only 42% of the reference bomas were detected, whereas
for rainfall >100 mm this was 81% (Fig. 10b). Particularly Fig. 10band ¢
(30 and 45 days prior to boma installation, respectively) show that the
sensitivity increases with increasing wetness. This suggests that the
combination of cattle faeces and moisture relates in general to stronger
spectral contrasts. We note that for most temporal graphs an increase in
the NIR difference index is apparent even for dry-period bomas, but the
signal is insufficient to meet the criteria for the selected run. For six
bomas in our reference set, a period that was two to four months later
than the herd presence was erroneously identified as the boma period by
our method, similar to Fig. 9c. All six had <90 mm rainfall during the
boma period and its 45 preceding days. It illustrates that post-use wet-
ting of high faeces concentrations can still provide a strong spectral
contrast. While it could be expected that longer periods of herd presence
result in more faeces and stronger spectral signals, Fig. 11 shows that
this is not the case. In fact, the lower thresholds on length of boma use
show an inverse relationship with sensitivity. This can be explained by
the fact that longer presence periods coincide with the dry season; all 12
bomas with herd presence of >20 days had <75 mm of rainfall in the
preceding 45 days. During the dry season, less trampling occurs and
faeces dry quicker, forming a crust on top of the soil that results in a
higher NIR reflectance.

Fig. 12 shows the result of applying our approach, using the the run
with a 0.99 threshold on specificity, to the entire study area. Bomas were
identified throughout the study area, with higher concentrations in
specific areas. This corresponds to the fact that following the Kapiti
grazing plan, livestock remains up to several months in the same area,
during which locations of individual bomas are changed frequently
within that area. In fact, several of these areas with concentrated bomas
were shown previously in Figs. 3, 4, and 6. For 0.76% of the PlanetScope
pixels within Kapiti a boma presence was retrieved. However, as ex-
pected: 1) not all actual bomas were detected, as demonstrated also in
the prior analysis, and 2) other land processes also caused similar tra-
jectories of the NIR difference index, resulting in erroneous detection of
non-bomas as bomas. Such commission errors are visible in Fig. 12 for
example as linear elements, including the main Nairobi-Mombasa road
that cuts through the eastern part of the study area, but also multiple dirt
roads and ephemeral streams throughout Kapiti. Most likely this is
caused by continued water presence during several weeks in the rainy
season. In fact, close to 60% of all identified bomas had an identified
start date in November 2019 to January 2020; the wettest period in the
two-year series (Fig. 9). Hence, while we identified that bomas could be
better detected during moist conditions, this also causes more confusion
with other land surface elements that experience similar spectral
changes.

Despite the commission and omission errors, the PlanetScope re-
trievals of boma start dates also provide an interesting account of the
shifting of boma locations, which cannot be attained from infrequent
very high-resolution imagery alone. Fig. 13 shows three detailed views
of the boma map with corresponding Pléiades imagery. None or very few
of the bomas within the subsets were part of the training dataset. While
Fig. 13a illustrates the point made on commission errors for water
bodies (top right), it also illustrates the gradual moving of the bomas
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Table 3

Parameter values for runs with highest sensitivity given the specified specificity thresholds. The first entry is the one with the optimal F-score.
Threshold specificity width slope perc minlndex number NIRlength sensitivity specificity F-score
- 20 0.0009 85 0.000 2 0.15 0.950 0.929 0.939
0.95 20 0.0011 90 0.000 2 0.15 0.901 0.957 0.928
0.96 20 0.0009 85 - 2 0.30 0.894 0.960 0.926
0.97 20 0.0011 95 0.000 2 0.15 0.856 0.971 0.910
0.98 20 0.0012 85 - 2 0.40 0.769 0.981 0.862
0.99 35 0.0017 85 - 3 0.50 0.638 0.990 0.776
0.995 30 0.0019 85 0.005 3 0.50 0.491 0.995 0.657
1.00 35 0.0010 95 0.020 3 0.50 0.261 1.000 0.414

between February and May 2020 towards the south-east, but south of
the dirt road, whereas from June to November 2020 bomas move in the
other direction but north of the road. Although not all individual bomas
are detected, the dark (active) bomas in the two Pléiades images show
up on the boma map in the colour corresponding to the Pléaides
acquisition months. The same is true for Fig. 13b; it is noted that the
yellow (November) areas are mostly unrelated to boma presence, but
more likely due to moisture-induced spectral changes (in southwest
linked to dirt road presence). Fig. 13c shows an area where boma lo-
cations were gradually moved from north to south between May and
November 2019. The detections in November and December in the
northeast of the subset are also visible as boma remnants in the April
Pléiades image. Between the July 2019 and April 2020 no cloud-free
Pléiades observation is available for this subset; however, the Planet-
Scope gives a clear idea on the boma dynamics during this period.

6. Discussion
6.1. Potential of the boma detection approach

Utilizing a dense series of PlanetScope observations, our study
highlights the possibility of effectively identifying small-sized and short-
lived land surface changes as driven by livestock activity. Such changes
are generally difficult to observe with remote sensing, given the re-
quirements on both spatial and temporal resolution. Recent years have
seen an increase in satellite missions that can meet these requirements,
which include the PlanetScope constellation. By analyzing how a pixel's
reflectance changes with respect to its surrounding, we were able to
visualize the dynamics of mobile livestock enclosures (bomas) within a
semi-arid rangeland, which in Kapiti are typically used for three to 15
days. Depending on cloud-free acquisition density during boma pres-
ence, a good identification of boma installation date could be obtained
from NIR time series. When selecting the run for which the parameter
settings limited the false positives to 1% of our reference set (i.e. spec-
ificity of 99%), 64% of the actual bomas in our reference set were
detected. Although individual bomas were more clearly visible from
very high resolution (<1 m) imagery than from individual PlanetScope
scenes, irregular (and expensive) acquisitions only allow to assess which
bomas are likely in active use during the acquisition moment. As such,
our method that utilizes PlanetScope series is a promising first attempt
for assessing boma dynamics.

