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ABSTRACT
Humans and wildlife are increasingly coming into contact with each other in interactions

that are often adverse. Understanding such interactions requires ascertaining how patterns and
processes operate at multiple scales. Conservation science’s understanding of broad ecological patterns
and theories is constructed by examining local patterns and principles. Consequently, it is imperative
wildlife coexistence be investigated at multiple scales to identify the most appropriate spatial and
temporal resolutions for local contexts. In the region south of Victoria Falls, Zimbabwe, humans and
elephants contend for space and resources amid seasonal fluctuations. Erratic precipitation and harsh
growing conditions magnify this competition. The overarching goal of this research is to ameliorate
human-elephant relations using geospatial analysis. This work uses geospatial analysis with scale acting
as the pivotal nexus and conceptual framework. Following a review of methods for scaling remotely
sensed data, land cover is classified at multiple spatial resolutions and different seasons to understand
the spatial and temporal scale necessary for documenting changes in vegetation condition. Machine
learning is used to model where conflict occurs and to determine which environmental and
anthropogenic factors are most important for human-elephant conflict modeling in this region. In
contrast to regions such as Hwange National Park in Zimbabwe and protected areas in Botswana and

Kenya, little has been published about human-elephant conflictin this specificregion. Findings engender



greater precision in conflict mitigation efforts and enhance our scientific understanding of scaling

processes and human-elephant relations.
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1 INTRODUCTION AND LITERATURE REVIEW

As humans exert tremendous pressures on the planet and biodiversity declines (Newbold et al.,
2015; Waters et al., 2016), the relationships humans have with the environment and with wildlife grow
increasingly strained and complex. The scale at which human activities encroach into wildlife habitat,
the recovery of previously declining wildlife populations, and environmental changes collectively
accelerate conflicts between humans and wildlife (Treves, 2008). Contentious relations between wildlife
and humans are becoming more pervasive (Madden, 2004; Thouless et al., 2016; Young et al., 2010). For
humans to coexist with wildlife in a world where the two more frequently come into contact in
antithetical ways, we need toincorporate local and context-specificstudies (Gregory, 2000; Knight et al.,
2006). This includes data that are inherently nuanced and affected by land use change, human culture,
local policies, national policies, colonialism and its legacies (Dickman, 2010). In conservation science, the
goal is often to scale from local to regional and regional to local in terms of conservation solutions,
methods, predictions, models, etc. Optimal solutions for human-wildlife coexistence for one region
should be applicable to other regions so general patterns can be discerned and simplified (Madden,
2004). Our understanding of larger patterns and theories in conservation science is composed of local
patterns and trends; thus, our approach should study these phenomena at multiple scales.

To demonstrate this multi-scalar approach, in this dissertation, | examine human-elephant
conflict around Victoria Falls, Zimbabwe. | aim to expand our understanding of human-elephant conflicts
(e.g. geographical, ecological, etc.), and then to substantiate if patterns in other countries apply to
northwestern Zimbabwe. Questions of scale underscore throughout. Chapter Two reviews scaling

methods forremotely sensed datato show how scaling data permeates landscape-scale wildlife studies.



Chapter Three examines land cover in the Victoria Falls region to discern whether temporal and spatial
resolution of remotely sensed imagery resolution potentially occlude or complicate land cover
classification. Chapter Four models human-elephant conflict to determine which underlying spatial
factors are most germane to predicting conflict so we may actively prevent and mitigate its effects.
Finally, Chapter 5 summarizes results and presents conclusions.

Large carnivores perhaps present the most obvious risk to human life, but mega herbivores can
also pose a significant danger. In situations where these large animals perceive a threat or are defending
their offspring, encounters might turn deadly for humans. Large appetites, space requirements, and
general resource needs accompany the impressive body size of these creatures. African elephants
(Loxodontaafricana), the largest extantland animal on the planet, spend most of the day browsing and
grazing (Laursen & Bekoff, 1978; Owen-Smith, 1988; Shannon et al., 2008). They resort to crop raiding
when highly preferred, cultivated foods are ripe and when natural vegetation health declines (Osborn,
2004; Tsalyuk et al., 2019). As such, elephants are arguably the greatest threat to African farmers
(Mwamidi et al., 2012; Parker et al., 2007). Elephants do not have a mating season (calves are born
every 3-5 years) and females form herds with their young whereas adult males form bachelor groups or
range as individuals (Laws et al., 1975; Moss & Poole, 1983). Bachelor herds and individual male
elephants are potentially more likely to be involved with conflict, as studies have found they increase
the amount of time spent in developed areas with increasing elephant density (Fortin et al., 2022).
Males are more likely to select anthropogenic habitat when compared to females (Fortin et al., 2022). It
has also been hypothesized that females are less willing to risk venturing to anthropogenic habitat to
protect their calves (Chiyo et al., 2011). Nonetheless, mothers will protect their young from humans if
they feel threatened.

Any progress toward alleviating conflict between humans and wildlife requires a synthesis of

local and context-specific studies, especially nuanced data. Again, this is why multi-scalar approaches



are essential. Human-wildlife studies occur within a matrix of related academic disciplines, including
political ecology, environmentalanthropology, wildlife biology, and landscape ecology. As most relevant
to my argument here, landscape ecology is the science of the relationships between spatial-temporal
patterns and ecological processes at a multitude of scales (J. Wu, 2013). It is an interdisciplinary field
focusing on broad-scale ecological issues and their pattern-process relationships. Studies of land use and
land cover change, landscape conservation, and animal movement all fall under the umbrella of
landscape ecology. The spatial patterns of landscapes are described by landscape metrics, including
patch density, dominance index, mean patch size, and others. Central to landscape ecology are the
concepts of scale and scaling, which have been identified as key research priorities (Meentemeyer,
1989; J. Wu & Hobbs, 2002). Scale can greatly affect studies of landscape change (Lausch & Herzog,
2002). Conservation science and wildlife management are thus closely linked to landscape ecology
through the landscape disturbances humans create, the patches wildlife navigate and inhabit, and the

landscapes humans transform.

1 General background and historical context

Zimbabwe is a landlocked South African country with a GDP of $33.83 billion US dollars where
42.5% of its land is devoted to agricultural purposes, the majority of which is pasture (“Zimbabwe,”
2023). Itis bordered by Botswanato the west, Zambia to the north, Mozambique to the east, and South
Africa to the south (Figure 1.1A). The country is divided into ten provinces, which are further subdivided
into 59 districts. Zimbabwe’s roughly 385,000 km? of land contains substantial biocultural diversity.
Mosi-o0a-Tunya, or Victoria Falls as it is known to most, is the largest waterfall on earth and one of the
seven natural wonders of the world. Itis located between Zimbabwe and Zambia. Just south of the
waterfalls is the city of Victoria Falls. It is in the Matabeleland North Province in the Hwange District

(Figure 1.1B).



The study region (Figure 1.1C) falls within the Matabeleland North Province in Zimbabwe; the
following background on climate, land use and land cover, and relevant policies are focused on this

province and on Zimbabwe.
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Figure 1.1. Insert map A shows Zimbabwe within the African continent. Map B shows the Matabeleland
North Province outlined in red, the Hwange District is indicated by light blue lines, and the city of
Victoria Falls indicated by a white circle centered around a black dot. The Zambezi River spans the
northern border of Zimbabwe and flows eastward into Lake Kariba. In Map C, Protected areas are
labeled by name and their type identified by color. The cities of Victoria Falls and Hwange are indicated

by white circles encasing a black dot. Satellite imagery is provided by Google.



Zimbabwe’s northern border with Zambiais divided by the Zambezi River. Visitors flock to Mosi-
oa-Tunya either from the city of Victoria Falls in Zimbabwe or from the larger city of Livingstone, in
Zambia. The degree of human modification in this region of Zimbabwe is significantly less than what is
observed for Livingstone across the river in Zambia; human populations are concentrated in Victoria
Falls and in the communal lands to the south. Hwange is further subdivided into wards, of which there
are 20 Rural District Wards (see Appendix A) governed by the Rural District Councils as well as wards for
the urban areas of Victoria Falls and Hwange.

The Zimbabwean landscape cannot be understood without recognizing its complicated socio-
political context due to colonial and neoliberal influences. After declaring independence from Britain in
1965, Rhodesia entered a period of internal war before establishing itself as “Zimbabwe” in 1980. The
country transitioned from a state-led approach to a market-based economicapproach subscribed by the
International Monetary Fund (Murisa, 2010). This strategy sought to redistribute land and use it
productively for farmers and national development (Geza, 1986). This market-based approach and
internal corruption led to a decline in social services, an increase in unemployment, and 60% of the
country’s population living on less than S1USD per day eight years later (Murisa, 2010; Richardson,
2005). In the 1980s, roughly 8,000 white commercial farmers owned 15.5 million hectares and 6,000
African farmers held 1.4 million hectares of small-scale farms; 700,000 indigenous occupied the
remaining 16.4 million hectares, the majority of which was comparatively less fertile and drier land
(Sachikonye, 2003). The Fast Track Land Reform Programme (FTLRP) began with the Land Acquisition Act
in 2002 and redistributed land resulting in a decline of large, capitalist farms and foreign and
domestically owned agricultural estates (Moyo, 2011). The FTLRP was designed to allocate land and
natural resources to formerly landless households, diversify livelihoods and expand economic
opportunities for women (Mkodzongi, 2013), but the reform was tainted by corruption and many have

alleged that land allocation was actually determined by political party (Hammar et al., 2003; Sachikonye,



2003). Women were largely excluded in land allocation as were youth (Bhatasara & Chiweshe, 2017,
Chipenda, 2018). This redistribution largely excluded vulnerable populations and it created problems for
certain social groupings (Addison, 2019; Chiweshe & Chabata, 2019; Sachikonye, 2003). Subsequent
policies such as regulation of land leasing in fast track resettlementareas and the Command Agriculture
program to ensure food security further affected the country and had effects that reverberated across
the landscape (Makuwerere Dube, 2021; Mudimu et al., 2020). Land in Zimbabwe is vested with a
history of colonialism and is continually influenced by global capitalist forces (Makuwerere Dube, 2021).
It is this historical, political, and social context of spatial resettlement and reform that has shaped the

land observed and captured remotely by satellites.

2 Climate, vegetation, and land cover change

The climate in Matabeleland North is best characterized as having three seasons: a cool and
rainy season starting in January and lasting through March, a cool and dry season from April until
October, and a hot and dry season from October to the end of January. Occasionally seasonality is
discussed in terms of precipitation only, thus the rainy season falls from Nov to March and the dry
season from April through October. Eighty percent of precipitation across Zimbabwe falls between the
months of November and March, with rainfall shifting earlier during dry years (Dube & Nhamo, 2019).
Precipitation in Victoria Falls has recently shifted later, starting in Novemberratherthan October, with a
notable decline in October monthly rainfall dating to the 1990s (Dube & Nhamo, 2019). Vegetation
typically responds to precipitation by one to two months (Mberego & Gwenzi, 2014). Crop water

requirements peak in December and January (Funk & Budde, 2009).



Typical annual timeline for agricultural activities
in Hwange, Zimbabwe
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Figure 1.2. Typical annual timeline for agricultural activities in Hwange, Zimbabwe. Rainfall historically
began in October but has shifted later over the past two decades. The main harvesting period typically
runs from April through July. Created based on conversations with in-situ collaborators and information

available on Famine Early Warning Systems Network on Zimbabwe.

Zimbabwe is also susceptible to droughts, which present a significant challenge to the country’s
agricultural sector (Mazvimavi, 2010). Depending on how droughts are measured (e.g. precipitation
measurements alone, reservoir altimetry observations, total water storage observations, vegetation
indices, etc.), the region has experienced multiple droughts. The years 2002, 2004, and 2019 are
particularly notable for the region (Hulsman etal., 2021). The Matabeleland North Province experienced
between five tosevenyears of drought from 1989 to 2019 based on remotely sensed vegetation indices
(Frischenetal., 2020). Drought episodes also appearto be increasingin length recently (Dube & Nhamo,
2019). Rainfall accumulation in three out of five rainy seasons from 2015 to 2020 was the lowest since
1981 with the worst drought the 2015-2016 rainy season (Husak et al., 2020). Farmer resiliency
declined, irrigation capacity was reduced, and national maize grain supplies were critically low

(GEOGLAM Crop Monitors, 2020).



Except for a small strip of grassland in the east, the majority of Zimbabwe falls within the
broadly-defined savanna vegetation zone (Van Wyk, 2013). Using the Koppen-Geiger System,
northwestern Zimbabwe is considered a hot, semi-arid climate (type “BSh”) (Beck et al., 2018). South of
Victoria Falls, dominant vegetation typesinthe communal lands are dry forests and thickets, specifically
Baikiaea woodland on Kalahari sand (Figure 1.3A) interspersed with Mopane woodlands, more
specifically Colophospermum woodland (Figure 1.3B) on skeletal soils (Timberlake et al., 1993). The
Baikiaea woodland in this region is an open woodland characterized by Baikiaea plurijuga 10-14m high
and includes a shrub layer with Paropsia brazzeana, Baphia massaiensis, Bauhinia petersiana and
others. Colophospermum woodland is composed of open woodland 8-12m high and vegetation
approaching woodland thicket with slight variations depending on the subtype of soil (Timberlake et al.,
1993). Common species found in the open woodland area include C. mopane, Kirkia acuminata,
Terminalia stuhlmannii, and others and the shrub layer consists of Carphalea pubescens, Dalbergia
melanoxylon, Gardenia resiniflua, Dichrostachys cinera, and others (Timberlake et al., 1993). The spatial
extent of most of these vegetation types visibly changes in satellite imagery in accordance with the
seasons, making the phenology, or the study of seasonal and periodic changes on biological life,

particularly germane.



Figure 1.3. A Baikiaea woodland and B Colophospermum woodland.

https://www.researchgate.net/publication/309469196_Structure_of avian_assemblages_in_Zambezian
_Baikiaea_woodlands_northern_Namibia and https://www.zambiaflora.com/speciesdata/image -

display.php?species_id=126560&image_id=12

Of the five main agro-ecological regions Zimbabwe is commonly divided into, Victoria Falls is in
Region IV (Figure 1.4), which receives on average between 450-650mm of rainfall annually (Manatsa et
al., 2020; Moyo, 2000; Vincent & Thomas, 1960). While Matabeleland North is suitable for cattle
ranching, erratic rainfall and generally poor soils significantly limit any potential for high-value crops
(Manatsa et al., 2020; Moyo, 2000; Vincent & Thomas, 1960). Without irrigation systems, farmers are
advised to select drought-tolerant crops, and cattle ranching and raising small livestock (poultry, goats,

etc.) is also advisable, but rainwater harvesting techniques are needed (Manatsa et al., 2020).
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Figure 1.4. Agro-Ecological Zones for Zimbabwe. Courtesy of Dr. Desmond Manatsa. Zimbabwe National
Geospatial and Space Agency (ZINGSA). The study area falls within Zone IV. Zone IV is characterized by
limited rainfall and maximum temperatures between 27 and 29C. Drought-tolerant crops are
recommended and extensive cattle ranching, rearing of small stock are suggested as ideal farming

systems forthis region. For more information about Zimbabwe’s Agro-Ecological Zones, see Appendix A.

Similar to South Africa, Namibia, and Kenya, an incredible amount of land in Zimbabwe was
allocated to the people of England by the English government, necessitating the restoration of land
ownership and land reform. While the complexities of land use and land cover (LULC) change may
preclude the establishment of direct links between land reform and LULC change, changes in land
tenure and agrarian reform likely had consequences for land use. For example, the average field size as
measured using Landsat imagery declined from 2001 to 2011 from 0.092 to 0.041km? (White & Roy,

2015); a period that covers when large, commercial farms were disaggregated as part of the FTLRP. A
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study using satellite data to document changes in land cover pre- and post-FTLRP in eastern Zimbabwe
found the dominant land cover type shifted from woodlands and grasslands to grasslands, cultivated
lands, and bare lands in 2005 (Sibanda et al., 2016). Similarly, changes in land cover in and around
Matobo National Park in southwestern Zimbabwe using Landsat imagery from 1989, 1998, and 2014
have been documented, with a decrease in agricultural area and increasingly fuzzy boundaries of
communal land observed, possibly due to gradual implementation of policy reforms dating back to 1990
(Scharsich et al., 2017).

Changes in LULC can have profound effects on biodiversity and human livelihoods and are
predicted to be the most important contributor to changes in biodiversity (Chapin et al., 2000). Cropland
mapping is particularly important given agriculture’s increasing role in sustainable resource
management (Matton et al., 2015). Across Zimbabwe, changes in land cover are driven by population
density, roads, and other factors (Kamwi et al., 2018). Croplands across Zimbabwe are expanding,
despite recent droughts (Useya et al., 2019). Land cover change was significant from 1984-2013 in
Forest Protected Areas within Zimbabwe, with settled forests predictably experiencing more
degradation than unsettled forests (Mutekwa & Gambiza, 2016). Forest patches became more
fragmented due to encroachment of human land cover types from 2002-2011 in the province to the

south of Victoria Falls (Shoko et al., 2016).

3 Background on human-elephant conflict and interactions

Of the two species of African elephants, the endangered African savanna elephant (Loxodonta
africana) inhabits Zimbabwe. A 2014 aerial study of Zimbabwe estimated the country’s elephant
population at 83,000 divided into four main populations based on geography, with the Northwest
Matabeleland having the highest African savanna elephant density (Zimbabwe National Elephant

Management Plan: 2015-2020, 2016). Zimbabwe’s elephant population is second only to Botswana
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which has roughly 120-130,000 elephantsand where population numbers remain stable (Schlossberg et
al., 2019). While elephant populations are generally rising, poaching remains a significant problem and
poisonings have also been on the rise (CITES Implementation Report, 2021; Zimbabwe’s Fifth National
Report to the Convention on Biodiversity, 2015).

Savanna elephants are generalist herbivores. They consume grasses, woody plants, and even
fruits depending on availability and environmental conditions. Their consumption of less nutritious
foods, such as bark and woody vegetation, increases during the dry season (Guy, 1976; Osborn, 2004;
Williamson, 1983). Their location on the landscape and their generalmovement patterns are influenced
by water availability (Loarie et al., 2009; Tshipa et al., 2017) and forage conditions, with elephants
responding to vegetation changes, moving to areas with intermediate to high levels of vegetation
greenness, and tracking even short-lived vegetation greening (Bohrer et al., 2014). Their speeds and
core use areas decline significantly during the dry season, presumably to conserve energy (Mlambo et
al., 2021; Vogeletal., 2020). Asthe dry season progresses and the availability of nutritional wild grasses
declines, elephants increase not only the amount of woody vegetation they consume but they are also
more likely to engage in crop-raiding (Osborn, 2004).