We did not attempt to map or identify boma end use dates, which
could potentially allow to determine the time period during which each
boma was active. The detection approach provides an indication of
when the boma signal ceases to be apparent, but this persists beyond the
period of active use (Fig. 9). This is because the accumulation of dung
results in spectral changes that persist longer, which also depends on
moisture conditions. While this is a drawback for the straightforward
count of active bomas at any instance, the landscape estimation of
appearance dates still provides useful information on boma dynamics
that are otherwise hard to assess for larger areas. Despite this drawback,
field knowledge about the season-dependent length of boma usage
would potentially allow for reasonable quantification of active boma
counts.

6.2. Detection errors and possible solutions

The higher likelihood of accurate boma detection for those installed
during wet periods, as compared to dry periods, may be explained by the
stronger disturbance, because due to trampling the wet topsoil and
vegetation get mixed with faeces. In addition, during wet periods the
presence of green vegetation prior to boma installation may result in a
stronger drop in NIR reflectance, while during dry periods faeces may
form a crust with higher NIR reflectance (and consequently a lower NIR
difference index). To partially resolve this, possibly different parameters
values (Table 2) could be used for bomas in dry versus wet conditions by
separating the training dataset.

While wetter conditions aid in detecting actual bomas, they also
cause more false positives. For example, concentrated water in and
around the relatively impermeable roads cause a drop in NIR reflectance
with respect to its surroundings, resulting in clear linear features in the
output maps (Fig. 12). Similarly, other small depressions in the land-
scape where water temporally accumulates may explain part of the
scattered identified boma locations. This includes areas around reser-
voirs that get flooded during the rainy season. In fact, many of the
commission errors could be visually related to the (dirt) road network,
water bodies, and dams, and predominantly linked to temporal changes
in moisture and surface water. These cause a decline in NIR reflection,
which is contrary to (or stronger than) the NIR change of its surround-
ings. Such false positives could potentially be removed using existing
spatial layers or remote sensing aided detection of roads (Abdollahi
et al., 2020) and/or surface water (Cooley et al., 2017; Pekel et al.,
2016). Besides optical data, also active microwave observations from
missions like Sentinel-1 or ICEYE could be used for detecting con-
founding features like temporary small water bodies (e.g., Yang et al.,
2021).

Because the approach looks at the decrease in NIR surface reflectance
relative to its surroundings, additional phenomena could result in
similar decreases and consequently false positives. These include for
example fires, crop harvesting, and cloud shadows. Fire is common in
rangelands and frequently used as a management tool to reduce woody
cover and rejuvenate grasslands, including in East Africa (Probert et al.,
2019; Sankaran et al., 2008). Burned areas (fire scars) typically cause a
reduction in NIR reflectance that remain visible for some time (Chuvieco
et al., 2019), similar to bomas. If such areas are small and fragmented,
our approach may erroneously detect them as potential boma sites.
However, fires in savannas typically affect larger areas because they
spread easily when substantial dry fuel load (i.e., grasses) is available. As
a consequence, the NIR difference index will remain stable for most of
the burned area, given that the surrounding area is equally affected.
Exceptions to this could be near the edges of burned areas, particularly
when these are irregularly shaped. For our study, we found evidence of
such false positives for a fire that occurred in September 2019 causing an
elongated fire scar of ~400 ha; here false positives were found for only
<0.5% of the burned area (data not shown). Potential exists to better
account for these, taking advantage of the fact that a large area expe-
riences a sudden drop in reflectance. Besides fires, the removal of green
vegetation as a result of crop harvesting can also cause sudden drops in
NIR reflectance. Our empirical approach does not account for this, as in
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our study area no crops are grown; in fact, movable bomas are typically
found in pastoral systems in arid to semi-arid areas with limited crop
cultivation. Exceptions could be larger irrigated schemes (which can be
identified easily by remote sensing, but given their size would unlikely
result in high NIR difference indices) and very small areas of vegetable
cultivation around homesteads. Finally, shadows of small clouds could
make the NIR reflectance drop with respect to its surroundings; these
shadows may not always be accurately represented by PlanetScope's
UDM2 layer. Although this would affect a single NIR difference index
within a time series, the dynamic nature of clouds (and their shadows)
would highly unlikely cause false positives, as our decision rule requires
the NIR difference index to remain consistently high following an in-
crease (Section 4.3).

Instead of directly removing false positives, the PlanetScope-based
analysis could also be spatially confined to specific areas with a higher
likelihood of boma presence. One example is that, because of drinking
requirements of the herd, bomas are expected to be near water points of
known locations, or of locations that could be derived from imagery.
Another avenue could be to obtain alternative indications of large ani-
mal congregations, and search for bomas specifically in their sur-
roundings. While ECOSTRESS (Fisher et al., 2020) quality and revisit
times may yet be insufficient, possibly in future systems like the Surface
Biology and Geology (Cawse-Nicholson et al., 2021) or the Copernicus
Land Surface Temperature Monitoring mission (Koetz et al., 2018) may
allow for timely identification of night-time thermal anomalies in the
landscape caused by herd presence.

6.3. Further improvements to the method

Further improvements to our proposed approach can be envisaged.
One option that may merit further testing is to adapt the spatial window;
instead of a centre 3 x 3 window (used to avoid spectral noise vis-a-vis
use of a single central pixel), a circular topology could be used that
better matches the approximate boma size and shape. For the sur-
rounding window, our current approach is agnostic to the land cover in
the surroundings. This also implies that recently-abandoned adjacent
bomas are part of the average reflectance in the 71 x 71 window, thus
reducing the NIR difference index. Based on our results the surrounding
window is large enough to obtain good results even when multiple
adjacent bomas are present; nonetheless, the approach could potentially
be adjusted by closer integration of its spatial and temporal component,
for example by discarding pixels with identified recently-abandoned
bomas when calculating the average NIR reflectance for the
surrounding.