Elephants are drivers for biodiversity changes and conflict (Guldemond & Van Aarde, 2008;
Hoare, 1999; Parker & Osborn, 2001). Vegetation responds negatively to elephants in arid savanna
(Guldemond & Van Aarde, 2008) and elephants have been found toinhibit forest succession in disturbed
areas dominated by shrubs and grasses in Kibale National Park (Omeja et al., 2014). African elephants
have also been shown to be ecosystem engineers, modifying food availability for other animal species
(Valeix et al., 2011).

Human conflict with elephants has been observed in at least three ways: (1) elephant
conservation efforts reduce the agency of local human populations, (2) human-elephant violence, (3)

and most significantly, elephant crop-raiding. On one hand, local laws designed to protect wildlife can



13

harm livelihoods, but on the other, dissent about damage and losses can undermine conservation
programs (Naughton-Treves & Treves, 2005). For example, adopting a militarized approach of
conservation in response to elephant poaching can introduce violence to local people and diminish
autonomy over daily activities and livelihoods (Mushonga & Matose, 2020). Reducing and resolving
conflict with elephants is further complicated by the influence of international organizations within the
Convention In the Trade of Endangered Species or CITES (O’Connell-Rodwell et al., 2000). Across
protected areas in Zimbabwe, elephant management and conservation are the responsibility of the
Zimbabwe Parks and Wildlife Management Authority (ZimParks), but their efforts are hindered by a
small budget, low morale, and high turnover (Ncube, 2019). Lastly, elephants and humans face a myriad
of pressures resulting from natural resource competition. In May of 2021, a young man was trampled to
death patrolling crops (Matabeleland North Correspondent, 2021). Elephants might also attack tourists
and residents of Victoria Falls, with an elephant killing a mentally ill man in 2020, and residents were
concerned more conflict would arise as elephants increasingly used the streets during the pandemic
(“Elephant Kills Vic Falls Mentally [l Homeless Man,” 2020).

Although crop-raiding has occurred in Africa since pre-colonial times, but it is a long-standing
and ever-increasing source of conflict. Prior studies in Hwange National Park have found crop-raiding
declined with decreasing distance to refuge areas along with higher household density (Guerbois et al.,
2012). This finding is consistent with previous research on elephant crop-raiding, indicating that the
presence of elephant refuges is a significant factor in the frequency of such incidents (M. D. Graham et
al., 2010; Thant et al., 2021). Work done in the Okavango Delta in Botswana found that fields are more
likely to be raided by elephants if they are far from the village and if they have a high frequency of
raiding in the past, whereas fields further from waterholes, further from elephant paths, and fields not
used by livestock are less likely to be raided (Songhurst & Coulson, 2014). Subsequent work conducted

by the same scholars in the Okavango Delta has revealed that the relationships between elephant
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density and elephant space use with crop raiding patterns are nonlinear (Pozo et al., 2018).
Counterintuitively, areas with lower elephant density appear to be at higher risk for crop raiding (Pozo
et al., 2018), thereby affirming the complexity of predicting and understanding crop raiding patterns in
southern Africa. To effectively mitigate this type of human-wildlife conflict requires understanding the
spatial and temporal patterns of crop-raiding (Linkie et al., 2007).

Multiple methods have been employed in attempts to prevent elephant crop-raiding. Across
southern Africa traditional methods include burning, planting unpalatable vegetation, using drums to
scare off elephants along with high-tech methods such as electrical fencing. Bees have also been tested
as a potential deterrent (Karidozo & Osborn, 2005; King et al., 2007; Ndlovu et al., 2016). Unfortunately,
with many of these methods, such as drums and the use of firearms to scare elephants, effectiveness
declines as elephants learn when the threat is empty (Osborn, 2010). Most elephant deterrents are
ineffective or prohibitively expensive, and farmers might place themselvesin harm’s way to defend their
livelihood (Osborn, 2010). As a result, elephants that crop-raid repeatedly and endanger humans are
killed.

In northwestern Zimbabwe, the use of chili powder and oil has been tested as a deterrent in
multiple forms (Langbauer et al., 2021; Osborn, 2002). In comparison to traditional deterrent methods
of shouting and chasing, elephants that inhale the chili powder spend less time in fields (Osborn, 2002)
and burning chili bricks results in less plant damage and a reduction in the number of visits from
elephants (Karidozo & Osborn, 2015). Current methods used in the study include darting, anesthetizing,
and covering trunks with chili wax of problematic elephants (Langbauer et al., 2021). In the early 2000s,
Connected Conservation introduced chili fences, fences that have been covered with chili oil, as an
effective deterrent (L. Osborn, personal communication, July 10, 2023). They have since actively

promoted a wider implementation of chili fences.
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4 Habitat monitoring via satellite remote sensing, scale, and access

The potential for satellite remote sensing and GIS to aid conservation and land use change is
well-documented (Buchanan etal., 2009; Rose etal., 2015; W. Turneret al., 2015). Indeed, many studies
of human-elephant conflictincorporate remotely sensed data, directly or through derivatives (Branco et
al., 2019; Kileo & Mbije, 2021; Sanare et al., 2022). Yet calls for greater use of high resolution satellite
imagery to advance conservation and natural resource management (Boyle et al., 2014; W. Turner et al.,
2015) are not answered equally across the globe. This rhetoric often ignores issues of inequity,
specifically in regard to non-Western countries or the Global South.

The feasibility of these approaches may not be attainable or sustainable for nonprofit and
government organizations with limited resources, especially in the long term. This might be particularly
true for nonprofits based in non-Western countries. Across the African continent, lack of fast and/or
reliable internet service, hardware quality, and software license fees are all potential barriers to access
(de Klerk & Buchanan, 2017, Swetnam & Reyers, 2011). A global test of internet speeds ranked the US as
11th in download speed compared to Zimbabwe’s rank of 162 (Worldwide Speed League, 2022). On
average, it takes five minutesand 47 seconds to download a 5GB movie in the United States, whereas it
takes one hour and 16 minutes and 22 seconds in Zimbabwe (Worldwide Speed League, 2022). This can
make downloading large amounts of satellite imagery tedious. Even when imagery is hosted remotely
and does notneedto be downloaded, as with the online image processing platform Google Earth Engine
(GEE), viewing and sorting through available imagery may be an arduous task stymied by slow and
unreliable internet. A significant portion of the conservation monitoring studies using remote sensing in
Africa have first authors external to the African continent, and just two percent had authors listed in
Zimbabwe (de Klerk & Buchanan, 2017). High resolution datasets are unaffordable for African agencies
or require partnerships with international institutions and cannot be relied on for continued monitoring

(de Klerk & Buchanan, 2017). Inequities in research infrastructure such as journal access and reliable
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internet connectivity at university libraries further disadvantage (Schipper et al., 2021). Open-source
software has the ability to address some of these concerns, but training material and education is
needed and interpreting remote sensing images can remain a challenge (de Klerk & Buchanan, 2017,
Eilola et al., 2021). Even when university training is available, barriers such as unreliable internet and
financial difficulties faced by students hinder learning (Tanyanyiwa & Madobi, 2021). A review of urban
planning studies using remote sensing found Africa and South America were poorly represented in
existing research and that much of the work used commercial software rather than open source
(Wellmann et al., 2020).

Similar to appeals to decolonize conservation and calls for just and equitable wildlife
conservation, (Armstrong, 2019; Tan, 2021) it is a matter of equity and justice that scholars and
practitioners local to biodiversity hotspots, areas undergoing rapid land cover change, and high priority
conservation areas are unable to use the most advanced GIS tools and access fine resolution satellite
imagery. Meanwhile, their counterparts in Western countries with greater access to resources are able
to access such imagery and benefit. Until such inequities are adequately addressed, it is of utmost
importance that nonprofit organizations and local governments are able to address their concerns and
answer their questions with the best information possible and knowing the relevant scale needed to
address their concerns. For example, if a resource-strapped institution can monitor localized elephant
habitat change using freely available Landsat satellite imagery (resolution of 30 meters), they can
conserve resources and staff labor rather than applying for grants or nonprofit access for high resolution
imagery. Nonprofit organizations and local governments operating under budgetary constraints must
often exercise extreme fiscal responsibility when evaluating data needs, hence the importance of

determining the appropriate scale and image resolution required.



17

5 Objectives

Scholars and practitioners should be able to construe how a solution in one region fits a larger
pattern and how it thus may lead to an equivocal, pragmatic solution for human-wildlife coexistence in
their own region. Conservation science’s understanding of broad ecological patterns and theories is
constructed by examining local patterns and principles. As such, we must study wildlife coexistence
using a multi-scalar approach. The overarching goal of this research is to ameliorate human-elephant
relations by using multi-scalar remote sensing and geospatial analysis. Through this work, | seek to
ascertain: 1) methods available for scaling remotely sensed imagery; 2) how LULC and vegetation
conditions are changing and the scale most suitable to monitoring the se changes; and 3) where elephant
conflict occurs and its underlying spatial patterns. To achieve these goals, | use geospatial analysis with
scale acting as the pivotal nexus of all chapters and the conceptual framework. Findings engender
greater precision in conflict mitigation efforts and bolster scientific understanding of scaling processes

and human-elephant relations.
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Abstract

Landscape ecologists have long realized the importance of scale when studying spatial patterns
and the needfora science of scaling. Remotely sensed data, akey component of a landscape ecologist’s
toolbox used to study spatial patterns, often requires scaling to meet study requirements. This paper
reviews methods forscaling remote sensing-based data, with a specific focus on spatial pattern analysis,
and distills the numerous approaches based on data type. It also discusses knowledge gaps and future
directions. Key papers were identified through a systematic review of the literature. Trends,
developments, and key methods for scaling remotely sensed data and spatial products derived from
these data were identified and synthesized to detail the general progression of a science of scaling in
landscape ecology. Upscaling both continuous and categorical data can oversimplify data, creating
challenges for spatial pattern analysis. Object-based and neighborhood approaches can help, and since
patch boundaries are more likely to align with objects than pixels, these may be better options for
landscape ecologists. Many downscaling methods exist, but these approaches are not being widely
employed for spatial pattern analysis. A diverse range of scaling methods are available to landscape
ecologists, but work remains to integrate them into spatial pattern analysis. Moving forward, advances
in computerscience and engineering should be explored and cross-disciplinary research encouraged to
further the science of scaling remotely sensed data.
1 Introduction

Spatial pattern analysis is a cornerstone of landscape ecology that has fostered unprecedented
developments in both theory and practice (J. Wu et al., 2002). The wide availability of remote sensing
data, particularly with the opening of the archives such as Landsat (Z. Zhu et al., 2019), has made it
increasingly easy for researchers to quantify spatial patterns in landscapes (Frazier & Kedron, 2017).

However, the remote sensing datathat form the basis for many spatial pattern analyses are captured at
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a fixed resolution, prompting researchers to change the scale (resolution) of the data in order to match
observational or modeling objectives.

Ecologists have long recognized the biases associated with translating information across scales
(Jelinski & Wu, 1996; Levin, 1992; Meentemeyer & Box, 1987; M. G. Turner, Dale, et al., 1989), and
much work in landscape ecology has focused on how changing the scale of a dataset (grain and extent)
impacts derived spatial patterns, using both categorical (Saura, 2004; M. G. Turner, O’Neill, et al., 1989;
J. Wu, 2004) and continuous data (Frazier, 2016). Findings have shown that landscape pattern analysis
is highly sensitive to grain, or spatial resolution (Hall et al., 2004; M. G. Turner, 1989; J. Wu, 2004; J. Wu
et al., 2002), and a mismatch between the grain of the process and the pattern may produce incorrect
conclusions (Galpern & Manseau, 2013). Foundational, theoretical work (e.g., (T. F. Allen & Starr, 1982;
Levin, 1992; M. G. Turner, 1989; J. A. Wiens, 1989)) along with technological advances including the
Landsat missions starting in 1972 and ArcGIS Desktop in the late 1990s, allowed for many different
methods forscaling spatial data to emerge (Figure 2.1). These and other studies promoted scaling issues
to the front of the research agenda in landscape ecology through the 1990s and early 2000s, prompting
Wu and Hobbs (2002) to identify scaling as one of the top research priorities for the discipline, and it
continues to be an important topic in the field (Chambers et al., 2016; Ke et al., 2017; Kedron et al.,

2018; Lang, 2008; Lang et al., 2019; Z. Lietal., 2017; Y. Zhang et al., 2014).
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Figure. 2.1 Selected milestones contributing to the progression of the science of scaling. Milestones are
grouped under foundational work and reviews, technological landmarks and events, and scaling
methods. These milestones are not intended to be all-inclusive. IALE-North America - North American
Regional Association of the International Association for Landscape Ecology; NEON - National Ecological
Observatory Network; FAA - Federal Aviation Administration. The FAA’s Part 107 rules regulate drone

pilot certification and operating requirements (Frazier and Singh 2021). * Indicates a review paper.

However, despite recognition of the importance of scale and a plethora of studies testing the
impacts of scale on spatial patterns, questions persist about which methods to use in different contexts
(Ge et al., 2019), particularly for the remote sensing (and remote sensing-derived) data on which many
spatial pattern analysesrest. When data that have been scaled are subsequently used for spatial pattern
analysis, it adds an additional layer of complexity (loss of rare land cover types, sensitivity of patterns to
grain size, etc.). Even with gradient surface models (McGarigal et al., 2009) and hybrid approaches to
characterize landscapes, measuring landscape patterns that accurately characterize ecological processes

at multiple scales continues to challenge landscape ecologists.
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With the increased volume of remote sensing data being produced daily and the growing need
to rescale these data for modeling in landscape ecology, it is an opportune time to review the choices
for scaling and how those choices impact subsequent analyses. The objective of this review is to survey
methodsforscaling remotely sensed data for spatial pattern analysis with a specific focus on two broad
categories of scaling: upscaling and downscaling. Within each of those categories, we detail methods for
scaling the two data types most commonly used in spatial pattern analyses: continuous data and
discrete/categorical data. Through a systematic review of the literature, we summarize the trends and
developments used within the discipline for scaling data for spatial pattern analysis. Key papers were
identified for this article through a systematic review of the literature using keywords and keyword

”n u

combinations such as, “scaling” +”technique”, “scaling” + “remote sensing,” “downscaling,

” u

upscaling”
and others. Journal databases including Landscape Ecology, Remote Sensing of Environment,
InternationalJournal of Remote Sensing, the ISPRS Journal of Photogrammetry and Remote Sensing as
well as Google Scholar were all exhaustively searched until relevant papers were no longer identified.
Scaling techniques were categorized and theoretical and methodological developments, persistent
issues, and gaps were identified from roughly 200 core papers. We synthesize scaling options and
develop a conceptual decision tree for researchers. Finally, we propose future research directions and
highlight other disciplines that landscape ecologists might consult when seeking to scale data. We begin
by clarifying scale concepts and defining how we use the terms ‘scale’ and ‘scaling’ in this review. For
the sake of brevity, we have chosen to use the term remote sensing to also include remote sensing-

derived datasets.
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2 Scale concepts and terminology

2.1. Definitions and term usage

Across the sciences, the term “scale” has been used to describe many similar but subtly
different concepts. Schneider (2009) notes the Oxford English Dictionary offers 15 different definitions
of scale. The termis used several different ways even within ecology and landscape ecology, and these
variations complicate discussions (J. Wu, 2007).Therefore, itis importantto define the terms as they are
used in each situation (Schneider, 2009). Here, we use the term “scale” to refer to the spatial scale of a
measured variable, which determines the minimum resolvable area, or resolution. The term “fine scale”
is used to refer to detailed maps and “coarse scale” for maps with larger pixel sizes and/or less detail.

A distinction must also be made between the terms “scale” and “scaling”. To “scale” something
is the verb form and meansto change the size while maintaining the same proportions. This verb form is
often referred to as “scaling”, which should not be confused with the term scaling as it is used in the
physical sciences to describe a manifestation of the underlying dynamics and geometry relating key
processes over broad ranges (Brown et al., 2004). Hereafter, we adopt the first definition and define
scaling as a change of the spatial size of the measurement unit. We focus specifically on spatial scaling
while recognizing that temporal, and organizational scaling are important concepts in landscape
ecology. We are interested in the observational scale, which is the scale at which measurements are
made or sampling is conducted and is distinct from intrinsic scale, which is the scale at which a pattern
or process operates. We focus on scaling remotely sensed data, and do not review other geospatial data

as they fall outside the scope.



24

2.2 General methods and data types

Methods for scaling remotely sensed data are generally classified as either “upscaling” or
“downscaling” (Figure 2.2). Upscalinginvolves coarsening the resolution by aggregating a larger number
of smaller units into a smaller number of larger units. Upscaling assumes the existence of an aggregate
property. Downscaling involves disaggregating data from a larger unit into multiple smaller units to
make the resolution finer. Both upscaling and downscaling are commonly performed using remote
sensing-based datato change the scale for analysis. Some researchers also recognize a third category --
sidescaling-- in which the resolution is maintained (Ge et al., 2019). Sidescaling is typically employed

when obtaining area-to-area predictions and is not discussed further in this review.
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Radiometer; DEM - Digital Elevation Model; LiDAR - Light Detection and Ranging; LISS - Linear Imaging
Self Scanning; MERIS - Medium Resolution Imaging Spectrometer; MODIS - Moderate Resolution
Imaging Spectroradiometer; SRTM - Shuttle Radar Topography Mission; and VIRS - Visible Infrared

Imaging Radiometer Suite.

For both upscaling and downscaling, the type of data being scaled determines which methods
are appropriate. Two data types are commonly used for spatial pattern analysis in landscape ecology.
The first type is continuous data, such as remote sensing reflectance values, vegetation indices, or digital
elevation models (DEMs). These data vary continuously over the landscape and can be directly used to
compute gradient surface metrics (Kedron et al., 2018; McGarigal et al., 2009) or they can be
thresholded into discrete categories for patch-based analyses (Arnot et al., 2004; Frazier & Wang, 2011).
While this review focuses on optical data, the same scaling principles can be applied to the products of
point cloud data (LiDAR, etc.) that landscape ecologists use. The second, more common, type of data
used in spatial pattern analysis are categorical data, such as land use and land cover (LULC) maps. These
datasets are typically derived from remote sensing reflectance bands, but the pixels have been
reassigned to thematic class codes. These datasets are used directly to compute traditional patch-based
landscape metrics. The data type and scaling method can have a number of different impacts on the

spatial patterns derived from them, and these impacts are the focus of the review below.