A main limiting factor that prevented direct use of a pixel's surface
reflectance (i.e., instead of comparing it with its surroundings) is the
poor temporal stability of PlanetScope's surface reflectance product
(Fig. 5) due to factors described in Section 3.1. We resolved this using a
spatial difference index, which can be considered an internal calibra-
tion. However, multiple studies demonstrated the possibility to calibrate
PlanetScope reflectance against data from missions with a stable spectral
response, such as Sentinel-2 and MODIS (e.g. Houborg and McCabe,
2018; Li et al., 2021; Sadeh et al., 2021). Possibly, a better calibrated
PlanetScope reflectance series could reveal a more uniform boma
spectral signature, offering a valuable additional information layer be-
sides the spatial difference index that could be incorporated in the de-
cision rule. Given that the boma spectral signature itself is also not
stable, and varies with respect to moisture, dung-soil mixture, time of
use, and time after abandonment field and laboratory spectral mea-
surements could help in better quantifying the signal and its variability
vis-a-vis those conditions. Moreover, new cloud and shadow detection
algorithms (e.g., Wang et al., 2021) could outperform the UDM2 layer
used in this study, further improving the reliability of the temporal
signal.

Whereas in this study we implemented a conceptual idea on boma-
induced reflectance changes with respect to surrounding, data-driven
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machine learning techniques could potentially reveal additional spatial
and temporal features from the PlanetScope series that may help
discerning bomas from non-boma areas, possibly also including a variety
of spectral indices. A larger training dataset could potentially be con-
structed by purposely incorporating more areas with commission errors
(non-boma areas). Machine learning techniques that are fed with a large
amount of training data and features are increasingly being applied in
classification and detection studies (Ma et al., 2019). In the boma case,
this could be achieved by splitting up time series into shorter sequences
labelled as ‘boma appearance’ and ‘boma absence’, and allowing the
computer to empirically derive which features best explain the
appearance. A similar approach was used for example for the detection
of mowing events (Lobert et al., 2021). Potentially, such a machine
learning approach could also account for different antecedent moisture
conditions by incorporating rainfall series in the learning.
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6.4. Outlook

Despite that our results are promising for scaling the monitoring of
temporary bomas with remote sensing to larger areas, two factors still
inhibit this. The first is the need to further improve accuracy, particu-
larly by reducing commission errors, as discussed in Section 6.2. The
second is the cost of the commercial PlanetScope data, which is
currently about 1.80$/km? (although pricing models change). Given the
need for dense time series, the cost could become prohibitive for large
areas. Fortunately, several initiatives help to reduce costs, such as the
Planet education and research program, free third-party access through
the European Space Agency, and deals with Norway's International
Climate and Forest Initiative for free access to PlanetScope data over the
tropics. Alternatively, Sentinel-2 series could also be explored as an
alternative to PlanetScope, despite its longer revisit time and coarser
spatial resolution. On individual Sentinel-2 imagery active bomas
cannot visually be discerned, because the largest bomas of 25 m diam-
eter could contain at maximum four pure 10x10m pixels; for this reason,
we discarded it as a primary data source in this study. Nonetheless,
future research could reveal that temporal trajectories from Sentinel-2
surface reflectance may be linked to boma installation, even if these
changes occur (partially) at sub-pixel level.

Effective detection of bomas and their dynamics will allow to better
understand nutrient dislocations in savannas and other pastoral systems,
which is fundamental for understanding nutrient cycling, structural
evolution, and biodiversity of these low-intensity managed systems.
Existing studies underline the large uncertainties involved, but highlight
the important role that bomas play for ecosystem nutrient cycling
(Muchiru et al., 2009), as N2O emission hotspots (Butterbach-Bahl et al.,
2020; Carbonell et al., 2021), for plant species composition and nutri-
tional quality (Augustine, 2003; Stelfox, 1986), and for large-scale
structuring of African grasslands over centuries or millennia (Marshall
et al., 2018). Notwithstanding the scope for increasing the effectivity of
our boma detection approach, it constitutes an important step to better
understand nutrient fluxes in savannas.

Our approach for detecting short-lived small-scale events could be
used for detecting other human interventions in the landscape. Dense
PlanetScope time series are increasingly being used in studies that assess
land surface dynamics, including vegetation phenology (Cheng et al.,
2020; Dixon et al., 2021), land use change (Pickering et al., 2021), and
snow cover (Cannistra et al., 2021). Such studies demonstrated the po-
tential to assess fine-scale spatial patterns, for example in green-up of
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The location and extent of each subset within Kapiti is indicated with blue squares on the bottom right inset. For each subset two Pleiades images are shown. The top
right area of (a) corresponds to surface water behind a dam. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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individual tree crowns. Our present study shows that PlanetScope also
allows to detect specific temporal trajectories that relate to human-
induced interventions in the landscape, in our case mobile bomas.
Other human interventions may cause similar changes; one example is
the production of charcoal in small (~5-15 m diameter) kilns, which is a
common (often-illegal) practice throughout Africa causing land degra-
dation. Such kilns usually remain visible for several months or longer
after their use due to the black ashes and charcoal residues that are left
on the surface after the charcoal “harvesting”. While sub-meter satellite
imagery can provide good snapshots of the phenomena (Bolognesi et al.,
2015; Rembold et al., 2013), our approach may be particularly suited to
provide timely information on charcoal production ‘fronts’, possibly
allowing for more targeted control. Initial attempts with Sentinel-2 time
series provided limited success (Nakalema, 2019), but this application
may prove viable with short-revisit high-resolution PlanetScope series.