3. Upscaling

3.1 Upscaling continuous data

Upscaling continuous data can be relatively straightforward since values can be numerically
summarized within the larger unit. The most basic approaches use descriptive statistics (e.g., mean,

median) to re-assign the set of values within the larger aggregate pixel to a single value, which may be
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categorical, (e.g., Riitters et al. 1997) (Figure 2.3), while others simply use the central pixel (Bian &
Butler, 1999) or a random pixel (He et al., 2002) as the output value. A comparison of the impacts of
mean and central pixel resampling on spatial pattern metrics found that, while mean aggregation filters
out small patches, it produces more stable results for certain landscape metrics than other approaches
(Raj et al., 2013), while central pixel resampling can substantially magnify small effects. Mean
aggregation was also used in a study examining scaling effects on gradient surface metrics. Results
indicated that mean aggregation led to non-linear changes in metric values with resolution, suggesting
that some amount of information loss occurs during the aggregation process (Frazier, 2016). In short,
while simple, numerical upscaling approaches are easy to use, they can impact spatial pattern analysis

by oversimplifying the data resulting in data loss, eliminating rare or small patches, and magnifying small

effects.

Figure 2.3 Upscaling of a digital elevation model (DEM) using the mean of the input cells to generate a
coarser resolution raster. Minimum and maximum values change as input cells of the DEM are upscaled

from 30-m to 150-m and 300-m.

To overcome the loss of heterogeneity that occurs with simple numerical methods,
neighborhood-based (focal or moving window) approaches have been used to capture agreater amount

of the surrounding information during the aggregation process. The theoretical basis for using focal
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windows is that the digital value given to a pixel results not just from the ground sampling area of that
pixel but also from objects in neighboring pixels (Cracknell, 1998; Jensen, 2016). Galpern and Manseau
(2013) used a focal window approach to upscale continuous resistance surfaces representing movement
impedances in order to match the grain of analysis to the true functional grain of the organism. The
authors showed thatfocal windows could increase accuracy whenidentifying the relative importance of
landscape features influencing connectivity, but that accuracy ultimately depended on the numerical
operatoremployed (e.g., min, mean, max), as these operators performed differently depending on the
spatial patterns in the landscape.

The moving window data aggregation (MWDA) method (L. J. Graham et al., 2019) is a more
recentapproach that uses focal windows to compute variability in continuous rasters and then use that
heterogeneity as the basis for aggregation to a coarser resolution. The authors show that MWDA can
capture information about the landscape spatial structure that is lost when using a direct aggregation
approach, and that the method is particularly usefulin landscapes where there is spatial autocorrelation
in the environmental predictor variables (e.g. fragmented landscapes) and when the process scale is
small relative to the aggregated resolution. The MWDA method is available as an R package
(grainchanger.r).

Variance has also beenincorporated into upscaling/aggregation through object-based methods.
The object-specific upscaling (OSU) method was designed to reduce scaling errors by dividing a scene
into homogeneous regions called objects and using those objects to guide aggregation (Hay et al., 2001).
OSU defines multiscale spatial thresholds based on progressively increasing windows where the spectral
variance of image objects is scale-dependent. These scale-dependent measures are then used as
weighting functions to determine the upscaled values (Hay et al., 1997). A multiscale extension of OSU

uses hierarchical sampling and evaluates each pixel in relation to coarse grain objects (Hay et al., 2001).
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More recently, object-based segmentation coupled with Moran’s | has been used to translate higher
resolution training data for coarser resolution land cover classifications (Bihamta Toosi et al., 2020).
Fractals represent another approach for upscaling continuous data. Fractals are self-similar
shapesthatrepeattheir fundamental patterns at everincreasing or decreasing scales. They can be used
to translate information across scales by informing a scaling transfer model that corrects for scaling
effects based on the fractal relationship between approximate and exact pixel measurements (Gupta et
al., 2000; L. Wu et al., 2015). Wu et al. (2015) use fractal theory to develop a relationship between
image spatial resolution and leaf area index (LAI), which is a continuous vegetation index computed
directly from remote sensing reflectance measurements. Their results showed that the fractal-based

scaling model performed well in estimating LAl and evaluating the scaling bias.

3.2 Upscaling categorical data

When upscaling categorical data, majority rules aggregation (MRA) is a common choice,
especially for LULC data. MRA assigns the LULC comprising the majority of the contributing pixels to the
aggregate pixel (Benson & MacKenzie, 1995; Moody & Woodcock, 1995). The similar random rule-based
(RRB) method randomly selects a class from the fine-scaled pixels and assigns it to the coarser map,
maintaining cover type proportions but disaggregating categories and changing spatial patterns (He et
al., 2002). Since MRA ignores proportions and assumes within-pixel values are homogenous, small
effects can be substantially magnified (Holt et al., 1996). In other words, aggregating fine-scaled, mixed
pixels could result in overor underrepresentation of aphenomenon, pattern, or class and rare or sparse
land covers may be eliminated (Xu et al., 2020). MRA can distort land cover type proportions and
frequently produces clumpy landscapes, while RRB can produce disaggregated spatial patterns (He et al.,

2002; Raj et al., 2013).
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Aggregation methods like MRA and RRB do not incorporate an understanding or measure of
ecological processes, which some have argued makes them unsuitable for upscaling data that will
ultimately be used for ecological analysis (L. J. Graham et al., 2019). Saura (2004) examined the effects
of MRA on forest fragmentation indices by comparing aggregated values to actual sensor measurements
and found that MRA tended to produce more fragmented patterns compared to actual sensor readings.
Garcia-Gigorro and Saura (2005) also used an MRA filter to aggregate categorical data but compared it
to a point-spread function (PSF), in which surrounding pixels provide a weighted contribution to the
aggregate value. The authors found the PSF aggregation better mimicked the way in which the sensor
captured the data and so fragmentation indices computed from PSF-scaled rasters had lower errors.

The point-centered distance-weighted moving window (PDW) method also attempts to
overcome the limitation that MRA and RRB do not consider the relative proportion of each land cover
type by using a weighted sampling net to maintain proportions when upscaling or downscaling (Gardner
et al., 2008). First, the center point of the pixelin the map to be created is located and recorded in real
dimensions. Then, the geometry of the sampling net is determined by the number of points and the
distance between the points. Finally, the normalized frequency distribution of land cover types obtained
from the data sampled at each point in the net is used, and the cover type of the rescaled map is
randomly selected from the normalized frequency distribution of cover types (Gardner et al., 2008).
Spatial autocorrelation can be included when using PDW, making it more robust compared to central
pixel resampling and MRA (Raj et al., 2013).

4. Downscaling

Downscaling is usually a more difficult challenge than upscaling because it requires allocating
coarser data, where there is little information about the spatial distribution of values, to finer scales,
where values must be spatially distributed. Due to the lack of within-grain information, robust

downscaling often requires stochastic or probabilistic approaches.
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4.1 Downscaling continuous data

4.1.1. Resampling

The most basic form of downscaling continua is resampling, or downsampling, where a larger
pixelis partitioned into smaller units, and the value from the larger is allocated to the smaller units
(Figure 2.4). When no a prioriinformation for how the values should be distributed spatially at the
smaller scale is available, downsampling often assigns the value from the larger pixel to all of the smaller
pixels. Downsampling in this manner does not actually change pixel values and can falsely suggest a
higher level of heterogeneity is present. Scale-related findings must be cautiously interpreted in these
instances (Frazier et al., 2021), and oversight can be difficult to detect and misleading in ecological
modeling studies (Sillero & Barbosa, 2021). Bilinear and cubic convolution approaches can also be used
in the absence of a priori information to interpolate pixelvalues at the finerresolution that fall between
pixel centers in the coarser image. Depending on the method, interpolated values may contain
uncertainties and biases that can propagate into spatial pattern analyses. Despite these drawbacks

though, resampling continues to be widely used when researchers need to downscale data.
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Figure 2.4 Downsampling of 1-km Visible Infrared Imaging Radiometer Suite (VIIRS) data to 500-m and
250-m via resampling. As resolution becomes increasingly fine, minimum and maximum values of pixels

do not change but the number of columns and rows increases within the image, as does data volume.

4.1.2. Image Fusion

Image fusion combines images from multiple datasets to produce an output that is more
informative at fine scales than any of the individual inputs. Image fusion can function for downscaling
when spectral information from a finer resolution is combined with coarser-scale spatial information.
Sometimes called ‘pansharpening’, early fusion methods recalculated the hue, intensity, and saturation
of each pixel at the finerscale based on correlations between the multispectraland panchromatic bands
(Gillespie et al., 1987; Haydn et al., 1982). Spectral distortions and spatial artefacts were common with
pansharpening, prompting a series of improvements (Golibagh Mahyari & Yazdi, 2011; Nencini et al.,
2007; Pardo-lguzquiza et al., 2011; Ranchin et al., 2003; Shah et al., 2008). More recently, deep learning
algorithms have been used (Azarang & Ghassemian, 2017; W. Huang et al., 2015; Seo et al., 2020; J.
Yang et al., 2017), and in some cases the trained learning network has been shown to generalize well to
images from different satellites without the need for retraining (J. Yang et al., 2017). Deep learning
methods have a greater computational demand and sometimes require higher-level machine learning
expertise by the user. Bayesian-based methods have also been explored, but can be limited due to the
difficulty identifying an appropriate statistical model for image representation (Pandit & Bhiwani, 2021).
Developing efficient pansharpening approaches remains an active research area (Kaur et al., 2021).
Other types of image fusion include Kalman filtering (KF), which is a recursive algorithm for integrating
disparate remotely sensed data by minimizing the mean of the squared errors (G. Welch & Bishop,
1997). KF integrates observations and their uncertainties, does not require explicit parameter tuning,

and hence is well-suited for large extent applications.



33

Methods based on Taylor series--an expansion of a function into an infinite sum of polynomial
terms-- have also been used for image fusion downscaling. The Taylor expansion assumes that most
functions are smooth over the range of interest, so a polynomial can be fit to approximate it. In remote
sensing, Taylor series expansion methods (TSEM) model the relationship between surface properties,
such as radiance or surface fluxes and heterogeneity and variance/covariance functions, and applies
these relationships to aggregate or disaggregate map features (Hu & Islam, 1997). TSEM has been
refined for nonlinear functions and to correct scaling bias (Q. Gao et al., 2001; Garrigues et al., 2006). A
recent iteration of TSEM is the physical scaling method (PSM), which uses contexture and radiative
transfer theory (Tian et al., 2003). TSEM is conceptually straightforward, but computations can be
arduous, and TSEMs can be unwieldy with many variables (Malenovsky et al., 2007; Pelgrum, 2000; H.
Wu & Li, 2009).

Despite the large body of research onimage fusion for downscaling, these techniques have been
used sparingly in landscape ecology. Townsend et al. (Townsend et al., 2009) compared 15-m
pansharpened Landsat images to 30-m images in an analysis of spatial patterns in protected areas and
found that the pansharpened images produced lower classification accuracies, possibly due to noise
introduced by the fusion process. Chen et al. (2020) used TSEM to attribute surface temperature
anomalies to different LULC spatial patterns, but the application was not directly used for pattern
analysis. Beyond these, pansharpening has been used in landscape ecology for estimating aboveground
biomass (Doyoget al., 2021) and counting wildlife (Duporge etal., 2020). However, an opportunity exists
to use the validated fusion methods described above for downscaling in order to increase the spatial

resolution of data for spatial pattern investigations.
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4.1.3 Interpolation

Interpolationinfersa downscaling solution through a model but does not resolve it through the
production of new, fine resolution data (Atkinson, 2013). This is in contrast to the use of the term
interpolation to predict between sparsely distributed points. Bilinear or bicubic interpolation samples
nearby pixels to estimate the values for finer resolution pixels. Another, more advanced example is
spatial area-to-point (ATP) kriging, which predicts values on a scale smaller than the original data
(Goovaerts, 2006; Kyriakidis, 2004; Yoo & Kyriakidis, 2006). Since it is not possible to measure remote
sensingon a strictly point scale, the punctual semivariogram required for ATP kriging must be estimated
through a de-regularization or deconvolution procedure (Goovaerts, 2006; Kyriakidis, 2004; Yoo &
Kyriakidis, 2006). Other kriging methods include downscaling cokriging for image sharpening (Pardo-
Iguzquiza et al., 2006, 2006), geographically weighted ATP regression kriging, which considers spatial
autocorrelation (Jin et al., 2018), and multiscale geographically weighted regression kriging, which is a
hybrid of multiscale geographically weighted regression (MGWR) and ATP kriging (C. Yang et al., 2019).
Geographically weighted ATP regression kriging has been used to downscale temperature data when
studying species’ range shifts (Platts et al., 2019), and bilinear interpolation has been used to downscale
projected climate data to study climate change impacts on tree species (Attorre et al., 2011). Landscape
metrics have been used to aid ATP residual kriging by providing supplemental information on the
density of land cover patches (Liu et al., 2008), but studies using ATP kriging to downscale data prior to

computing spatial pattern metrics are lacking.

4.1.4. Super-resolution mapping

Super-resolution mapping, sometimes called sub-pixel mapping (SPM), attempts to resolve the
spatial distribution of land covers from a continuous raster of land cover proportions. SPM techniques

are often applied to data that have been generated through spectral unmixing (i.e., spectral mixture


https://www.zotero.org/google-docs/?broken=N0RMbg
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analysis; (Keshava & Mustard, 2002). Many SPM methods rely on fundamental theories of maximum
spatial dependency to guide the placement of sub-pixels (X. Li et al., 2014), with others incorporating
training models and ancillary data such as histograms, transition probabilities, and variograms into
algorithm development (Boucher & Kyriakidis, 2006; Y. Wang et al., 2016). More recently, machine
learning and deep learning methods have been implemented to resolve high resolution spatial
information in images (Ling & Foody, 2019; Nigussie et al., 2011; Yu et al., 2013; L. Zhang et al., 2016).
However, these approaches do not always outperform simpler methods (Sharifi et al., 2019), and they
can be computationally intensive.

Spatial pattern metrics have been used to inform SPM algorithms, similar to ATP residual kriging
(described above). Su (2019) used the scale-invariant concept of fractals to guide a Hopfield neural
network for SPM. Despite much progress related to SPM in the image processing and pattern
recognition communities in the past decade though, these techniques have not been widely applied in
landscape ecology, perhaps due to the computational complexities and lack of a universal method
(Frazier, 2015a). More research may also be needed on the upper and lower limits of scaling in SPM (Ge
et al., 2019) before the techniques can be widely applied in ecological investigations. One example of
their use for spatial pattern analysis is from Muad and Foody (2012), who used SPM to delineate lakes
and evaluate their shape characterization (area, perimeter, compactness). SPM provided results that
closely matched the ground data, but the authors found it did not outperform interpolation downscaling

techniques (bilinear and bicubic).

4.2. Downscaling categorical land cover data

Landscape ecologists frequently work with remote sensing data that have already been
transformed into categorical land cover classes. Land cover data such as the National Land Cover

Database, Coordination of Information on the Environment, Copernicus, GlobelLand30, and others are
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often produced from satellite sensors where the nominal scale is fixed. When finer scale data are
needed, statistical downscaling techniques can be used to translate relationships between the coarser-
grained categorical data and finer-grained covariates (e.g., climate, landforms, human activity, etc.) to
produce fine-grained predictions (Atkinson, 2013). Relationships between the response variable and
covariates are typically modeled using regression (Dendoncker et al., 2006), with advanced techniques
using generalized additive modeling with constrained optimization (Hoskins et al., 2016) or integrating
geostatistics via block-to-point kriging to include an estimation of uncertainty (Poggio et al., 2013).

An alternative approach researchers have adopted when seeking to downscale data is to
downscale the landscape metric values themselves, rather than the land cover raster from which they
were derived. While this approach does not technically downscale remote sensing pixels, these
techniques are an importantresearch area of landscape ecology. These techniques rest on the empirical
evidence that many landscape metrics exhibit consistent and robust scaling relationships across a range
of spatial grains or extent (M. G. Turner, 1989; J. Wu, 2004). These relationships between metric and
scale often follow a power law relationship (Frazier et al., 2021), and this function can be extrapolated
to predict the data at finer scales (Argafiaraz & Entraigas, 2014; Frazier, 2014; Saura & Castro, 2007).
Success has been variable though (Frazier, 2015a) because coarse-graining the land cover rasters, which
is required to derive the scaling function, introduces statistical biases. Researchers are working to

overcome these biases, but a universal method is not yet available.

5. Discussion and synthesis

This review highlights the plethora of upscaling and downscaling methods for remote sensing
data that are available to landscape ecologists. Several summary points emerge. First, with upscaling,
the oversimplification of resultsis a persistent challenge with both continuous and categorical data. The

underlying heterogeneity and landscape structure can be lost during aggregation, and rare categorical
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classes may disappear entirely, which ultimately impacts the accuracy of spatial pattern analyses
performed on the data. Oversimplification is more likely to occur when using basic methods, such as
mean or central pixel resampling, whereas neighborhood approaches such as MWDA are designed to
better preserve the spatial structure of underlying heterogeneity. Since heterogeneity ultimately drives
the spatial patterns measured across a landscape, preserving heterogeneity during upscaling or
downscaling should be the primary consideration for landscape ecologists.

The review found that object-based approaches can overcome some of the challenges with
precision and accuracy that result from pixel-based techniques. These object-based approaches present
an interesting dilemma for landscape ecologists though. Since patch boundaries are more likely to align
with spatial objects than individual pixels, these approaches may be viable options for upscaling and
downscaling when the aim is ultimately to compute spatial pattern analyses. However, object-based
approachesare designedto collapse inter-pixelheterogeneity based on spatial and spectral similarity, so
it is important to ensure that the scale of the original image dataset being upscaled is finer than the
observational scale at which the phenomenon of interest presents. Otherwise, identified objects may
not represent homogenous patches, and upscaling will simply increase uncertainty.

Regarding downscaling, resampling is the most basic technique to implement, but it does not
actually change pixelvalues and can therefore falsely suggest a higher level of heterogeneity is present.
More advanced interpolation, fusion, and sub-pixel mapping methods have been developed by the
remote sensing community, but landscape ecologists do not appear to be utilizing these techniques to
improve the spatial resolution of datasets prior to computing spatial pattern analyses. When
downscaling categorical land cover data, regression-based approaches that correlate covariates to land
cover are common, however, care must be taken to ensure that the variables used in downscaling are

not also used in any ancillary analyses with the downscaled data, otherwise collinearity is likely.
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5.1 Considerations when scaling data for spatial pattern analyses

The many scaling methods available can quickly overwhelm researchers, particularly when
considering the varying levels of complexity that characterize the different methods. Choosing the most
appropriate method often requires considering the scale of any ecological patterns and processes,
discrepancies between the data and the process of interest, uncertainties and biases in datasets, and
limitations in computer processing, software availability, and programming familiarity. Justas thereis no
quintessential scale from which to study ecological phenomena, there is similarly no single method
conducive for scaling remote sensing data in all ecological contexts. A visual, decision-tree guide is
provided to aid researchers in selecting the most appropriate technique for their data (Fig.2.5). Below,

we walk through several considerations that may be important for spatial pattern landscape analyses.
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Figure 2.5 Guide for selecting methods for scaling remotely sensed data for spatial pattern analysis.

Additional information about each method can be found in the text as well as in Appendix B.
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Much like species richness and abundance are the central tenets of spe cies diversity, patch
richness and abundance are similarly important for landscape diversity. The elimination of small or
rare patches in a dataset can drastically alter one or both of these measures, leading to biases in
spatial pattern metrics, and inaccuracies in subsequent pattern-process relationships. Therefore,
researchers must be particularly cognizant of how a scaling algorithm might alter patch richness and
abundance. In situations where the upscaled resolution will be larger than the size of individual
patches and it is important to maintain small or rare patches or values, researchers should avoid using
methods that select a single value (e.g., min, max, central pixel, etc.). Instead, methods that closely
maintain the original distribution of values, such as MWDA, are a better option for preserving the
original heterogeneity of the landscape. An exception is when the land cover/patch type of interest is
known to be characterized by the min or max value. In cases where this land cover/patch type should
be prioritized, then the appropriate descriptive statistics can be used. When upscaling categorical
data, majority and random rule-based methods are more likely to eliminate small or rare land covers
compared to the point-centered distance-weighted method. However, if priority is placed on
maintaining the largest or most dominant patches, then MRA, RRB, or central pixel resampling methods
are likely sufficient. If preserving land cover type proportions and spatial information and patterns are
the priority, RRB outperforms MRA (He et al., 2002).

Researchers must also consider the methodological limitations of each technique, including
assumptions that underlying processes are scale independent or linear, and whether additional data are
needed (F. Gao et al., 2015). The extent to which a method is robust to nonlinearity should be

considered, including selecting methods that are suitable for nonlinear relationships. As advanced
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computational techniques such as machine learning and deep learning are adopted for rescaling,
researchers should understand how these functions operate so that they may correctly parameterize
models. Platforms like Google Earth Engine (GEE) are making it easier for researchers to perform these
advanced computational techniques on large datasets, but it is important to understand how these
platforms handle scale. For instance, scale in GEE must be specified by the user when exporting imagery
or performing analyses, and the GEE user guide explicitly notes, “understanding how Earth Engine

handles scale is crucial to interpreting scientific results obtained from Earth Engine.”

5.2 A way forward

5.2.1. Better incorporating heterogeneity into scaling

Scale and heterogeneity are inherently linked (T. F. H. Allen & Hoekstra, 1991; Dutilleul &
Legendre, 1993; Kolasa & Pickett, 1991; H. Li & Reynolds, 1995; M. G. Turner, 1987), and it is impossible
to translate data across scales without either ignoring heterogeneity or dealing with it explicitly and
effectively (J. Wu, 2007). Most studies do not quantify or test the impact of heterogeneity on scaling
results (Frazier, 2015b), leaving a dearth of understanding with regard to exactly how scaling impacts
heterogeneity and vice versa. Certain techniques, such as MRA, will introduce different magnitudes of
uncertainty into upscaled data based on the composition and configuration of the land cover classes
(Frazier, 2014; Frazier etal., 2021), and these aspects should not simply be ignored when rescaling data.
At a minimum, the heterogeneity of the data being rescaled can be quantified and reported. Moving
forward, researchers should explore the ways in which heterogeneity impacts scaling and continue to
select and develop methods that deal explicitly with heterogeneity or minimize the change in

heterogeneity.
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This review highlighted how advances in artificial intelligence and deep learning are being
leveraged to reduce the loss of heterogeneity and improve the accuracy of scaling methods. Research
applying deep learning algorithms in remote sensing has grown increasingly mature (Ma et al., 2019),
and improvements continue to be made that decrease processing time and requirements and better
address heterogeneous and complex data. The fields of computer vision and signal processing continue
to refine methods that can be applied to scaling. Examples include new spatial filtering approaches
featuring nonlinear decomposition for pansharpening (Pandit & Bhiwani, 2021), using dense blocks in
deep networks to efficiently utilize shallow information for image fusion (H. Li & Wu, 2019), and
employing a Generative Adversarial Network with structural similarity, gradient loss functions, and
concatenatingimages at each layer of the deep network to retain more information when fusing images
(Fu etal., 2021). Keeping abreast of methodological developments in diverse fields will allow landscape
ecologists to capitalize on innovations and state-of-the-art approaches to increase the accuracy and

precision of scaling while minimizing processing demands.

5.2.2. Improving spatial resolution through new technologies

Advancesin very high resolution commercial and personal remote sensing systems (e.g., Planet
imagery and Uncrewed Aerial Systems (UAS), or drones, respectively) are rapidly increasing the bounds
of remote sensing spatial resolution and creating opportunities to better understand the impacts of
scaling. As these databecome more prevalentandreliable, they can be used to bridge spatial scales and
calibrate scaling models (Alvarez-Vanhard et al., 2021). Fusion methods, such as those developed using
neural networks and deep learning (Jia et al., 2020; Song et al., 2018; X. Zhu et al., 2018) can be used to
combine UAS data with coarser, satellite-derived data streams. However, research to date has focused
mainly on calibration and measurement comparison rather than image fusion (Alvarez-Vanhard et al.,

2021). Nonetheless, ecologists are already adopting UAS as a key tool for bridging gaps between satellite
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imagery and in-situ measurements (Revill et al., 2020; Thapa et al., 2021). As ecologists embrace UAS,
their use may act as a catalyst for developing new downscaling methods and provide data that would

otherwise be unavailable.

5.2.3. Open science frameworks to promote cross-disciplinary research

The push for reproducibility and openness in science, through platforms such as GEE and open
source coding environments (Brunsdon & Comber, 2020) may serve to further the science of scaling.
Platforms like GitHub host a myriad of packages, scripts, and tutorials on scaling, potentially galvanizing
novel and unconventional ideas. Increased accessibility may alleviate limitations in scaling science, such
as lack of sufficient training data for machine learning. These platforms and environments can also
reduce computational time and processing demands. Alternatively, the progression of scaling science
may be impaired if increased access leads to neglecting the nuances of remote sensing data,
mischaracterizing scale effects, and improperly scaling data.

Advancing the science of scaling requires cross-disciplinary research both in regards to theory
and technology (H. Wu & Li, 2009). Landscape ecologists can look to the fields of climatology,
atmospheric science, computer science, and others to develop scaling approaches pertinent to their
research. Questions surrounding implementing multiscale approaches, invariants of scale, and the ability
to change scale may already be partially answered, but the answers are scattered across disciplines, and
this lack of integration hinders knowledge production (Goodchild & Quattrochi, 1997). Cross disciplinary
collaboration may lead to novel methods of incorporating heterogeneity into scaling techniques, a
universal method fordeveloping scaling functions, and closing or shrinking additional knowledge gaps. A
number of recent reviews in adjacent and germane fields have discussed scale and scaling remotely

sensed data (e.g., in earth science (Ge et al., 2019), irrigation science (Ha et al., 2013), agronomy
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(Grunwald et al., 2015), geophysics/soil moisture (Peng et al., 2017), providing ample opportunity to
compare perspectives.
6. Conclusion

Remotely sensed data and derived products are key components of landscape analysis, but
often need to be scaled to meet modeling or analysis assumptions. A plethora of scaling methods are
available ranging from simple techniques with limited computational demands to more advanced
methods that use deep learning algorithms. However, recognizing the advantages and limitations of
different scaling methods as well as the differences between techniques is obligatory for landscape
ecologists studying spatial patterns. Scale biases can add significant uncertainty and inaccuracies to an
analysis. Neglecting these potential effects can complicate spatial pattern analysis and obfuscate results.
We reviewed the methods available for upscaling and downscaling remote sensing data and identified
the following key findings.

First, with both upscaling and downscaling, there is no single appropriate scaling method, and so
there are always tradeoffs that must be considered. While a diversity of scaling methods are available to
landscape ecologists, work remains to integrate these into spatial pattern analyses. Second, landscape
ecologists must be particularly aware of how scaling impacts patch richness and abundance, as these
pillars of landscape diversity will be impacted differently by different scaling methods (e.g., through the
elimination of patches, promoting dominance of one class. etc.). Third, methods that preserve
heterogeneity, such as moving window or object-based approaches, may ultimately be better suited for
spatial pattern analysis, but more work is needed to understand how heterogeneity is impacted by
scaling and vice versa. Fourth, the field can focus on leveraging technological advances in machine
learning and deep learning and methodological innovations in computer vision and signal processing.
Lastly, plenty of scaling techniques exist, but it appears many are not widely applied in landscape

ecology. We can suggest more collaborations with remote sensing and signal processing scientists, but



ultimately, the path forward is to ensure landscape ecologists know about the different options,
understand the potential benefits of scaling data (particularly for downscaling), and feel comfortable

determining an appropriate method.

44



46

3 SPATIAL-TEMPORAL SCALE EFFECTS QUANTIFYING LAND USE LAND COVER CHANGE AND

VEGETATION CONDITION RELATED TO ELEPHANT RESOURCES AND HABITAT?

2 Markham, K. To be submitted to Pachyderm.
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Abstract

Land use and land cover maps form the basis of many wildlife conservation studies. They are
often formed from remotely sensed satellite imagery, but there is a variety of imagery available at
different spatial, temporal, and spectral resolutions and not all options are free of cost. Selecting the
imagery most suitable to the study is a matter of great importance, as differences in the scale of
measurement can impact land cover classifications and ensuing analysis. This study modeled land cover
around Victoria Falls, Zimbabwe using Landsat 8 OLI, Sentinel-2 MSI, and Planet Quarterly Basemaps in
2019 and 2021. As this region is highly seasonal, maps were created in the wet and dry season. The
purpose of this study was to identify the spatial resolution necessary for studying land cover and
vegetation in relation to elephant habitat and human-elephant conflict. The random forest machine
learning algorithm was used to classify land cover and generate 12 digital maps in total. Landscape
metrics were calculated from top-performing land cover models and vegetation health was examined.
While maps created using Landsat imagery were consistent in their high accuracy, they might not be
best suited for this analysis. The higher spatial resolution provided by Sentinel imagery identifies small
patches of forest that might be crucial to modeling conflict.
1 Introduction

Mappingland use/land cover (LULC) is a key component of studying biodiversity loss, monitoring
protected areas, and detecting changesin ecosystem services (Jones et al., 2009; Powers & Jetz, 2019; J.
Wiens et al., 2009). Remote sensing allows for consistent monitoring of large areas without the costs
and effortassociated with field-based land cover mapping (Cihlar, 2000; Green et al., 1994; Z. Zhu et al.,
2019; Z. Zhu & Woodcock, 2014). For wildlife conservation studies, land cover maps provide the basis of
habitat suitability studies, corridor mapping, and other geospatial analysis (Dejene et al., 2021; Kileo &

Mbije, 2021).
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Results of LULC and vegetation mapping can be impacted by the scale of measurement (Moody
& Woodcock, 1995; Townsend et al., 2009; R. Welch et al., 1999) and are also subject to constraints
based on local phenology (Dymond et al., 2002). Maps created during the dry season may inaccurately
represent vegetation health and agricultural land usage, affecting predictions of wildlife land use.
Imagery with higher spatial resolution may contain more detailed information on spatial patterns
required at times to precisely capture nuances in resource availability for wildlife.

The importance of accurate and timely land cover maps is particularly needed in Zimbabwe,
which experiences variable annual precipitation that is hard to predict (Mamombe et al., 2017), human
population largely reliant on agriculture (Zimbabwe Livelihoods Zone Profiles, 2010), and high elephant
density that exceeds carrying capacity in some regions (ZIMBABWE NATIONAL ELEPHANT

MANAGEMENT PLAN (2021 — 2025), 2021).

1.1 Local climate and phenology

The climate in Matabeleland North is frequently divided into two seasons: a rainy season
starting in October and lasting through March and a dry season from April until October. Eighty percent
of precipitation across Zimbabwe falls between the months of November and March, with rainfall
shifting earlier during dry years (Mberego & Gwenzi, 2014). The rainy season in Victoria Falls recently
shortened by a month, startingin Novembernow ratherthan October, with a notable decline in October
monthly rainfall dating to the 1990s (Dube & Nhamo, 2019). Vegetation typically responds to
precipitation by one to two months (Mberego & Gwenzi, 2014). Green up starts in November and
declines starting in April (Mberego & Gwenzi, 2014). Crop water requirements peak in December and
January (Funk & Budde, 2009). Interannual rainfall is highly variable in Zimbabwe (Mamombe et al.,

2017). Average monthly rainfall for the Hwange region over the course of this study period is shown in
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Figure 3.1. Interannual precipitation is highly variable and precipitation in 2019 was less than normal.
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Figure 3.1. Clockwise from left to right, average monthly precipitation in Hwange from 2018-2021.
Precipitation is in mm. Data from Climate Hazards Group InfraRed Precipitation with Station data

through Google Earth Engine (Funk et al., 2015).

Zimbabwe experiences droughts that are occasionally followed by periods of higher than
average rainfall. The ZambeziBasin experienced its lowest annual precipitation levels in 2019 along with
decreased water storage due to higher water release from the soil (Hulsman et al., 2021).

Except for a small strip of grassland in the east, the majority of Zimbabwe falls within the
broadly-defined savannavegetation zone (Van Wyk, 2013). Using KGppen-Geiger System, northwestern
Zimbabwe is considered a hot, semi-arid climate (type “BSh”). African drylands can present a particular
challenge for land cover classification; trees found outside of areas classified as forest account for 30-

40% of woody vegetation in Zimbabwe (Reineret al., 2023). South of Victoria Falls, dominant vegetation
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types in the communal lands are dry forests and thickets, specifically Baikiaea woodland on Kalahari
sand interspersed with Mopane woodlands, more specifically Colophospermum woodland) on skeletal
soils (Timberlake et al., 1993). The Baikiaea woodland in this region is an open woodland characterized
by Baikiaea plurijuga 10-14 m high and includes a shrub layer with Paropsia brazzeana, Baphia
massaiensis, Bauhinia petersiana and others. Colophospermum woodland is composed of open
woodland 8-12m high and vegetation approaching woodland thicket with slight variations depending on
the subtype of soil (Timberlake et al., 1993). Common species found in the open woodland area include
C. mopane, Kirkia acuminata, Terminalia stuhlmannii, and others and the shrub layer consists of
Carphalea pubescens, Dalbergia melanoxylon, Gardenia resiniflua, Dichrostachys cinera, and others
(Timberlake etal., 1993). The greenness of most of these vegetation types drastically changes in satellite
imagery in accordance with the seasons, making the phenology, or the study of seasonal and periodic

changes on biological life, particularly germane.

1.2 Land use and land cover change

Changes in LULC can have profound effects on biodiversity and human livelihoods and are
predicted to be the most important contributor to changes in biodiversity (Sala et al., 2000). Cropland
mapping is particularly important given agriculture’s increasing role in sustainable resource
management (Matton et al., 2015). Across Zimbabwe, changes in land cover are driven by population
density, roads, and other factors (Kamwi et al., 2018). Croplands across Zimbabwe are expanding,
despite recent droughts (Usevya et al., 2019). Land cover change was significant from 1984-2013 in
Forest Protected Areas within Zimbabwe with settled forests predictably experiencing more degradation
than unsettled forests (Mutekwa & Gambiza, 2016). Forest patches became more fragmented due to

encroachment of human land cover types from 2002-2011 in the province to the south of Victoria Falls.
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(Shoko et al., 2016) This increase in fragmentation can lead to lower habitat suitability for large
herbivores, such as African elephants (Ntukey et al., 2022).

The study area for this research is just over 2,000 km? and encompasses Victoria Falls National
Park and the communallands situated south of the city of Victoria Falls (Figure 3.2). The areas known as
communal landsin Zimbabwe were established following the country’s independence and, while grazing
lands are communal, households manage their land through agreements (Matondi, 2012). Technically
state land, communal lands are governed by Rural District Councils (Matondi, 2012). Multiple ecosystem
types cover the region, including tropical forests near the Zambezi River and the drier Miombo
woodlands. Dry forests and woodlands are the least protected and most threatened ecosystem across
Africa (Mertz et al., 2007), making their monitoring particularly important. In northwestern Zimbabwe,
there is a dearth of consistent and up-to-date data on vegetation productivity in the semi-arid savanna
woodlands of southern Africa (Murwendo et al., 2021). Projections of future land cover change for
croplands vary considerably in Zimbabwe (Prestele et al., 2016), underscoring the importance of
accurately quantifying growth and distribution. The city of Victoria Falls is also growing; the population
in the Matabeleland North Province in 2012 was 749,017 growing to 827,626 in 2022 (ZimStats, 2022).
The area is also a popular tourist destination; Mosi-oa-Tunya, also known as Victoria Falls, is the largest
waterfallon earth and one of the seven naturalwonders of the world. Fifty billion US dollars in proposed
developmentare currently planned across such an extent that plans are not without controversy (Keep
Victoria Falls Wild, 2023). Further research on landscape changes in Southern Africa is particularly
needed, given growing urban populations and the resulting intensification of agricultural production

leading to increased human-elephant conflict (Musakwa & Wang, 2018).
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Figure 3.2. Study area for land cover classification. Study area outlined in black with beige transparency.
Communallands are identified by numberand outlined in bright pink, dashed lines. Buildings from Open
Street Map are in yellow. The city of Victoria Falls is indicated by a black dot encircled in a white dot. The

country border of Zimbabwe is in white.