7. Conclusions

This study demonstrated that dense time series of PlanetScope im-
agery allow for the detection of short-lived mobile bomas. Our auto-
mated approach inferred boma presence from changes in the NIR
reflectance difference between a boma and its surroundings, thereby
accounting for temporal instability in PlanetScope's surface reflectance
product. Although further improvements in accuracy can be envisaged,
application of this approach at landscape scale revealed spatio-temporal
dynamics of mobile bomas, which cannot be derived from irregular sub-
meter resolution imagery alone. The approach provides valuable infor-
mation to improve our understanding of nutrient fluxes within a land-
scape, and may also be suited for the detection of other small-scale
temporary land surface changes.

Author contribution

AV is the main author of the paper, and responsible for the analysis
and results. AV and FF ascertained funding, conceptualized the research,
and conducted the fieldwork. FF, SL, LM, and KB-B facilitated access to
the GPS collar and meteorological data for Kapiti, and addressed the
ecological significance of the work. YC wrote the code for the pre-
processing of the PlanetScope data. TN and TG participated with AV
in an earlier unpublished study that used a similar methodology for
detecting charcoal production sites in Somalia. All authors contributed
to the writing of the manuscript and approved the final version.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

AV was funded by the Dutch Research Council (NWO), Space for
Global Development (WOTRO) programme, as part of the CGIAR-
Netherlands partnership. The CGIAR Research Program on Livestock
and contributors to the CGIAR Trust Fund are acknowledged for sup-
porting this research. Furthermore, this work received financial support
from the German Federal Ministry for Economic Cooperation and
Development (BMZ) commissioned by the Deutsche Gesellschaft fiir
Internationale Zusammenarbeit (GIZ) through the Programme for
Climate-Smart Livestock (PCSL grant no: 2017.0119.2). We thank Ilona
Gluecks and Michael W. Graham (both ILRI) for their help in organizing
the GPS collar data, and Nehemiah Kimengich (ILRI) for his assistance in
the field. PlanetScope imagery was accessed freely through the Educa-
tion and Research program of Planet. The Pléiades imagery was ob-
tained through Airbus Defence and Space in the framework of the
European Space Agency's Third Party Mission dissemination.

14

Remote Sensing of Environment 279 (2022) 113110

References

Abdollahi, A., Pradhan, B., Shukla, N., Chakraborty, S., Alamri, A., 2020. Deep learning
approaches applied to remote sensing datasets for road extraction: a state-of-the-art
review. Remote Sens. 12, 1444 https://doi.org/10.3390/rs12091444.

Airbus Defence, Space, 2021. Pléiades Imagery User Guide.

Augustine, D.J., 2003. Long-term, livestock-mediated redistribution of nitrogen and
phosphorus in an East African savanna. J. Appl. Ecol. 40, 137-149. https://doi.org/
10.1046/j.1365-2664.2003.00778.x.

Blackmore, A.C., Mentis, M.T., Scholes, R.J., 1990. The origin and extent of nutrient-
enriched patches within a nutrient-poor savanna in South Africa. J. Biogeogr. 17,
463-470. https://doi.org/10.2307/2845378.

Bolognesi, M., Vrieling, A., Rembold, F., Gadain, H., 2015. Rapid mapping and impact
estimation of illegal charcoal production in southern Somalia based on WorldView-1
imagery. Energy Sustain. Dev. 25, 40-49. https://doi.org/10.1016/j.
esd.2014.12.008.

Butterbach-Bahl, K., Gettel, G., Kiese, R., Fuchs, K., Werner, C., Rahimi, J., Barthel, M.,
Merbold, L., 2020. Livestock enclosures in drylands of Sub-Saharan Africa are
overlooked hotspots of N20 emissions. Nat. Commun. 11, 4644. https://doi.org/
10.1038/541467-020-18359-y.

Cannistra, A.F., Shean, D.E., Cristea, N.C., 2021. High-resolution CubeSat imagery and
machine learning for detailed snow-covered area. Remote Sens. Environ. 258,
112399 https://doi.org/10.1016/j.rse.2021.112399.

Carbonell, V., Merbold, L., Diaz-Pinés, E., Dowling, T.P.F., Butterbach-Bahl, K., 2021.
Nitrogen cycling in pastoral livestock systems in Sub-Saharan Africa: knowns and
unknowns. Ecol. Appl. 31 (6), e02368 https://doi.org/10.1002/eap.2368.

Cawse-Nicholson, K., Townsend, P.A., Schimel, D., Assiri, A.M., Blake, P.L.,
Buongiorno, M.F., Campbell, P., Carmon, N., Casey, K.A., Correa-Pabén, R.E.,
Dahlin, K.M., Dashti, H., Dennison, P.E., Dierssen, H., Erickson, A., Fisher, J.B.,
Frouin, R., Gatebe, C.K., Gholizadeh, H., Gierach, M., Glenn, N.F., Goodman, J.A.,
Griffith, D.M., Guild, L., Hakkenberg, C.R., Hochberg, E.J., Holmes, T.R.H., Hu, C.,
Hulley, G., Huemmrich, K.F., Kudela, R.M., Kokaly, R.F., Lee, C.M., Martin, R.,
Miller, C.E., Moses, W.J., Muller-Karger, F.E., Ortiz, J.D., Otis, D.B., Pahlevan, N.,
Painter, T.H., Pavlick, R., Poulter, B., Qi, Y., Realmuto, V.J., Roberts, D.,
Schaepman, M.E., Schneider, F.D., Schwandner, F.M., Serbin, S.P., Shiklomanov, A.
N., Stavros, E.N., Thompson, D.R., Torres-Perez, J.L., Turpie, K.R., Tzortziou, M.,
Ustin, S., Yu, Q., Yusup, Y., Zhang, Q., 2021. NASA’s surface biology and geology
designated observable: a perspective on surface imaging algorithms. Remote Sens.
Environ. 257, 112349 https://doi.org/10.1016/j.rse.2021.112349.