1.3 Objectives

To characterize land cover change and determine the appropriate spatial resolution needed to
understand elephant resources, we map land cover around the communal agricultural area south of

Victoria Falls, Zimbabwe in 2019 and 2021. Our main objectives are to 1) understand how spatial scale
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and seasonality affect LULC monitoring and 2) understand how vegetation greenness, related to the
health and biomass of the vegetation, changes seasonally in this region.
2 Methods

To identify how spatial scale and seasonality affect LULC monitoring and understand how
vegetation biomass changes seasonally, land cover was mapped for two distinct phenological periods in
2019 and 2021 corresponding roughly with the wet and dry season. Landcover during these periods was
classified using imagery from three satellite sensors with varying spatial resolution, thus, 12 land cover

maps were created in total. An overview of methods can be found in Figure 3.3.

Landsat-Median Sentinel-Median Planet Quarterly
composite composite Basemaps
|
_
Reference points for
| Wet Quarter dry and wet season
| | Elevation ‘
2019 Dry Quarter - - "
‘ ¥ 70% reference points used -
S e for training ‘ Veige:‘tvatlon
; ndices
| 2021 Dry Quarter - 30% reserve|d for testing
' I
Texture ‘
‘ Random Forest
I
| | _ \ | [
Landsat Landsat Landsat Landsat Sentinel Sentinel Sentinel Sentinel Planet 2021 Planet 2021 Planet 2019 Planet 2019
2021 Wet 2021 Dry 2019 Wet 2019 Dry 2021 Wet 2021 Dry 2019 Wet 2019 Drv* Wet * Dry Wet Dry
| | | [ I [ | [ [
Accuracy Select top performing
assessments models %
Area Landscape Vegetation health
comparisons metrics comparisons

Figure 3.3. Methods flowchartforland cover classification. Blue boxesindicate modelinputs and include
elevation, and vegetation indices and texture generated from Landsat median composites, Sentinel
median composites, and Planet Quarterly Basemaps. Processes related to generating reference points

are in green, the machine learning model used for classification, random forest, is in purple. Land cover
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maps generated are in yellow. Stars indicate top-performing models. Model evaluation steps are in grey

and further analyses are in red. For more information on methods, refer to the text.

2.1 Imagery collection and preprocessing

Landsat 8 OLI, Sentinel-2A/2B MSI, and PlanetScope imagery were used to create LULC maps.
PlanetScope imagery was obtained through an educational account granting access to a limited amount
of data that can be downloaded per month free of charge. Landsat and Sentinel imagery, on the other
hand, are both freely available and open to the public. Each satellite sensor differs in imagery collection
dates and spectral resolution (Table 3.1). Images were selected to minimize cloud coverage in the area
of interest.

The organizations producing such imagery (US Geological Survey, European Space Agency, and
Planet Labs, respectively,) vary in the level of image processing they provide, the ease in accessing and
viewing their data, the products they create and for which dates those products are available. At the

time of writing, Planet Quarterly Basemaps did not include a near infrared (NIR) band.

Table 3.1. Imagery for land use land cover classification

Satellite product

Spatial resolution

Spectral resolution

Temporal resolution

Planet Quarterly

3.7m

Red, green, and blue

Daily but mosaic grabs

20m-Vegetation red
edge, narrow NIR,
shortwave infrared
(SWIR)

2 wider SWIR bands

Basemaps (RGB) only a cloud-free pixel from
the earliest available
date

Harmonized Sentinel-2 | 10m-RGB and near RGB and NIR Every 5days

MSI: MultiSpectral infrared (NIR) 4 narrow bands in the

Instrument, Level-2A narrow NIR
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Landsat 8 OLI Level 1, 30m (15m RGB, 1 NIR band, 2 16 days
Surface Reflectance panchromatic) SWIR bands

The wet seasonin Zimbabwe typically spans November through March and the dry season April
through October (Dube & Nhamo, 2019). Maps were created to reflect the approximate midpoint of
these respective seasons for both 2019 and 2021. These years were chosen based on the availability of
imagery across all satellite sensors/products. To correspond with local weather patterns and Planet
Quarterly Basemaps, the wet quarter is defined as January, February, and March and the dry quarter as
July, August, and September. Using Google Earth Engine (GEE), atmospherically corrected Sentinel and
Landsat imagery were collected for the corresponding months, clouds were masked, and wet and dry
quarter median composites were created to accurately representthe land conditions during these times

(Phan et al., 2020). Figure 3.4 shows imagery used for 2019 classifications.
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2019 Wet Quarter

2019 Dry Quarter

Figure 3.4. True color composites of 2019 imagery used for land cover classification. Dry quarter shown

on top and wet quarter on bottom. From left to right, Landsat, Sentinel, and Planet.

2.2 Land cover classification

Land cover was classified using random forest, an ensemble machine learning classification
method using decision trees that can learn complex non-linear relationships (Breiman, 2001). The
algorithm is optimized based on the number of trees grown and the number of predictors used at each
branch as new nodes are created (Breiman, 2001). Compared with other machine learning classifiers,
random forest handles noise well, is insensitive to outliers, and is highly accurate (Na et al., 2010;
Rodriguez-Galiano & Chica-Rivas, 2014). Other machine learning algorithms were tested, including
classification and regression trees and naive Bayes, but random forest was the most consistent across
satellites in its high accuracy (accuracy percentages 80 to >90 using random forest compared to

accuracy percentages 70-90% for classification and regression trees and <50% for naive Bayes).
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Classification was completed in Google Earth Engine using the Smile.RandomForest classifier. Seventy
percent of the reference points per class were used for training and the remaining 30% were reserved
for testing. A total of 500 trees were used with no maximum number of leaf nodes per tree.

Reference points used to train and test the random forest classifier were taken for each class
and verified using a combination of high resolution imagery from Google Earth Pro and in consultation
with partners in-situ. All reference points were visually checked for each satellite sensor, year, and
quarter. Any points requiring adjustment due to ephemeral differences in use or condition (bare soil
versus agriculture) or due to pixel alignment issues caused by differing pixel size were corrected. A
minimum of 100 reference points per class were created. For dry quarter classifications, 822 reference
points were used and, for the wet quarter, 719 reference points.

The land cover classes deemed most applicable to this region were: lowland vegetation, closed
canopy forest, open canopy forest, shrubland/thicket, grassland, agriculture, bare soil, and water (Table
3.2). A dry quarter only class, burn, was also included, as burned agricultural/natural areas show a
distinct pattern on the landscape. The aforementioned classes were chosen based on a review of the
region’s ecology, existing land cover classifications, and after consultation with collaborators in-situ.
Given the relatively small area of developed land and the lack of surface distinguishable from bare soil,
developed area was not a chosen class. Attention was also paid to the likelihood that class would be

detectable at all spatial resolutions.

Table 3.2. Land cover classes used along with ecological and visual description and the equivalent

classes from the European Space Agency’s (ESA) Global Land Cover.

Name Description ESA Global Land Cover
Lowland Land with soil and vegetation periodically or regularly Herbaceous wetland
vegetation saturated with water. Water saturated areas may make up

over 50% of the coverage at times.
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Closed canopy | Tree coverage is greater than 75% Tree cover
forest

Open canopy | Tree coverage is between 25-75%. Tree cover
forest

Thicket/shrubl | Land dominated by Baikiaea woodland and Mopane Shrubland
and woodland interspersed with herbaceous grasses and

shrubs. Dry forest.

Agriculture Agricultural land that is being used for crops or as pasture. | Cropland
Agricultural land is geometric and has an obvious shape.

Bare soil Exposed soil or rock that has less than 10% vegetation. Bare/sparse vegetation
Water Includes rivers, lakes, streams, water contained in pools, Permanent water

etc. bodies
Burn Class only relevant to the dry quarter. Area that showed No equivalent class

visible fire damage. May have been forest, lowland
vegetation, thicket, agricultural area, or bare soil prior to
burn scar.

In addition to individual spectral bands (referto Table 3. 8 in Appendix C for further information
on imagery), select vegetation indices and elevation data from ASTER Global Digital Elevation Model
V003, and texture calculations were included as additional explanatory variables (Table 3.3) (Theobald
et al., 2015). The Normalized Vegetation Index (NDVI) is widely used for its sensitivity to ecosystem
conditions (Goward et al., 1985; S. Huang et al., 2021; Myneni et al., 1995; Ollinger, 2011). It uses the
green band and the near infrared band and can be thought of as a measure of greenness in a pixel
(Rouse et al., 1974). The Normalized Difference in Green/Red Index (NGRDI) was also used as an
indicator of vegetation (Tucker, 1979). This index is calculated fromthe red and green bands only, thus it
could be used to classify regardless of the satellite sensor chosen. It is more commonly used with
uncrewed aerial vehicles or drones which often capture a limited number of bands (Hunt et al., 2005;
Jannoura et al., 2015; Motohka et al., 2010). Finally, the Normalized Difference Red Edge Index (NDRE)

has shown considerable promise for mapping vegetation. Thisindex s similar to NDVI butit usesthe red
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edge band, ranging from approximately 680to 730 nm (E. M. Barnes et al., 2000). NDRE is often used
when studying crops and is potentially more informative for vegetation health, particularly in regards to
identifying stress, measuring chlorophyll content, etc. (Adelabu et al., 2014; Delegido et al., 2011; Eitel
et al., 2011; Marx & Kleinschmit, 2017). For index formulas, see Table 3.9 in Appendix C. Measures of
image texture offer a quantitative depiction of the visual attributes within an image, encompassing
factors like smoothness, roughness, and other relevant characteristics (Baraldi & Panniggiani, 1995).
Texture measurements are extracted from the image itself and have the potential to improve land cover
classification (Hurni et al., 2013; Shaban & Dikshit, 2001; Soares et al., 1997). Texture calculations were
done by measuring entropy in Google Earth Engine using a kernel with a radius of four (Haralick et al.,
1973). Calculations were done for individual bands as well as vegetation indices and tested in the
classification models. If including the texture measurement improved the classification, it was retained

as an additional explanatory variable in the model.

Table 3.3. Data used to train random forest classifiers. *Formulas forindices are included in Appendix C.

Bands Indices* Auxiliary variables
Planet Quarterly RGB Normalized difference | Aspect, elevation, slope
Basemaps in green/red index green texture
NGRDI (Tucker, 1979) (entropy), and red
texture
Harmonized Sentinel-2 | RGB, Red Edge 1, 2, & NDVI, normalized NIR texture, SWIR
MSI: MultiSpectral 3, NIR, Red Edge 4, difference red edge texture, NDVI texture,
Instrument, Level-2A SWIR 1 and 2 index (NDRE) elevation, slope
Landsat 8 OLI Level 2, RGB, NIR, SWIR 1, and NDVI and NGRDI Elevation, slope, NIR
Surface Reflectance SWIR 2 texture, NDVI texture,
SWIR texture
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ASTER Global Digital Elevation. N/A N/A
Elevation Model V003 | Slope and aspect
calculated from
elevation.

Classification was completed for each year, quarter, and with imagery from each satellite
sensor. Accuracy was assessed using total accuracy, user’s and producer’s accuracy, and kappa
coefficients; all of which are commonly used to assess how well a classification distinguishes classes
(Congalton & Green, 1999). Total accuracy, user’s accuracy, and producer’s accuracy all range from 0-1
with 1 meaning 100% of the reference points were classified accurately. Producer’s accuracy is the
accuracy from the view of the map makerand the user’s accuracy the accuracy from the map user, with
accuracy indicating how often the land cover class on the map will be found in-situ. The kappa
coefficient was also calculated. Kappa scores falling between 0.61 and 0.8 indicate a “substantial” level
of agreement and scores 0.81 and higher are considered “almost perfect” (Landis & Koch, 19773,
1977b). Thirty percent of reference points were reserved for testing and these were used to tabulate a
confusion or error matrix (Congalton, 1991). Variable importance factors were examined for all models

with a total accuracy that exceeded 0.9.

2.3 Landscape metrics

Landscape metrics were calculated for models with an overall accuracy that exceeded 0.9
(accuracy range of 0-1.0) in Fragstats 4.2 (McGarigal et al., 2023). Landscape metrics are one method of
efficiently quantifying spatial patterns for ecological analyses. They can be useful for linking patterns to
ecological processes, provided one is not capturing the scale-dependency of the metrics themselves
(Frazier & Kedron, 2017; Kupfer, 2012). Prior to calculations, the categories of open and closed canopy
forest were consolidated into a single forest class. Metrics chosen were based on their informative value

and ability to detect habitat fragmentation rather than habitat abundance (X. Wang et al., 2014). Class
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metrics calculated include Clumpiness Index (CLUMPY), percent of landscape, and mean patch area.

Landscape metrics calculated include Perimeter-Area Fractal Dimension (PAFRAC), Core Area Index

Mean (CAI_MN), and Total Edge Contrast Index (TECI). The description of each of these metrics along

with the units of measurement and abbreviation can be found in Table 3.4.

Table 3.4. Landscape metrics assessed.

Metric: Abbreviation Unit Description

Landscape (L) and Class

(€)

Core Area Index Mean | CAI_MN Percent The percentage of a patch that is core area.

(L)

Total Edge Contrast TECI Percent Quantifies edge contrast for the landscape as

Index (L) a whole as a percentage of maximum
possible.

Perimeter-Area Fractal | PAFRAC N/A Indicates shape complexity. PAFRAC

Dimension (L) approaches 1 for shapes with very simple
perimeters, such as squares, and approaches
2 for shapes with highly convoluted, plane-
filling perimeters.

Clumpiness (C) CLUMPY Percent Measure of habitat subdivision. Calculated
from the adjacency matrix, which shows the
frequency with which different pairs of patch
types appear side-by-side. Score is -1 when
patch type is maximally disaggregated and 1
when maximally aggregated.

Percentage of PL Percent Proportion of each patch type.

Landscape (C)

Mean Patch Area (C) AREA_MN Hectares Area-weighted mean patch size of patches of

the corresponding class, where the
proportional area of each patch is based on
total class area. AREA_MN at the class levelis
a function of the number of patches in the
class and total class area and does not detail
how many patches exist.
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2.4 Vegetation condition

Vegetation conditions were examined using the NGRDI, as Planetimagery obtained for this work
did not include an infrared band. Index values were compared per land cover class for top performing

land cover models.

2.5 Scale effects

Scale effects for select vegetation land classes were identified by comparing the accuracy
estimates, area calculations, as well as select landscape metrics for particular dates. Following normality
tests, including examining QQ plots and the Shapiro-Wilk normality test, multivariate regression was
used to identify any significant effects of seasonality or satellite sensor resolution on land cover area.
User’s and producer’s accuracy were also compared.

3 Results

3.1 Land classification accuracy, variable importance, and classification results

It is important to note that the land cover classification maps referred to in the forthcoming
sections are the result of classifications completed using specific bands, indices, and textural calculations
that are not consistent across all satellite sensors and products. These classifications are the result of
the exact methods and predictors modeled. While the forthcoming text may refer to these maps as
“Landsat-based 2019 wet season map” for the sake of brevity, it should always be understood that the
comparisons between land cover maps, their accuracies, etc. do not generalize to the satellite sensors

and products themselves but instead refer maps created by the specific processing described earlier.

3.1.1 Land classification accuracy

All models performed well, with kappa scores between 0.82 to 0.95 and total accuracies

between 0.84 and 0.96. The top two performing models in regards to overall accuracy used Landsat
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imagery and reached accuracies of 0.95 or higher (Table 3.5). Models using Landsat outperformed those
using Sentinel and Planet across season and year, with the exception of the 2021 wet quarter, in which
the random forest models for Landsat and Planet performed similarly (Table 3.5). Across satellites and
years, the overall accuracy was slightly higher on average for the wet (0.91) than the dry quarter (0.89)
and kappa coefficients on average were similar by season (0.89 wet vs 0.88 dry). Overall accuracy
exceeded 0.9 for the 2019 wet quarter using Planet and Landsat, the 2019 dry quarter using Sentinel

and Landsat. None of the 2021 models exceeded 0.9 overall accuracy.

Table 3.5. Overall accuracy and kappa coefficients for each year and season by satellite. Models with

overall accuracy higher than 0.9 are in bold.

Year Season Planet Sentinel Landsat

2019 Wet Accuracy: 0.91 Accuracy: 0.89 Accuracy: 0.96
Kappa coefficient:0.90 | Kappa coefficient: 0.87 Kappa coefficient: 0.95

Dry Accuracy: 0.84 Accuracy: 0.94 Accuracy: 0.95
Kappa coefficient: 0.82 | Kappa coefficient: 0.93 Kappa coefficient: 0.94

2021 Wet Accuracy: 0.9 Accuracy: 0.88 Accuracy: 0.90
Kappa coefficient: 0.88 | Kappa coefficient: 0.86 Kappa coefficient: 0.88

Dry Accuracy: 0.84 Accuracy: 0.89 Accuracy: 0.90
Kappa coefficient: 0.82 | Kappa coefficient: 0.87 Kappa coefficient: 0.89

The range of user’s accuracy by class was smaller with Landsat imagery compared to Planet and
Sentinel (Figure 3.5.A). Models using Planet imagery had user’s accuracy scores consistently below 0.9
for agriculture whereas models using Landsat and Sentinel consistently performed better (Figure 3.5.A).
User’'saccuracy forclosed and openforest ranged from perfectto less than 0.8 for closed forest in some

models (Figure 3.5.A). User’s accuracy for models of open forest were generally higher across satellites.
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Figure 3.5 User’s (A) and Producer’s (B) accuracy by class: all years, seasons, and satellites. Each dot

represents a distinct year, quarter (wet or dry), and class (as indicated by color).

Producer’s accuracy also ranged less widely when using Landsat compared to Planet and

Sentinel (Figure 3.5.B). Producer’s accuracy for agriculture dropped below 0.9 twice using Sentinel
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imagery and once using Landsat and Planet imagery. Models using Landsat were generally more
successful at classifying both forest types, with producer’s accuracy never dropping below 0.95 for open
forest. Closed forest was more variable, with perfect accuracy in one model using Planet imagery but
with five out of the twelve models scoring below 0.85 (Figure 3.5.B).

Results from linear regression show no significant effect of year or season on model user’s
accuracy, but using Planet imagery lowered accuracy by 0.05% (p<0.01). In reference to the producer's
accuracy of land classification models, again Planet imagery lowered accuracy by 0.05% (p<0.001).
Models using Sentinel imagery lowered accuracy by 0.03% (p<0.05). No significant effect of year or
season was found for producer’s accuracy.

The top performing models generally were quite similar in their user’s accuracy between
satellites, often scoring within a few percentage points. Exceptions include the class of agriculture
during the wet quarter, with user’s accuracy of 87.5% using Planet compared to 96.9% using Landsat,
soil, with accuracy of 90.1% compared to 86.4%, and closed forest, 91.2% compared to 97.1%. User’s
accuracy for classifications done in the dry quarter using Landsat and Sentinel differed in the classes of
soil, Sentinel having 84.4% accuracy and Landsat 90.6%, and lowland vegetation, Sentinel reaching

85.2% accuracy compared to 96.4% accuracy using Landsat imagery.

3.1.2 Variable importance-top performing models

Of the top performing models, the NGRDI was an important contributing variable in most
models (Figure 3.6). The variables with the highest importance in the 2019 wet quarter model using
Landsat were NIR, followed by the NGRDI and NDVI. Classification in 2019 using Landsat during the dry
guarter shows similar trends, with the NGRDI acting as the most important variable, followed by NDVI,
NIR, and then elevation and short wave infrared (SWIR) 2. In the 2019 wet quarter model using Planet

imagery, the NGRDI was the most important variable, followed by the blue wavelength and then
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elevation. The variables with the greatest importance in the 2019 dry quarter model using Sentinel

imagery were elevation followed by SWIR 2, NDVI, and the blue wavelength.
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Figure 3.6. Random forest predictor variable importance for top performing land cover classification

models. NGRDI= Normalized difference in green/red index, NDRE=Normalized red edge index.

3.1.3 Land cover differences-top performing models

Wet quarter differences between land cover classifications from Landsat and Planet include
differences in area classified as thicket with 541.77 km? using Landsat compared to 461.39 km? using
Planet. While the square kilometers classified as bare soil and agriculture between the two satellite
sensors were similar, the maps show differences concentrated in particular areas: area in the northeast
of the study site classified as agricultural land using Landsat was classified as bare soil when Planet
imagery was used (Figure 3.7). There was also a difference in the area classified as thicket during the dry

guarter using Landsat and Sentinel, with 416.35 km? using Landsat and 541.77 km? with Sentinel. Dry
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guarter classifications using Sentinel and Landsat both resulted in more area classified as forest when

compared to the wet quarter.

2019 Wet 2019 Wet
Landsat . Planet

2019 Dry 2019 Dry
Landsat Sentinel

0 5 10 Kilometers

Agriculture || Thicket [l Bare Soil [l Water | Lowland Vegetation | Open Canopy [l Closed Canopy [l Burn

~ ~

Figure 3.7. Land cover classification maps for the 2019 wet and dry quarter.

In regards specifically to classification of forest, total forest area was slightly greater during the
dry quarter than the wet quarter. Total area classified as forest during the dry quarter were similar
between Landsat and Sentinel; differing by less than 10 km?2 for open canopy forest and less than 30 km?
for closed canopy forest. During the wet quarter, the classification using Planet imagery included slightly
more closed canopy forest (903.99 km?) compared to Landsat (1,120.66 km?) but less open canopy

forest(153.47 km? versus 203.77 km?). When consolidating open and closed canopy forest, the extent of
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agreement between Landsatand Planet covers most large extents of forest, but Planet, with its greater

spatial resolution, classifies more small patches of land as forest (Figures 3.8 & 3.9).
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Figure 3.8. Comparison of forest classifications during the 2019 wet quarter using Landsat and Planet
imagery. Areas classified as forest (either closed or open canopy) when using Landsat imagery but not
when using Planet imagery are shown in bright green. Areas classified as forest when using Planet
imagery but not Landsat are shown in olive green. Two insert maps in the bottom also show elephant-
human conflict locations from 2015-2021. Note that forest coverat the date of these conflict points may

or may not differ from what is shown.
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Figure 3.9. Comparison of forest classifications during the 2019 dry quarter using Landsat and Planet
imagery. Areas classified as forest (either closed or open canopy) when using Landsat imagery but not
when using Planet imagery are shown in bright green. Areas classified as forest when using Planet
imagery but not Landsat are shown in olive green. Two insert maps in the bottom also show elephant-
human conflict locations from 2015-2021. Note that forest coverat the date of these conflict points may

or may not differ from what is shown.

Results from linear regression indicate the total square kilometers of agricultural land is 49.83
higher in the wet quarter (P <0.01). Using Planet imagery results in 77.81 fewer square kilometers of
agricultural land (P<0.01). No significant effects of imagery, season, oryear were found when examining

areas of forest or thicket.
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3.2 Land cover metrics-top performing models

Across metrics made at the landscape level, Planet generally scored lower than Landsat (Table
3.6). There was considerable variation in CAl_MN scores between satellite and season, with the land
cover classification using Planet during the wet quarter having a score close to zero and the classification
using Sentinel during the dry quarter having a score over 0.8. Whereas PAFRAC and TECI scores of dry
guarterland cover were comparable between Landsat and Sentinel, CAl_MN scores were distinct. TECI
scores across models and seasons suggest a moderate level of edge is present in this landscape across
wet and dry quarters. PAFRAC scores greater than one but less than two indicate patch shapes in this
landscape are neither complex nor simple but fall somewhere in the middle. Scores were in top

performing dry quarter models but differed for wet quarter models slightly.

Table 3.6. Landscape scale metrics of the top performing land cover classification models.

CAI_MN PAFRAC TECI
Landsat Wet 0.2813 1.58 61.7515
Planet Wet 0.0007 1.40 51.2318
Landsat Dry 0.3913 1.42 57.5099
Sentinel Dry 0.817 1.49 60.1216

Across all seasons and models, the land cover making up the greatest portion of the landscape
was forest (approximately 45-35%) followed by thicket (roughly 14-16%) (Table 3.7). As expected, water
availability in terms of total area and percentage of landscape was higher in the wet quarter than the
dry quarter, although there was a considerable intraseasonal difference between Landsat and Planet

measurements during the wet quarter. The percentage of landscape classified as forest was higher in
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the dry quarterthan the wet, but the mean patch area between the wet and dry quarter Landsat maps

remained around ~10

Table 3.7. Landscape metrics of the top performing land cover classification models. Metrics computed

at the class level.

Percentage of

Landscape AREA_MN CLUMPY
Landsat-Wet
Water 3.7826 0.2228 0.1998
Forest 35.1354 10.8619 0.8448
Lowland
vegetation 4.7439 0.2754 0.2895
Thicket 16.5994 1.5352 0.6703
Bare soil 7.3881 0.3899 0.4006
Agriculture 6.9357 3.2888 0.7615
Planet-Wet
Water 0.8998 0.0135 0.614
Forest 42.5581 0.6005 0.8671
Lowland
vegetation 4.9309 0.041 0.7715
Thicket 16.843 0.1007 0.7674
Bare soil 5.2324 0.0676 0.794
Agriculture 5.2332 0.083 0.7898
Landsat-Dry
Water 0.1668 1.7805 0.8396
Forest 45.206 10.1966 0.8789
Lowland
vegetation 2.7991 1.1275 0.8107
Thicket 15.3497 2.3742 0.7867
Bare soil 4.557 1.0135 0.7483
Agriculture 6.6512 1.6512 0.8128
Burn 1.7421 0.5347 0.6972
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Sentinel-Dry

Water 0.1194 2.5472 0.855
Forest 43.7904 3.2797 0.793
Lowland

vegetation 2.9449 0.3722 0.6945
Thicket 14.1427 0.9453 0.6847
Bare soil 5.3626 0.3712 0.5706
Agriculture 7.3807 0.8091 0.6834
Burn 2.7767 0.329 0.6022

The CLUMPY index is affected by cell size, with smaller cell sizes resulting in higher scores and a
more clumpy landscape. Thus, as expected, all scores using Planet imagery were higher than Landsat,
and while the classes of thicket, lowland vegetation, bare soil, and agriculture all scored similarly using
Planet imagery, there was considerably more variation between classes with the Landsat-based map
(Table 3.7). In comparison to the Landsat-based equivalent map, CLUMPY scores were not noticeably
smaller for measurements made using the Sentinel-based map. The Sentinel-based land cover maps

were exported at 20m resolution.

3.3 Vegetation condition-top performing models

In the dry quarter, maximum NGRDI values were slightly higher in agricultural lands (0.52) than
in forest (0.42) when classification was completed using Landsat but not when using Sentinel imagery
(0.49 vs 0.59). Areas classified as agriculture had similar ranges (0.42 for Landsat versus 0.45 for
Sentinel), maximum (0.49 versus 0.52), and median values (0.26 versus 0.27). The median NGRDI value
for forest classified using Sentinel was 0.19 compared to 0.16 with area classified as forest using Landsat
imagery. The maximum recorded NGRDI value was slightly higher for Sentinel forest than Landsat and
the range of values was slightly greater (Table 3.12 in Appendix C). Minimum NGRDI values were also

comparable between satellite sensors during the dry quarter (Table 3.12 in Appendix C).
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In the wet quarter, areas classified as agriculture using Planet had a much larger range of NGRDI
values compared to agriculture classified using Landsat (0.72 vs 0.34). There were also differences in
median and minimum values between agricultural land but maximum values were comparable (Table
3.12 in Appendix C). Areas classified as forest had similar median values (0.09 versus 0.02). Maximum
values differed (0.22 for Landsat and 1.0 for Planet) as did minimum values (0.02 and -1.0) and the range
of NGRDI values (0.19vs 2.0).

4 Discussion

Studies of wildlife conservation frequently rely on land cover maps created from remotely
sensed imagery, as they provide the basis of habitat suitability models, corridor mapping, and other
geospatial analysis (Dejene et al., 2021; Kileo & Mbije, 2021). Land cover maps based on remotely
sensed imagery can be affected by the grain size of the image (or the spatial resolution), affecting
analysis (Ju et al., 2005; Moody & Woodcock, 1995; J. Wu, 2004). Satellite imagery and products range in
their affordability and accessibility, and conservation nonprofits and local governments may not have
use of imagery of all spatial, spectral, and temporal resolutions. Therefore, it is crucial to determine the
optimal scale required for classifying land cover. We characterized land cover change and determined
the appropriate spatial resolution needed to understand elephant resources by mapping land cover
around the communal agricultural area south of Victoria Falls, Zimbabwe in 2019 and 2021. We also
identified how vegetation greenness, an indicator of vegetation health and biomass, changes seasonally.

In general, land cover maps produced using Landsat, Sentinel, and Planet imagery had high
accuracy regardless of season. Planet was not quite as accurate as classifications using Sentinel and
Landsat imagery for agriculture; all models using Planet imagery had user’s accuracy scores consistently
below 0.9 for agriculture whereas models using Landsat and Sentinel performed better. The lack of
infrared bands is a probable contributor to the lower accuracy, as vegetation is highly reflective in

infrared wavelengths, but such information would not have been present in maps created using Planet.
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Accuracy was generally more consistent using Landsat compared to Sentinel or Planet. When
implementing a cutoff of accuracy greater than 0.9, two maps created from Landsat applied compared
to one map created using Sentinel and one using Planet. In regards to top performing models, NGRDI
was of high importance when modeling land cover, as was NDVI. Top performing land cover maps
created from Landsat and Sentinel imagery were improved with a short wave infrared band (absent in
the Planetimagery employed in this study). Overall, these findings suggest that freely available Landsat
and Sentinel imagery are suitable for land cover mapping in the Hwange region of Zimbabwe. Landsat
imagery extends as far back as the 1970s and Sentinel imagery is available starting in 2014. Landsat and
Sentinelsensors also have more spectral information available in comparison to Planet (see Table 3.8 in
Appendix C), providing additional benefits. However, the section, “In relation to elephants and human-
elephant conflict” explains why further investigative work may need to be done and why Landsat may
not be the most suitable for studying areas of human-elephant conflict.

As expected, water availability was lower during the dry season compared to the wet with
higher mean patch area during the dry quarter, indicating that, of the water available, it is concentrated
into larger patches during the dry season. Visual inspection of land cover maps appears to confirm this
(see Figures 3.11-3.14 in Appendix C for top performing land cover maps in larger size). While the total
area of forest was similar during the wet and dry quarters, it was slightly higher during the dry quarter
when examining land cover maps from Landsat. This is likely due to misclassifications of thicket as
forest. Reference points may need to be refined during the dry period or classifications done during the
dry quarter may overestimate the extent of forest.

Vegetation health, as indicated by NGRDI values for forest, is higher during the dry season
compared to the wet, which is highly unlikely. In this area, green up is known to generally start in
November, declining starting in April (Mberego & Gwenzi, 2014). Using the more preferable NDVI to

examine seasonal differences in vegetation led to disparate but expected results. When examining NDVI
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values for 2019, vegetation health follows expected patterns, with average NDVIinforested areas (using
Landsat) 0.71 in the wet quarter and 0.34 in the dry quarter. For agricultural areas, average NDVI was
0.57 during the wet quarter and 0.30 during the dry quarter. The 2019 land cover map created using
Sentinelforthe dry quarter had similar values compared tothe Landsat land cover map. Based on these
findings and the well-established seasonal phenology of the region, NGRDI is not a suitable indicator of

vegetation health for monitoring the communal lands south of Victoria Falls.

4.1 Scale effects

In general, land cover classifications in both the wet and the dry quarter using all satellite
sensors performed well, suggesting freely available Landsatimagery is suitable for monitoring land cover
changes and vegetation health in this region. Area classified as forest was comparable between land
cover maps for the dry season. During the wet season, Planet classified more land as closed canopy
forestbutless as open canopy forest comparedto Landsat. Accuracy and area measures were generally
comparable across all top performing models.

Our understanding of any landscape patterns and subsequent ecological processes is limited by
the extent of the landscape or study area and by the size of the pixel or the grain (J. A. Wiens, 1989).
Thus, using land cover maps based on imagery with differing spatial resolution might expectedly
produce differing results. Some metrics are not correlated with the abundance of a class present on the
landscape, making for more informative measures of landscape fragmentation (X. Wang et al., 2014).
CAl_MN scores differed between Landsat and Planet during the wet quarter and between Landsat and
Sentinelin the dry quarter. The percentage of patchesthatare considered core area is thus higher in the
wet quarter when using maps created from Landsat (compared to Planet) and lower using maps created
from Landsat (compared to Sentinel) during the dry quarter. The resolution at which the land cover

maps were created had little impact on PAFRAC and TECI scores. PAFRAC scores were slightly higher
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using Landsat compared to Planet during the wet quarter, but scores from all models show moderate
complexity in patch shapes. The amount of edge present in the landscape did not differ by season
between the two land cover maps created using Landsat, and TECI scores ranged from ~51 to ~61 across
all models, indicating a moderate amount of edge present in the landscape.

In regards to vegetation health, NGRDI median values differed for dry quarter classifications of
forest. Wet quarter classifications of forest had similar median values despite variation in terms of
maximum and minimum values. Wet quarter NGRDI measures for agriculture also displayed variability
whereas dry quarter agricultural NGRDI values were largely similar (Table 3.12in Appendix C). Planet
may not have been effective in identifying agriculture during the wet quarter, as NGRDI measures of
agriculture using Planet-based classification had a negative median value (Table 3.12 in Appendix C),
indicating water may have been misclassified as agriculture. Negative median NGRDI values were also

reported for thicket and bare soil, suggesting a closer look at this image’s accuracy may be needed.

4.2 In relation to elephants and human-elephant conflict

Human-elephant conflict can occur in multiple forms, but one of the most common is through
crop-raiding. As forage availability declines in naturalized areas, African savanna elephants (Loxodonta
africana) increase the amount of woody vegetation they consume and are more likely to engage in crop-
raiding (Osborn, 2004). Crop-raiding can cause serious damage to a farmer’s livelihood and attempts to
protect and patrol crops can lead to injury or fatalities. Furthermore, these repeated incidents
understandably contribute to less than tolerant views of elephant conservation (Hariohay et al., 2018).

Accurate measures of vegetation health in forested areas and croplands are particularly
germane to understanding and mitigating human-elephant conflict. Responding to vegetation changes,
elephants move to areas with intermediate to high levels of vegetation greenness and track even short-

lived vegetation greening (Bohrer et al., 2014). Their resource preference tracks scarcity, with
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preference forcrucial resources increasing as scarcity increases (Tsalyuk et al., 2019). The relatively high
levels of forest connectivity reported across all scales in this study may suggest that elephants in this
region can navigate this landscape easily, particularly if seeking areas of refuge as has been suggested
(M. D. Graham et al., 2010; Oppong et al., 2008; Thant et al., 2021). Upon examining Figures 3.8 and 3.9,
two areas with visible discrepancies in area classified as forest, when human-elephant conflict is
overlaid, questions arise as to whether or not classifications of forest created from Landsat imagery are
of high enough spatial resolution. Many of the points are located adjacent to forest that has been
missed by Landsat classifications. Figure 3.10 shows the point locations of human-elephant conflict
(HEC) provided by Connected Conservation (www.connectedconservation.com) in collaboration with
Zimbabwe Parks and Wildlife and the Rural District Council and forest classifications for Planet, Landsat,
and their agreement for the 2019 wet season. The two insert maps show hotspots identified for HEC.
Forest classified using Planetimagery identifies smaller patches missed when classifying land cover using
Landsat, and these patches are often adjacent to conflict points. Figure 3.11 is identical except forest
classified using Sentinel imagery is shown. Again, Sentinel identifies smaller patches of forest that
classifications using Landsat failed to detect with small patches adjacent to conflict. This may highlight
that land cover classifications for use in human-elephant conflict studies would be better served using
Sentinel or Planet imagery. A quick visual comparison suggests the forest identified using Sentinel is

similar to that identified using Planet.
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Figure 3.10. Comparison of forest classifications during the 2019 wet quarter using Landsat and Planet
imagery. Areas classified as forest (either closed or open canopy) when using Landsat imagery but not
when using Planet imagery are shown in bright green. Areas classified as forest when using Planet

imagery but not Landsat are shown in olive green. Human-elephant conflict (HEC) points shown in red.

The two insert maps show hotspots identified for HEC.
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Figure 3.11. Comparison of forest classifications during the 2019 wet quarter using Landsat and Sentinel
imagery. Areas classified as forest (either closed or open canopy) when using Landsat imagery but not
when using Sentinel imagery are shown in bright green. Areas classified as forest when using Sentinel
imagery but not Landsat are shown in olive green. Human-elephant conflict (HEC) points shown in red.

The two insert maps show hotspots identified for HEC.

4.3 Limitations and future work

Finding suitable imagery overlap during the wet quarter across three satellite sensors is
challenging. Multiple attempts were made to use Planet imagery but difficulties with cloud coverage,

the temporalresolution of the products available, the processing needed to generate suitable mosaics,
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and temporal overlap with Sentineland Landsat imagery available in Google Earth Engine, leading to few
actual choices in Planet imagery and ultimately the use of Planet Quarterly Basemaps. This was less-
than-ideal due to their lack of a near infrared band. The processing that goes into Planet basemaps is
also not transparent at present, thus we cannot estimate the impact that differences in image
preprocessing may have had on classification results using Planet Quarterly Basemaps.