Cheng, Y., Vrieling, A., Fava, F., Meroni, M., Marshall, M., Gachoki, S., 2020. Phenology
of short vegetation cycles in a Kenyan rangeland from PlanetScope and Sentinel-2.
Remote Sens. Environ. 248, 112004 https://doi.org/10.1016/j.rse.2020.112004.

Chuvieco, E., Mouillot, F., van der Werf, G.R., San Miguel, J., Tanasse, M., Koutsias, N.,
Garcia, M., Yebra, M., Padilla, M., Gitas, I., Heil, A., Hawbaker, T.J., Giglio, L., 2019.
Historical background and current developments for mapping burned area from
satellite Earth observation. Remote Sens. Environ. 225, 45-64. https://doi.org/
10.1016/j.rse.2019.02.013.

Cleveland, W.S., 1979. Robust locally weighted regression and smoothing scatterplots.
J. Am. Stat. Assoc. 74, 829-836. https://doi.org/10.1080/
01621459.1979.10481038.

Conciatore, J. (2019). Lion-proof enclosures, beehive barriers, and chilies stem human-
wildlife conflict. (accessed last 4 June 2022). https://www.awf.org/news/lion-
proof-enclosures-beehive-barriers-and-chilies-stem-human-wildlife-conflict.

Cooley, S.W., Smith, L.C., Stepan, L., Mascaro, J., 2017. Tracking dynamic northern
surface water changes with high-frequency Planet CubeSat imagery. Remote Sens. 9
(12), 1306 https://doi.org/10.3390/rs9121306.

Corcoran, E., Winsen, M., Sudholz, A., Hamilton, G., 2021. Automated detection of
wildlife using drones: synthesis, opportunities and constraints. Methods Ecol. Evol.
12, 1103-1114. https://doi.org/10.1111/2041-210X.13581.

Dixon, D.J., Callow, J.N., Duncan, J.M.A., Setterfield, S.A., Pauli, N., 2021. Satellite
prediction of forest flowering phenology. Remote Sens. Environ. 255, 112192
https://doi.org/10.1016/j.rse.2020.112197.

Drusch, M., Del Bello, U., Carlier, S., Colin, O., Fernandez, V., Gascon, F., Hoersch, B.,
Isola, C., Laberinti, P., Martimort, P., Meygret, A., Spoto, F., Sy, O., Marchese, F.,
Bargellini, P., 2012. Sentinel-2: ESA’s optical high-resolution mission for GMES
operational services. Remote Sens. Environ. 120, 25-36. https://doi.org/10.1016/].
rse.2011.11.026.

Duporge, 1., Isupova, O., Reece, S., Macdonald, D.W., Wang, T., 2021. Using very-high-
resolution satellite imagery and deep learning to detect and count African elephants
in heterogeneous landscapes. Remote Sens. Ecol. Conserv. 7, 369-381. https://doi.
org/10.1002/rse2.195.

Fick, S.E., Hijmans, R.J., 2017. WorldClim 2: new 1-km spatial resolution climate
surfaces for global land areas. Int. J. Climatol. 37, 4302-4315. https://doi.org/
10.1002/joc.5086.

Fisher, J.B., Lee, B., Purdy, A.J., Halverson, G.H., Dohlen, M.B., Cawse-Nicholson, K.,
Wang, A., Anderson, R.G., Aragon, B., Arain, M.A., Baldocchi, D.D., Baker, J.M.,
Barral, H., Bernacchi, C.J., Bernhofer, C., Biraud, S.C., Bohrer, G., Brunsell, N.,
Cappelaere, B., Castro-Contreras, S., Chun, J., Conrad, B.J., Cremonese, E.,
Demarty, J., Desai, A.R., De Ligne, A., Foltynov4, L., Goulden, M.L., Griffis, T.J.,
Griinwald, T., Johnson, M.S., Kang, M., Kelbe, D., Kowalska, N., Lim, J.H.,
Mainassara, I., McCabe, M.F., Missik, J.E.C., Mohanty, B.P., Moore, C.E., Morillas, L.,
Morrison, R., Munger, J.W., Posse, G., Richardson, A.D., Russell, E.S., Ryu, Y.,
Sanchez-Azofeifa, A., Schmidt, M., Schwartz, E., Sharp, L., Sigut, L., Tang, Y.,
Hulley, G., Anderson, M., Hain, C., French, A., Wood, E., Hook, S., 2020.
ECOSTRESS: NASA’s next generation mission to measure evapotranspiration from


https://doi.org/10.3390/rs12091444
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0010
https://doi.org/10.1046/j.1365-2664.2003.00778.x
https://doi.org/10.1046/j.1365-2664.2003.00778.x
https://doi.org/10.2307/2845378
https://doi.org/10.1016/j.esd.2014.12.008
https://doi.org/10.1016/j.esd.2014.12.008
https://doi.org/10.1038/s41467-020-18359-y
https://doi.org/10.1038/s41467-020-18359-y
https://doi.org/10.1016/j.rse.2021.112399
https://doi.org/10.1002/eap.2368
https://doi.org/10.1016/j.rse.2021.112349
https://doi.org/10.1016/j.rse.2020.112004
https://doi.org/10.1016/j.rse.2019.02.013
https://doi.org/10.1016/j.rse.2019.02.013
https://doi.org/10.1080/01621459.1979.10481038
https://doi.org/10.1080/01621459.1979.10481038
https://www.awf.org/news/lion-proof-enclosures-beehive-barriers-and-chilies-stem-human-wildlife-conflict
https://www.awf.org/news/lion-proof-enclosures-beehive-barriers-and-chilies-stem-human-wildlife-conflict
https://doi.org/10.3390/rs9121306
https://doi.org/10.1111/2041-210X.13581
https://doi.org/10.1016/j.rse.2020.112197
https://doi.org/10.1016/j.rse.2011.11.026
https://doi.org/10.1016/j.rse.2011.11.026
https://doi.org/10.1002/rse2.195
https://doi.org/10.1002/rse2.195
https://doi.org/10.1002/joc.5086
https://doi.org/10.1002/joc.5086

A. Vrieling et al.

the international space station. Water Resour. Res. 56. https://doi.org/10.1029/
2019WR026058 e2019WR026058.