Future work should further explore the land cover classifications of Sentinel and Landsat to
determine if Sentinel imagery is the most appropriate. The two hotspots of conflict examined here
appear to show that the higher resolution offered by Sentinel may be more suitable for land cover
mapping in relation to human-elephant conflict. While the overall accuracy did not differ substantially
between all satellite sensors, a more thorough exploration of Landsat- and Sentinel-identified forest
combined with conflict across the region should be completed. Further refinements to wet and dry
seasonreference points for forest might also be necessary, as more land was classified as forest during
the dry quarter when compared to the wet using Landsat imagery, although wet quarter classifications
appear more reliable in regards to the main classes of interest for this study. Classifying imagery during
the wet season is challenging due to cloud coverage and cloud-free images are not always available,
thus imagery recorded during the dry season might be relied upon, in which cases reference points

should be improved.

5 Conclusion

In general, land cover maps produced using Landsat, Sentinel, and Planet imagery had high
accuracy regardless of season. Accuracy was generally more consistent using Landsat compared to
Sentinelor Planet. In regards to top performing models, NGRDI was of high importance when modeling
land cover as was NDVI. Top performing land cover maps created from Landsat and Sentinel imagery

were improved with a short wave infrared band. Vegetation health follows well-established seasonal
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patterns when measured using NDVI, with forest and agricultural land much greener in the wet quarter
compared to the dry quarter. The opposite pattern was found using NGRDI, suggesting NGRDI is not a
suitable indicator of vegetation health for monitoring the communal lands south of Victoria Falls. The
amount of edge and the complexity of patch shapes was not greatly influenced by the resolution of the
land cover maps. When specifically examining hotspots of human-elephant conflict for differences in
land cover between maps produced using Landsat, Sentinel, and Planet imagery, forest classified using
the higher resolution of Sentinel and Planet imagery becomes apparent adjacent to many conflict
points. Sentinel and Planet appear to be alike in land classified as forest. On these grounds, Sentinel,
with its higher spectral resolution and lack of cost, may produce land cover maps best suited to

monitoring human-elephant conflict rather than maps modeled from Landsat or Planet imagery.



4 UNDERSTANDING SPATIAL PARAMETERS IMPLICATED IN ELEPHANT CROP-RAIDING:

MACHINE LEARNING APPROACHES FOR ELEPHANT CONSERVATION AND SOLUTIONS TO HUMAN -

ELEPHANT CONFLICT?

3 Markham, K. To be submitted to Remote Sensing in Ecology and Conservation.

82



83

Abstract

Humans and elephants come into conflict when space and resources overlap. Patterns of human-
elephant conflict are complex, often dependent on scale, and the drivers not always known. Most
studies of conflict with African savannaelephants have been conducted in Kenya, Botswana, and South
Africa, with little known about the trends south of Victoria Falls, Zimbabwe. To the southeast of one of
the seven natural wonders of the world, conflict in communal lands occurs when resource availability
declines in natural areas, as crops mature. We tested multiple machine learning techniques to model
crop raiding, using over 700 data points collected from 2015 through 2021. Of the machine learning
methodstested, random forest was the most accurate. The likelihood of conflict increases as proximity
to protected areas and to agricultural land declines, as distance from buildings increases and building
density declines. Results broaden our understanding of human-elephant conflict by presenting findings
in a largely understudied region of Zimbabwe and make way for future mitigation and planning to

reduce conflict.

1 Introduction

1.1 African elephants and human-environment interactions

Elephants are drivers for biodiversity changes and conflict (Guldemond & Van Aarde, 2008;
Hoare, 1999; Parker & Osborn, 2001). Vegetation responds negatively to elephants in arid savanna
(Guldemond & Van Aarde, 2008) and elephants have been found toinhibit forest succession in disturbed
areas dominated by shrubs and grasses in Kibale National Park (Omeja et al., 2014). Elephants consume
grasses and browse (green shoots and leaves as well as twigs and branches), strip bark off trees, and
push over and break smaller, younger trees (R. F. W. Barnes, 1982; Dublin et al., 1990; Mapaure &

Campbell, 2002; Plumptre, 1994). They spend around 75% of the day foraging (Ruggiero, 1992; Wyatt &
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Eltringham, 1974). African elephants have also been shown to be ecosystem engineers, modifying food
availability for other animal species (Valeix et al., 2011). Their foraging preferences attract them to
dense vegetation which increases the openness of the landscape with time (Gordon et al., 2023) and
they can negatively impact local biodiversity (Cook et al., 2017; Kerley & Landman, 2006; Midgley et al.,
2020) as well as resilience to extreme events (Western & Mose, 2023).

Savanna elephants are generalist herbivores. They consume grasses, woody plants, and even
fruits depending on availability and environmental conditions. Their consumption of less nutritious
foods, such as bark and woody vegetation, increases during the dry season (Guy, 1976; Osborn, 2004;
Williamson, 1983). Their location on the landscape and their generalmovement patterns are influenced
by water availability and forage conditions (Bohrer et al., 2014; Chamaillé-Jammes et al., 2013; Loarie et
al., 2009; Tshipa et al., 2017); elephants respond to vegetation changes, moving to areas with
intermediate to high levels of vegetation greenness, and tracking even short-lived vegetation greening
(Bohrer et al., 2014). Their resource preference tracks scarcity, with preference for crucial resources
increasing as scarcity increases (Tsalyuk et al., 2019). The same is true for permanent water resources,
with preference increasing as precipitation decreases (Tsalyuk et al., 2019). Elephantspeed and core use
areas decline significantly during the dry season, presumably to conserve energy (Mlambo et al., 2021).
As the dry season progresses and the availability of nutritional wild grasses declines, elephants increase
not only the amount of woody vegetation they consume but they are also more likely to engage in crop -
raiding (Osborn, 2004).

The endangered African savanna elephant (Loxodonta africana) inhabits Zimbabwe. A 2014
aerial study of Zimbabwe estimated the country’s elephant population at 83,000 divided into four main
populations based on geography, with the Northwest Matabeleland having the highest African savanna
elephant density (Zimbabwe National Elephant Management Plan: 2015-2020, 2016). Zimbabwe’s

elephant population is second only to Botswana which has roughly 120-130,000 elephants and where
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population numbers remain stable (Schlossberg et al., 2019). While elephant population numbers are
generally rising in Zimbabwe, poaching remains a significant problem and poisonings have also been on
the rise (CITES Implementation Report, 2021; Zimbabwe’s Fifth National Report to the Convention on
Biodiversity, 2015). As their numbers continue to rise, so does the likelihood they will be forced to
encounter humans more regularly. Zimbabwe is currently over its carrying capacity for elephants and
contact with humansis increasingly concerning (ZIMBABWE NATIONAL ELEPHANT MANAGEMENT PLAN
(2021 — 2025), 2021).

Conflict with elephants can occur when elephants crop-raid, if elephant conservation efforts
reduce the agency of locals, and if elephants feelthreatened and become violent. As recently as May of
2021, ayoung man was trampled to death patrolling crops in Zimbabwe (Matabeleland North
Correspondent, 2021). Elephants might also attack tourists and residents of Victoria Falls, with an
elephant killing a mentally ill man in 2020 and residents concerned more conflict would arise as
elephants increasingly used the streets during the pandemic (“Elephant Kills Vic Falls Mentally Il
Homeless Man,” 2020). Crop-raiding has occurred in Africa since pre-colonial times, but the effects are
now magnified; local laws designed to protect wildlife can harm livelihoods and dissent about damage
and losses can undermine conservation programs (Naughton-Treves & Treves, 2005). Adopting a
militarized approach of conservation in response to elephant poaching can introduce violence to local
people and diminish autonomy over daily activities and livelihoods (Mushonga & Matose, 2020).
Reducing and resolving conflict with elephants is further complicated by the influence of international
organizations within the Convention In the Trade of Endangered Species or CITES (O’Connell-Rodwell et
al., 2000). In protected areas within Zimbabwe, elephant management and conservation are largely the
responsibility of the Zimbabwe Parks and Wildlife Management Authority (ZimParks), but their efforts
are hindered by a small budget, low morale, and high turnover (Ncube, 2019). In communal lands,

problem wildlife is the responsibility of the Rural District Councils, where similar issues of limited
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resources may also occur. Elephants and humans face a myriad of multifarious pressures complicating

their relations of space and natural resource use.

1.2 Patterns in conflict and mitigation attempts

Previous work in Hwange National Park found crop-raiding declined with increasing distance to
refuge areas along with higher household density (Guerbois et al., 2012). This aligns with other work on
elephant crop-raiding suggesting that elephant refuge is a significant predictor in crop-raiding
occurrence (M. D. Graham et al., 2010; Oppong et al., 2008; Thant et al., 2021). Work done in the
Okavango Delta in Botswana found fields are more likely to be raided by elephants if they are far from
the village and have been raided considerably in the past, whereas fields further from waterholes,
further from elephant paths, and fields not used by livestock are less likely to be raided (Songhurst &
Coulson, 2014). More recent work in the Okavango Delta by these same researchers found that the
relationships between elephant density and elephant space use with crop raiding patterns were
nonlinear, and that the probability of crop raiding is actually higher in low elephant density areas (Pozo
et al., 2018), affirming the complexity of predicting and understanding crop raiding patterns in southern
Africa. To effectively mitigate this type of human-wildlife conflict requires understanding the spatial and
temporal patterns of crop-raiding (Linkie et al., 2007).

Multiple methods have been employed in attempts to prevent elephant crop-raiding. Across
southern Africa traditional methods include burning, planting unpalatable vegetation, using drums to
scare off elephants along with high-tech methods such as electrical fencing, but with many of these
methods demonstrating declining effectiveness as elephants learn when the threat is empty (Osborn,
2010; Parker & Osborn, 2001). Bees have also been tested as a potential deterrent (Karidozo & Osborn,
2005; King et al., 2007; Ndlovu et al., 2016). The majority of elephant deterrents are ineffective or

impossibly expensive, and farmers might place themselves in harm's way to defend their livelihood
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(Osborn, 2010). Even patrolling fields in groups does not guarantee safety (Matabeleland North
Correspondent, 2021). Elephants that crop-raid repeatedly and endanger humans are killed.

In this region, the use of chili powder and oil has been tested as a deterrent in multiple forms
(Langbauer et al., 2021; Osborn, 2002). In comparison to traditional deterrent methods of shouting and
chasing, elephantsthat inhale the chili powder spend less time in fields (Osborn, 2002) and burning chili
bricks results in less plant damage and a reduction in the number of visits from elephants (Karidozo &
Osborn, 2005). In the early 2000s, Connected Conservation introduced chili fences, fences that have
been covered with chili oil, as an effective deterrent (L. Osborn, personal communication, July 10, 2023).
They have since actively promoted a wider implementation of chili fences. Problematic elephants may

also be darted, anesthetized, and have their trunks covered with chili wax (Langbauer et al., 2021).

1.3 Machine learning

Machine learning (ML), a subset of artificial intelligence in which training data are used to
classify or identify relations to make predictions or decisions, is increasingly common in geospatial
analysis (Goodfellow et al., 2016). Machine learning algorithms are commonly used in ecological niche
modeling and land cover mapping. Ecological niche models that focus specifically on predation risk
through the incorporation of particular environmental factors have been used to study human-wildlife
conflict using ML (Zarco-Gonzélez et al., 2013). Outside of this type of modified ecological niche
modeling, studies using ML to predict or understand conflict predictors in an explicitly geographic
framework are relatively limited.

When ML methods have been used to study human-wildlife conflict, the methods have
generally focused onregression rather than some of the more advanced techniques, such as RF, neural
networks, etc. Work done in Kibale National Park, for example, used regression analysis and found the

frequency of crop raids and the amount of damage caused by elephants was positively related to the
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amount of guarding of a field and guarding did not result in a significant decrease in reduction in crop
loss (Naughton-Treves, 1998). Authors hypothesized that this counterintuitive result is the result of
farmers increasing patrols and guarding after raid events, thus fields that are more attractive to
elephants are guarded as an ineffective response (Naughton-Treves, 1998). Generalized linear models
were also used to determine factors related to elephant crop-raiding in the nearby Okavango Delta in
Botswana (Songhurst & Coulson, 2014). Machine learning has been used to assess human-elephant
conflict patterns in Asia previously and to provide suggestions for mitigating conflict (Naha et al., 2019).
Four supervised machine learning algorithms are explored in this work: support vector machines
(SVM), random forest (RF), and deep learning neural network (DNN) as well as a multi-layer perceptron
neural network (MLP). SVM is a kernel-based, supervised learning method. While computationally
intensive, SVM works wellfor high-dimensional feature space and is good when decision boundaries are
complex and nonlinear (Cortes & Vapnik, 1995). It is sensitive to parameter settings and the features
selected and is used for classification as well as regression (Burges, 1998; Vapnik, 1999). RF uses an
ensemble of trees to make decisions and splits the nodes by minimizing correlation between trees. By
using multiple trees and combining their predictions, accuracy is significantly improved. RF is robust to
noisy data and reduces overfitting. Neural networks mimichow brains function and are often employed
whenthe system of interestis non-linear and involved (J.-C. Chen & Wang, 2020; Tfwala & Wang, 2016).
Deep learning neural networks (DNN) contain thousands of layers between the inputs and outputs. MLP
is a type of feed-forward neural network that is similar to a linear model but can be more powerful
when a non-linear activation function is applied to results (Hornik et al., 1989). An MLP contains an

input layer, at least one hidden layer, and an output layer that are interconnected.
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1.4 Objectives

Elephants around Victoria Falls, Zimbabwe raid subsistence-level agricultural fields and come
into conflict with humans in particular areas, whereas other areas remain relative ly untouched and
conflict free (M. Karidozo, personal communication, July 27, 2021). This work uses more advanced
machine learning (ML) techniques to examine the environmental factors and potential drivers of human-
elephant conflict.

2 Methods

2.1 Study site

Zimbabwe is a landlocked south African country bordered by Botswana to the west, Zambia to
the north, Mozambique to the east, and South Africa to the south (Figure 4.1A). The city of Victoria Falls
is in the Matabeleland North Province in the Hwange District (Figure 4.1B). The majority of the conflict
data reported for elephants occurs in the communal lands to the southeast of Victoria Falls (Figure
4.1C). Like the majority of Zimbabwe, the vegetation in this area falls within the broadly defined savanna
vegetation zone (Van Wyk, 2013). Dominant vegetation types are dry forests and thickets, specifically
Baikiaea woodland interspersed with Colophospermum woodland (Timberlake et al., 1993). Water
availability on the landscape is highly seasonal, with rivers and natural water sources significantly

reduced during the dry season.
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Figure 4.1. Insert map A shows Zimbabwe within the African continent. Map B shows the Matabeleland
North Province outlined in red, the Hwange District is indicated by light blue lines, and the city of
Victoria Falls indicated by a white circle centered around a black dot. The Zambezi River spans the
northern border of Zimbabwe and flows eastward into Lake Kariba. In Map C, protected areas are
labeled by name and their type identified by color. The cities of Victoria Falls and Hwange are indicated

by white circles encasing a black dot. Satellite imagery is provided by Google.

The climate can be divided into two seasons based on precipitation: a rainy season starting in
November and lasting through March and a dry season from April until November (Figure 4.2). Eighty
percent of precipitation across Zimbabwe falls between the months of November and March, with

rainfall shifting earlier during dry years (Mberego & Gwenzi, 2014). Vegetation typically responds to
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precipitation by one to two months (Mberego & Gwenzi, 2014). Crop water requirements peak in
DecemberandJanuary (Funk & Budde, 2009). Elephants are attracted to a variety of crop; some studies
suggest they prefer millet, maize, sorghum (Hariohay et al., 2020; Matsika et al., 2023) whereas other

studies have found no effect of crop type on raiding occurrences (Buchholtz et al., 2023).
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Figure 4.2. Typical annual timeline for agricultural activities in Hwange, Zimbabwe. The wet season
historically began in October but has shifted later, to November, over the past two decades. The main
harvesting period typically runs from April through July. Created based on conversations with in-situ

collaborators and information available on Famine Early Warning Systems Network on Zimbabwe.

2.2 Crop raiding data

In total, 713 crop raiding locations from 2015-2021 were documented and georeferenced
(Figure 4.3). Two hundred and eighteen locations were collected in 2021, two in 2020 due to the
pandemic and lockdown, zero in 2019 also due to the pandemic and lockdown, 241 points in 2018, 95 in
2017, 124 in 2016, and 33 in 2015. These points were collected in situ by Victoria Falls Wildlife Trust,

Hwange Rural District Council, and Connected Conservation rangers. Conflict is reported by calling the
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Hwange Rural District Council. A trained enumerator records as much data about the incident as
possible, potentially including crop type, estimates of kilograms of damage, the number of individual
elephants and their sex, etc. If possible, the enumerator travels to the conflict location to verify. The
exact data recorded has evolved overtime, with more recent reports detailing mitigation methods used,

and observations on the outcome.
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Figure 4.3. Study area. Red points are crop raiding locations. White points are absence points created
randomly within 100 m to 1 km from conflict points. Victoria Falls is labeled in the upperlefthand corner
and protected areas that are not mixed use are outlined in green. Country boundary of Zimbabwe with

Zambia is in white. Imagery is a mosaic from Google.



93

2.3 Data preparation and exploratory analysis

In order to improve our understanding of the drivers of human-elephant conflict in the Victoria
Falls area of northeastern Zimbabwe, we used machine learning models (explained in section “Machine
learning”) to identify where conflict is likely to occur. Exploratory analysis included creating heat maps
of conflict reports in QGIS using Kernel Density Estimation with a radius of 15.8 degrees. Multiple
predictors of human-elephant conflict were considered, including building density, distance from fences,
elevation, etc. The distribution of potential predictors were plotted and visualized. All predictors were
centered and scaled and correlation was calculated using Pearson’s r correlation matrices (Booth et al.,

1994) (Figure 4.4).
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Figure 4.4. Correlation matrix of potential predictor variables. Positively correlated variables are in red
and negatively correlated variables are in purple. Darker shades indicate stronger correlation.
Correlation coefficients are imposed on squares. BUILDINGDE= building density, Dist_CF=distance from
closed forest, Dist_ Ag= distance from agriculture, DISTROADS=distance from roads,
DISTBUILDING=distance from buildings, HV=HV polarization backscattering, DISTBARRIERS=distance
from fences, DISTPA=distance from protected areas, DISTWATER=distance from permanent water

sources.