Gilbert, M., Nicolas, G., Cinardi, G., Van Boeckel, T.P., Vanwambeke, S.O., Wint, G.R.W.,
Robinson, T.P., 2018. Global distribution data for cattle, buffaloes, horses, sheep,
goats, pigs, chickens and ducks in 2010. Sci. Data 5, 180227. https://doi.org/
10.1038/sdata.2018.227.

Gleyzes, M.A., Perret, L., Kubik, P., 2012. PLEIADES system architecture and main
performances. In: International Archives of the Photogrammetry, Remote Sensing
and Spatial Information Sciences - ISPRS Archives, pp. 537-542. https://doi.org/
10.5194/isprsarchives-XXXIX-B1-537-2012.

Harris, F., 2002. Management of manure in farming systems in semi-arid West Africa.
Exp. Agric. 38, 131-148. https://doi.org/10.1017/50014479702000212.

Hollings, T., Burgman, M., van Andel, M., Gilbert, M., Robinson, T., Robinson, A., 2018.
How do you find the green sheep? A critical review of the use of remotely sensed
imagery to detect and count animals. Methods Ecol. Evol. 9, 881-892. https://doi.
org/10.1111/2041-210X.12973.

Houborg, R., McCabe, M.F., 2018. A Cubesat enabled spatio-temporal enhancement
method (CESTEM) utilizing Planet, Landsat and MODIS data. Remote Sens. Environ.
209, 211-226. https://doi.org/10.1016/].rse.2018.02.067.

Huang, H., Roy, D.P., 2021. Characterization of Planetscope-0 Planetscope-1 surface
reflectance and normalized difference vegetation index continuity. Sci. Remote Sens.
3, 100014 https://doi.org/10.1016/j.5r5.2021.100014.

ILRI, 2019. Kapiti Research Station; A Livestock, Environmental and Agricultural
Research Station in Southeastern Kenya. ILRI Brochure. International Livestock
Research Institute, Nairobi, Kenya.

Karen Blixen Camp Trust, 2021. The Movable Bomas Program. https://karenblixencampt
rust.org/program/ecosystem/. (Accessed 4 June 2022).

Kissui, B.M., Kiffner, C., Konig, H.J., Montgomery, R.A., 2019. Patterns of livestock
depredation and cost-effectiveness of fortified livestock enclosures in northern
Tanzania. Ecol. Evol. 9, 11420-11433. https://doi.org/10.1002/ece3.5644.

Koetz, B., Bastiaanssen, W., Berger, M., Defourney, P., Del Bello, U., Drusch, M.,
Drinkwater, M., Duca, R., Fernandez, V., Ghent, D., Guzinski, R., Hoogeveen, J.,
Hook, S., Lagouarde, J.P., Lemoine, G., Manolis, I., Martimort, P., Masek, J.,
Massart, M., Notarnicola, C., Sobrino, J., Udelhoven, T., 2018. High spatio-temporal
resolution land surface temperature mission - a Copernicus candidate mission in
support of agricultural monitoring. In: IGARSS 2018-2018 IEEE International
Geoscience and Remote Sensing Symposium, pp. 8160-8162. https://doi.org/
10.1109/I1GARSS.2018.8517433.

Kotchenova, S.Y., Vermote, E.F., Matarrese, R., Klemm Jr., F.J., 2006. Validation of a
vector version of the 6S radiative transfer code for atmospheric correction of satellite
data. Part I: Path radiance. Appl. Opt. 45, 6762-6774. https://doi.org/10.1364/
A0.45.006762.

Lesilau, F., Fonck, M., Gatta, M., Musyoki, C., Zelfde, M.V., Persoon, G.A., Musters, K.C.J.
M., De Snoo, G.R., De Iongh, H.H., 2018. Effectiveness of a LED flashlight technique
in reducing livestock depredation by lions (Panthera leo) around Nairobi National
Park, Kenya. PLoS One 13. https://doi.org/10.1371/journal.pone.0190898
€0190898.

Li, Z., Scheffler, D., Coops, N.C., Leach, N., Sachs, T., 2021. Towards analysis ready data
of optical CubeSat images: demonstrating a hierarchical normalization framework at
a wetland site. Int. J. Appl. Earth Obs. Geoinf. 103, 102502 https://doi.org/
10.1016/j.jag.2021.102502.

Lobert, F., Holtgrave, A.-K., Schwieder, M., Pause, M., Vogt, J., Gocht, A., Erasmia, S.,
2021. Mowing event detection in permanent grasslands: systematic evaluation of
input features from Sentinel-1, Sentinel-2, and Landsat 8 time series. Remote Sens.
Environ. 267, 112751 https://doi.org/10.1016/j.rse.2021.112751.

Loveridge, A.J., Kuiper, T., Parry, R.H., Sibanda, L., Hunt, J.H., Stapelkamp, B.,
Sebele, L., Macdonald, D.W., 2017. Bells, bomas and beefsteak: complex patterns of
human-predator conflict at the wildlife-agropastoral interface in Zimbabwe. PeerJ 5,
€2898. https://doi.org/10.7717 /peer;j.2898.

Ma, L., Liu, Y., Zhang, X., Ye, Y., Yin, G., Johnson, B.A., 2019. Deep learning in remote
sensing applications: a meta-analysis and review. ISPRS J. Photogramm. Remote
Sens. 152, 166-177. https://doi.org/10.1016/j.isprsjprs.2019.04.015.

Marshall, F., Reid, R.E.B., Goldstein, S., Storozum, M., Wreschnig, A., Hu, L., Kiura, P.,
Shahack-Gross, R., Ambrose, S.H., 2018. Ancient herders enriched and restructured
African grasslands. Nature 561, 387-390. https://doi.org/10.1038/541586-018-
0456-9.

Muchiru, A.N., Western, D., Reid, R.S., 2009. The impact of abandoned pastoral
settlements on plant and nutrient succession in an African savanna ecosystem.

J. Arid Environ. 73, 322-331. https://doi.org/10.1016/j.jaridenv.2008.09.018.

Nakalema, T., 2019. Detection of Charcoal Production Sites in Somalia with Very High
Resolution and Sentinel-2 Imagery.. MSc thesis University of Twente, Enschede, the
Netherlands.

15

Remote Sensing of Environment 279 (2022) 113110

Okello, Makonjio M., Kiringe, J.W., Warinwa, F., 2014. Human-carnivore conflicts in
private conservancy lands of Elerai and Oltiyiani in Amboseli area, Kenya. Nat. Res.
Forum 5, 375-391. https://doi.org/10.4236/nr.2014.58036.

Peel, M., Stalmans, M., 2018. The effect of holistic planned grazingTM on African
rangelands: a case study from Zimbabwe. Afr. J. Range Forage Sci. 35, 23-31.
https://doi.org/10.2989,/10220119.2018.1440630.

Pekel, J.-F., Cottam, A., Gorelick, N., Belward, A.S., 2016. High-resolution mapping of
global surface water and its long-term changes. Nature 540, 418-422. https://doi.
org/10.1038/nature20584.

Pickering, J., Tyukavina, A., Lima, A., Khan, A., Potapov, P., Adusei, B., Hansen, M.C.,
2021. Using multi-resolution satellite data to quantify land dynamics: applications of
Planetscope imagery for cropland and tree-cover loss area estimation. Remote Sens.
13 (11), 2191 https://doi.org/10.3390/rs13112191.

Porensky, L.M., Veblen, K.E., 2015. Generation of ecosystem hotspots using short-term
cattle corrals in an African savanna. Rangel. Ecol. Manag. 68, 131-141. https://doi.
org/10.1016/j.rama.2015.01.002.

Probert, J.R., Parr, C.L., Holdo, R.M., Anderson, T.M., Archibald, S., Courtney
Mustaphi, C.J., Dobson, A.P., Donaldson, J.E., Hopcraft, G.C., Hempson, G.P.,
Morrison, T.A., Beale, C.M., 2019. Anthropogenic modifications to fire regimes in
the wider Serengeti-Mara ecosystem. Glob. Chang. Biol. 25, 3406-3423. https://doi.
org/10.1111/gcb.14711.

Rembold, F., Oduori, S.M., Gadain, H., Toselli, P., 2013. Mapping charcoal driven forest
degradation during the main period of Al Shabaab control in Southern Somalia.
Energy Sustain. Dev. 17, 510-514. https://doi.org/10.3390/rs5041704.

Roy, D.P., Huang, H., Houborg, R., Martins, V.S., 2021. A global analysis of the temporal
availability of PlanetScope high spatial resolution multi-spectral imagery. Remote
Sens. Environ. 264, 112586 https://doi.org/10.1016/j.rse.2021.112586.

Sadeh, Y., Zhu, X., Dunkerley, D., Walker, J.P., Zhang, Y., Rozenstein, O.,
Manivasagam, V.S., Chenu, K., 2021. Fusion of Sentinel-2 and PlanetScope time-
series data into daily 3 m surface reflectance and wheat LAI monitoring. Int. J. Appl.
Earth Obs. Geoinf. 96, 102260 https://doi.org/10.1016/j.jag.2020.102260.

Sankaran, M., Ratnam, J., Hanan, N., 2008. Woody cover in African savannas: the role of
resources, fire and herbivory. Glob. Ecol. Biogeogr. 17, 236-245. https://doi.org/
10.1111/j.1466-8238.2007.00360.x.

Sokolova, M., Lapalme, G., 2009. A systematic analysis of performance measures for
classification tasks. Inf. Process. Manag. 45, 427-437. https://doi.org/10.1016/j.
ipm.2009.03.002.

Stelfox, J.B., 1986. Effects of livestock enclosures (bomas) on the vegetation of the Athi
Plains, Kenya. Afr. J. Ecol. 24, 41-45. https://doi.org/10.1111/j.1365-2028.1986.
tb00340.x.

Tian, H., Xu, R., Canadell, J.G., Thompson, R.L., Winiwarter, W., Suntharalingam, P.,
Davidson, E.A., Ciais, P., Jackson, R.B., Janssens-Maenhout, G., Prather, M.J.,
Regnier, P., Pan, N, Pan, S., Peters, G.P., Shi, H., Tubiello, F.N., Zaehle, S., Zhou, F.,
Arneth, A., Battaglia, G., Berthet, S., Bopp, L., Bouwman, A.F., Buitenhuis, E.T.,
Chang, J., Chipperfield, M.P., Dangal, S.R.S., Dlugokencky, E., Elkins, J.W., Eyre, B.
D., Fu, B, Hall, B., Ito, A., Joos, F., Krummel, P.B., Landolfi, A., Laruelle, G.G.,
Lauerwald, R., Li, W., Lienert, S., Maavara, T., MacLeod, M., Millet, D.B., Olin, S.,
Patra, P.K., Prinn, R.G., Raymond, P.A., Ruiz, D.J., van der Werf, G.R., Vuichard, N.,
Wang, J., Weiss, R.F., Wells, K.C., Wilson, C., Yang, J., Yao, Y., 2020.

A comprehensive quantification of global nitrous oxide sources and sinks. Nature
586, 248-256. https://doi.org/10.1038/s41586-020-2780-0.

Veblen, K.E., 2013. Impacts of traditional livestock corrals on woody plant communities
in an East African savanna. Rangel. J. 35, 349-353. https://doi.org/10.1071/
RJ13001.

Wang, J., Yang, D., Chen, S., Zhu, X., Wu, S., Bogonovich, M., Guo, Z., Zhu, Z., Wu, J.,
2021. Automatic cloud and cloud shadow detection in tropical areas for PlanetScope
satellite images. Remote Sens. Environ. 264, 112604 https://doi.org/10.1016/j.
rse.2021.112604.

Woodcock, C.E., Strahler, A.H., 1987. The factor of scale in remote sensing. Remote Sens.
Environ. 21, 311-332. https://doi.org/10.1016/0034-4257(87)90015-0.

Xue, Y., Wang, T., Skidmore, A.K., 2017. Automatic counting of large mammals from
very high resolution panchromatic satellite imagery. Remote Sens. 9, 878 https://
doi.org/10.3390/rs9090878.

Yang, Q., Shen, X., Anagnostou, E.N., Mo, C., Eggleston, J.R., Kettner, A.J., 2021. A high-
resolution flood inundation archive (2016-the present) from Sentinel-1 SAR imagery
over CONUS. Bull. Am. Meteorol. Soc. 102, E1064-E1079. https://doi.org/10.1175/
BAMS-D-19-0319.1.

Zingman, 1., Saupe, D., Penatti, O.A.B., Lambers, K., 2016. Detection of fragmented
rectangular enclosures in very high resolution remote sensing images. IEEE Trans.
Geosci. Remote Sens. 54, 4580-4593. https://doi.org/10.1109/
TGRS.2016.2545919.


https://doi.org/10.1029/2019WR026058
https://doi.org/10.1029/2019WR026058
https://doi.org/10.1038/sdata.2018.227
https://doi.org/10.1038/sdata.2018.227
https://doi.org/10.5194/isprsarchives-XXXIX-B1-537-2012
https://doi.org/10.5194/isprsarchives-XXXIX-B1-537-2012
https://doi.org/10.1017/S0014479702000212
https://doi.org/10.1111/2041-210X.12973
https://doi.org/10.1111/2041-210X.12973
https://doi.org/10.1016/j.rse.2018.02.067
https://doi.org/10.1016/j.srs.2021.100014
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0135
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0135
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0135
https://karenblixencamptrust.org/program/ecosystem/
https://karenblixencamptrust.org/program/ecosystem/
https://doi.org/10.1002/ece3.5644
https://doi.org/10.1109/IGARSS.2018.8517433
https://doi.org/10.1109/IGARSS.2018.8517433
https://doi.org/10.1364/AO.45.006762
https://doi.org/10.1364/AO.45.006762
https://doi.org/10.1371/journal.pone.0190898
https://doi.org/10.1016/j.jag.2021.102502
https://doi.org/10.1016/j.jag.2021.102502
https://doi.org/10.1016/j.rse.2021.112751
https://doi.org/10.7717/peerj.2898
https://doi.org/10.1016/j.isprsjprs.2019.04.015
https://doi.org/10.1038/s41586-018-0456-9
https://doi.org/10.1038/s41586-018-0456-9
https://doi.org/10.1016/j.jaridenv.2008.09.018
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0195
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0195
http://refhub.elsevier.com/S0034-4257(22)00224-3/rf0195
https://doi.org/10.4236/nr.2014.58036
https://doi.org/10.2989/10220119.2018.1440630
https://doi.org/10.1038/nature20584
https://doi.org/10.1038/nature20584
https://doi.org/10.3390/rs13112191
https://doi.org/10.1016/j.rama.2015.01.002
https://doi.org/10.1016/j.rama.2015.01.002
https://doi.org/10.1111/gcb.14711
https://doi.org/10.1111/gcb.14711
https://doi.org/10.3390/rs5041704
https://doi.org/10.1016/j.rse.2021.112586
https://doi.org/10.1016/j.jag.2020.102260
https://doi.org/10.1111/j.1466-8238.2007.00360.x
https://doi.org/10.1111/j.1466-8238.2007.00360.x
https://doi.org/10.1016/j.ipm.2009.03.002
https://doi.org/10.1016/j.ipm.2009.03.002
https://doi.org/10.1111/j.1365-2028.1986.tb00340.x
https://doi.org/10.1111/j.1365-2028.1986.tb00340.x
https://doi.org/10.1038/s41586-020-2780-0
https://doi.org/10.1071/RJ13001
https://doi.org/10.1071/RJ13001
https://doi.org/10.1016/j.rse.2021.112604
https://doi.org/10.1016/j.rse.2021.112604
https://doi.org/10.1016/0034-4257(87)90015-0
https://doi.org/10.3390/rs9090878
https://doi.org/10.3390/rs9090878
https://doi.org/10.1175/BAMS-D-19-0319.1
https://doi.org/10.1175/BAMS-D-19-0319.1
https://doi.org/10.1109/TGRS.2016.2545919
https://doi.org/10.1109/TGRS.2016.2545919

	Identification of temporary livestock enclosures in Kenya from multi-temporal PlanetScope imagery
	1 Introduction
	2 Study area
	3 Data
	3.1 PlanetScope
	3.2 Pléiades imagery
	3.3 GPS tracking and ancillary in-situ observations

	4 Methods
	4.1 Constructing a reference boma dataset
	4.2 A spatial difference index from PlanetScope
	4.3 A decision rule based on NIR difference index time series
	4.4 Exploring factors determining boma detectability
	4.5 Implementation of decision rule to study area extent

	5 Results
	6 Discussion
	6.1 Potential of the boma detection approach
	6.2 Detection errors and possible solutions
	6.3 Further improvements to the method
	6.4 Outlook

	7 Conclusions
	Author contribution
	Declaration of Competing Interest
	Acknowledgements
	References