Any potential predictors with correlation values 0.7 and higher were excluded from regression -
based models, as the assumption of independence is violated, standard errors are inflated, and
predictor effects can be challenging to determine (Booth et al., 1994; Dormann et al., 2013). Some
machine learning algorithms are less affected by moderate collinearity, including (Breiman, 2001;
Dormann et al., 2013). Support vector machines (SVM) are more susceptible to noise and can be
impacted by even minimal collinearity (Anastasiadis et al., 2005; Dormann et al., 2013). Distance from
barriers (fences) had a collinearity of 0.7 with distance from protected areas but was hypothesized to
potentially be an informative predictor. Thus, it was added to some models and retained if accuracy
improved.

Maximum precipitation, maximum normalized vegetation difference index (NDVI), and
minimum NDVI during the crop raiding months*, building density, distance from buildings, from water,
from roads, from protected areas, slope, HV backscattering, distance accumulation from agriculture and
closed canopy forest were ultimately included as predictors (Table 4.1). *In this context, “crop raiding
months” do not refer to the months indicated in Figure 4.2 but to the exact months within each year

that conflict was recorded. Conflict might have started earlier or extended later than the typical crop
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raiding season referred to in Figure 4.2. Machine learning methods that are less susceptible to the

effects of collinearity might have included additional predictor variables (see Table 4.1).

Table 4.1. Description of data along with source, resolution, and use. Italics is used to indicate a

predictor that was not used in all models.

Data Description Use Resolution Source
Crop-raiding Ground-based GPS Dependent Temporal: 2015- | Victoria Falls
points point locations of crop- | variable 2021 Wildlife Trust,

raiding, with crop type, Spatial: N/A Connected
amount of damage, and Conservation, &
date recorded Hwange Rural
District Council
Normalized Maximum and Predictor Temporal: 16- USGS satellite
Difference minimum NDVI values | variable day repeat imagery accessed
Vegetation Index | from Landsat 8 restricted to using Google
(NDVI) Operational Land crop-raiding Earth Engine (GEE)
Imager (OLI) months per year
Spatial: 30m
Precipitation Maximum precipitation | Predictor Temporal: Climate Hazards
values modeled based | variable restricted to Group InfraRed
on satellite and ground crop-raiding Precipitation with
station data months per year | Station data
Spatial: 0.05° (CHIRPS) through
GEE
Buildings Distance from buildings | Predictor Temporal: Data | Open Street Maps
and density of buildings | variables collected 2022
Spatial: N/A
Protected areas Boundaries of Predictor Temporal: Protected Planet
conservation areas such | variable Updated Oct,
as national parks, 2020
forestry lands, etc. Spatial: N/A
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Roads Major and secondary Predictor Temporal: Not Open Street Maps
roads, both paved and | variable specified
unpaved Spatial: N/A
Fences Distance from barriers | Predictor Temporal: Data | Open Street Maps
variable collected 2022
Spatial: N/A
Rivers Major rivers and Predictor Temporal: Not HydroSheds
streams variable specified
Spatial: N/A
Land cover Distance accumulation | Predictor Temporal: 2015- | Created by author
(elevation used as from | variables 2021 from Landsat 8
agriculture and closed Spatial: 30m OLl imagery from
canopy forest the first quarter of
each year
Digitized Slope Predictor Temporal: 2020 | From Shuttle
elevation model variables Spatial: ~30m Radar Topography
Mission through
GEE
PALSAR-2/PALSAR | HV polarization Predictor Temporal: 2015- | From JAXA EORC
Yearly Mosaic, backscattering dB variable 2021 through GEE

version 2

Spatial: 25m

As a measure of vegetation health, the NDVI was used with higher values indicating greener

pixels. NDVIis sensitive to ecosystem conditions and is the most popular index for assessing vegetation

health (Goward et al., 1985; S. Huang et al., 2021; Myneni et al., 1995; Ollinger, 2011). Using Google

Earth Engine (GEE), NDVI for each pixel was calculated from Landsat 8 OLI imagery (higher resolution
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Sentinelwas imagery considered but is not available for 2015). In RStudio Version 1.1.423, for eachyear,
measures of central tendency (mean, median, standard deviation, as well as maximum and minimum)
for NDVI were then calculated per point. Values were extracted for months during which a conflict
occurred. Precipitation values were sourced from CHIRPS, a global precipitation dataset designed for
drought monitoring (Funk et al., 2015). Measures of centraltendency were calculated and ultimately the
maximum precipitation value during the crop raiding period was included.

Synthetic Aperture Radar (SAR), a form of active remote sensing in which radio waves are
transmitted from and reflected back to the sensor, has also proved to be usefulforvegetation studies as
an estimate of biomass (Bouvet et al., 2018; Kasischke et al., 1997; Urbazaev et al., 2015). The PALSAR-2
annual mosaic contains an L-band with a wavelength 23.6 cm and four possible polarizations (Rosenqvist
et al., 2007). The HV backscattering values were gathered per point from the PALSAR-2 Yearly Mosaic
available in GEE (Shimada et al., 2014). Note that these SAR mosaics are not annual averages but single
measurements per year.

Annual land cover maps were generated using a RF classification with Landsat 8 OLI imagery.
From these annual maps, distance from closed canopy forest and distance from agriculture were both

included in machine learning models.

2.4 Machine learning

To understand where human-elephant conflictis likely to occur, predictive models were created
with the locations of elephant crop raiding as the dependentvariable and potential geospatial drivers of
conflict as the independent variables. Multiple supervised machine learning algorithms were tested
using binary classifications to identify whetheralocation is likely to experience conflict. Algorithms were

selected based on their suitability for binary classification and general ease of use. Pseudo absence
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points were created between 100 m to 1 km from conflict points. All pseudo absences were assigned the
same date as crop raiding points and an equal number of pseudo absences to crop raiding points was
generated for each year.

Unless otherwise specified, 70% of points were used for training and 30% for testing. All
predictors were centered and scaled before modeling using the default scale function in R (centering is
done by subtracting the column means of x from their corresponding columns and then scaling by
dividing the columns of x by their standard deviations). Four machine learning methods were tested:
SVM, RF, DNN and MLP (workflow in Figure 4.5). These models were chosen based on their suitability
for binary classification, their overall ease of use, and the nature of the predictor variables. A binomial
generalized linear model (GLM) was also used to provide additional information about the relationship

between predictors and crop raiding occurrence.

Preprocesscrop | Create pseudo
raiding points absence points

Calculate indices,
distance and density
measures

Extract values per
point

Exploratory data
analysis, correlation
testing, & scaling

) ) GLM
10-fold cross 70% training
validation 30% testing
SVM MLP DNN RF

Figure 4.5. Workflow for methodology. Processesin blue are preprocessing steps to generate necessary

inputs for further analysis. Exploratory data analysis consisted of plotting the distribution of variables,
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checking for correlation, and normalizing the data. Processes in yellow are the ML methods along with
separation of training and testing data. A binomial generalized linear model was also used to elicit
further information about the relationship between conflict and predictors. For more information on

methods, refer to the text.

As SVM is sensitive to parameter settings (Burges, 1998; Vapnik, 1999), different cost values and
linear, polynomial, radial, and sigmoid kernel types were all evaluated to optimize model performance
and accuracy. For SVM, ten-fold cross validation was used instead of partitioning the data for training
and testing purposes. Thus, the entire reference dataset was randomly divided so that 1/10th of the
datais reserved for testing and the remaining is used to train the model. This process is repeated ten
times with a different portion of the data reserved for testing in each instance. This model was run in
RStudio (Posit team, 2023) using the ‘e1071’ library.

The RF algorithm was also run in RStudio using the ‘randomForest’ library. The number of trees
was adjusted toimprove modelaccuracy and ultimately five thousand trees were employed to train 70%
of the reference data. Other than the number of trees, all default model settings were used.

Both neural network algorithms were run using Jupyter Notebook 6.1.4. A DNN was created
using the Keras Python and TensorFlow libraries (Bernico, 2018). A sequential model was used and
various activation functions, loss functions, and optimizers, such as stochastic gradient descent,
RMSprop, and Adam were tested (Duchi et al., 2011; Kingma & Ba, 2014). The batch size and the
number of epochs were also evaluated to improve accuracy. For MLP, the ‘sklearn’ package was used.
Activation functions, the number of iterations, and the number of hidden layers were tested and

optimized to refine model accuracy.
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3 Results

3.1 Exploratory analysis and general trends

Creating heat maps from conflict reports indicate high occurrences of conflict alongside the
boundary of Fuller Forest State Park across all years for which conflict reports were recorded (Figure
4.6). Across all years, including the collected first year data for which there are only 33 reports, conflict
is localized along the northern edge of Fuller Forest at the center. Areas of high conflict are more widely

distributed in 2021 and extend further from Fuller Forest.

All 713 points 2015 - 33 points 2016 - 124 points
* s s
- J ~
2017 - 95 points 2018 - 241 points 2021 - 218 points
* -k *

Figure 4.6. Heat Maps of conflict reports. Darker red indicates more conflict reported. Map for all
reported conflict in upperleft. No conflict map was created for 2020 as there were only two reports. No
conflict was reported at all in 2019. Fuller Forest is in green. City of Victoria Falls is indicated by a star.

Base map is from Open Street Maps.



101

3.2 Predictors most important to modeling conflict

RF indicates the importance of predictors within the model and GLM indicates the relationship
between the predictors and the outcome. SVM, DNN, and MLP are all black box models; no information
is available concerning how predictors impact model performance nor is there information on the
direction of any relationships. This section reports the findings for RF and the binomial GLP.

While correlated with distance from protected areas, when the predictor variable distance from
barriers was added to the model, model accuracy improved slightly, thus this predictor was included.
Variable importance factors for the model found distance accumulation from agriculture to be the most
important predictor variable, with a mean decrease in accuracy of 411 compared to the next most

important variable, HV backscattering, which had a mean decrease in accuracy of 351. The plotted

importance of all model variables can be found in Figure 4.7.
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DISTBARRIERS o BUILDINGDE o
DISTROADS o NDVI_max o
DISTWATER (e} Dist_CF o
Dist_CF o DISTBUILDING o
DISTBUILDING o DISTROADS e}
NDVI_max © DISTWATER o
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Figure 4.7. Variable Importance Plot of variables included in random forest model.
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A binomial GLM using all the data available was also used to gain further insight into the
relationships between predictors and crop raiding occurrence. Predictors that negatively impacted crop
raiding include distance from protected areas (P<0.001), building density (P<0.05), distance from
agriculture (P<0.001), and maximum NDVI and HV (P<0.001). The only predictor to contribute positively
included distance from buildings (P<0.001). Distance from water approached but did not reach
significance (P<0.1). Distance from barriers (fences) was not included in the binomial GLM as it violated
assumptions of normality. Exploratory data analysis showed distance from fences is slightly lower for

points that were raided versus absence points.

3.2 Comparison of ML outcomes

Using a C-classification type with a radial kernel, the result was an SVM model with 559 support
vectors in total and a total training accuracy of 73.94%. Ten-fold cross validation was used to train the
model and the highest accuracy achieved was 79.79% with a low of 69%. SVM model accuracy using
testing data was 54.9%. The confusion matrix for the testing data can be found in Table 4.2 with zero

indicating pseudo absence points and one indicating a point where crop raiding did occur.

Table 4.2. Confusion matrix for testing data using SVM (0=absence, 1= crop raided)

Predicted 0 | Actual 1

Actual 0 131 | 110
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Predicted 1 83 104

RF model accuracy using training data was 82.46%. The class error rates for raided points and
absenceswere 16.4% and 18.6% respectively using training data. Testingthe model using the remainder

of the data resulted in an accuracy of 81.8%. The confusion matrix (Table 4.3) for the test data is below.

Table 4.3. Confusion matrix for test data using RF (O=absence, 1= crop raided)

Predicted O | Actual 1

Actual 0 184 48

Predicted 1 30 166

The most successful parameterization of tested DNN models used a sequential DNN model with
two layers using the rectified linear unit activation (ReLU) function, a third layer using a sigmoid
activation function so that the network outputis binary, and the Adam optimizer. Five thousand epochs
were used and a batch size of 200. When the predictor variable distance from barriers was added to the
DNN model, measures of accuracy did not differ considerably; thus, predictor variables for this model
included only those with correlation coefficients below 0.7.

DNN model accuracy using training data averaged 94.9%. A total of 325 parameters were used
to train the model. Accuracy using the testing data averaged 72.5%, reaching as high as 75.5% and as

low as 70%. The confusion matrix for the test data is below.
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Table 4.4. Confusion matrix for test data using DNN (O=absence, 1= crop raided)

Predicted 0 | Actuall

Actual 0 144 64

Predicted 1 54 166

MLP neural network classifier defaults were used with the exception of a maximum number of
iterations of 100,000 and three hidden layers with 100 neurons in each. As with the DNN model,
adding distance from barriers as a predictor did not result in considerable changes to model outputs,
thus for the sake of model parsimony this variable was not included. Model accuracy using training
data averaged 100% and accuracy with testing data was 77.1% and ranged from 74-79%. The
confusion matrix can be found in Table 4.5. below.

Table 4.5. Confusion matrix for test data using MLP neural network (O=absence, 1= crop raided)

Predicted 0 | Actual 1

Actual 0 154 67
Predicted 1 32 175
4 Discussion

Human-elephant conflict is a complicated but pressing concern throughout Africa. These

megaherbivores spend a considerable portion of their day feeding and can cause significant damage to
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local livelihoods when raiding crops (Ruggiero, 1992; Wyatt & Eltringham, 1974). Agricultural land across
Zimbabwe is expanding (Useya et al., 2019) and the growing conditions in the Hwange region of
Zimbabwe are already challenging and limited due to poor soils and erratic precipitation (Manatsa et al.,
2020; Moyo, 2000; Vincent & Thomas, 1960).

Zimbabwe has an estimated carrying capacity of 45,000 elephants, but the most recent
calculations place the population around 100,000 individuals, making coexistence a priority (ZIMBABWE
NATIONAL ELEPHANT MANAGEMENT PLAN (2021 — 2025), 2021). Elephants are intelligent creatures
with exceptional long-term spatial memory (Bates et al., 2007; Fritz, 2017; Hart et al., 2008; Polansky et
al., 2015), even altering their navigation strategies dependent on habitat familiarity (Presotto et al.,
2019). Experimental methods hailed as effective deterrents often become ineffective with time, as
elephants learn when threats are empty (Davies et al., 2011; O’Connell-Rodwell et al., 2000; Osborn,
2010). There are reports that elephants retaliate against crop-raiding prevention methods and retaliate
after previous confrontations (Barua, 2014; Mwamidi et al., 2012; Zimmermann et al., 2023). Further
complicating human-elephant interactions are restrictions by international organizations that reduce
local agency to manage elephant populations and conflict (Naughton-Treves & Treves, 2005; O’Connell-
Rodwell et al., 2000). It is in this matrix of international and national policies, local livelihoods,
challenging agricultural conditions, and dynamic climate that humans and elephants find themselves
sharing space and resources. As development continues, understanding human-elephant conflict in this
region becomes more urgent.

This study analyzed reported human-elephant conflict from 2015 to 2021 southeast of the city
of Victoria Falls using machine learning techniques to understand where conflict is likely to occur. When
tested with data not used to train the model, MLP neural network and DNN models predicted conflict
occurrence at accuracies of 77.1 and 72.5% respectively. SVM was able to predict crop raiding only

slightly better than at random, obtaining an accuracy of only 54.9% when using the testing data. RF
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performed the best out of the machine learning models appraised, scoring an accuracy of 81.8% when
tested. Variables that contributed most to the RF model were distance from agriculture, maximum HV
backscattering (indicator of biomass), and distance from protected areas. Thus, while also having the
advantage of providing more information than the other ML algorithms tested, RF was also the best
performing algorithm. The most statistically significant relationships (P<0.001) discovered through
binomial regression were NDVI max, distance from protected areas, distance from buildings, distance
from agricultural area, and HV backscattering values.

Studies of human-elephant conflictin African savanna environments have found that risk of crop
raiding increases closer to protected areas or refuge (M. D. Graham et al., 2010; Hariohay et al., 2020;
Oppong et al., 2008; Sanare et al., 2022). Our findings align with these results, as evidenced by the
negative relationship between distance from protected area and crop raiding occurrence. As expected,
as distance to cultivated areas decreases, the likelihood of crop raiding increases in this study and in
previous work in Kenya (M. D. Graham et al., 2010; Tiller et al., 2021). At the village scale, higher density
of households reduces the risk of raiding in Tanzania (Hariohay et al., 2020), which aligns with our
finding that higher building density areas are less likely to be raided. Research in Kenya found the
relationship with settlement density was more complex with low risk at low dwelling density, high risk at
densities of 5-15 dwellings per km?, and low risk again at a threshold of 20 dwellings per km?2 (M. D.
Graham et al., 2010). The distance from settlements is an additional contributing factor, with conflict in
Hwange occurring further from buildings, concurring with results from Kenya (Sitati et al., 2005) and
similar to results from Botswana where likelihood increases further from village (Songhurst & Coulson,
2014). Figure 4.8 shows crop raiding locations for the first quarter of 2021 along with building density
and areas classified as agriculture in 2021. Much of the conflict appears at the edge of agricultural areas

and oftenin areas where building density is somewhat lower. Our findings indicate that elephantstothe
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south of Victoria Falls are more likely to raid in areas with comparatively lower risk, as indicated by a

lower presence of human activity.

e Conflict Reported 1st
Quarter of 2021

2021 Wet Quarter
Agriculture

Building Density

7,296.31
4.34275

Figure 4.8. Conflict in the first quarter of 2021 shown as red points. Area classified as agriculture in 2021
is shown in yellow. Darker areas indicate lower building density whereas lighter areas indicate higher

density of buildings. Basemap is from Open Street Maps.

Fences are occasionally a barrier to elephants. In this study area, distance from fences was
correlated with distance from protected areas. This is not unsurprising, as our data did not discriminate
if fences were erected around crops and pastures or if they were erected alongside or in parks,
important areas such as the trash dump, or the airport. Previous work has found that fenced crops

actually increase the likelihood of raiding, likely because fences are associated with a decrease in
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guarding effort from farmers (Sitati et al., 2005). Fences were included in our models and were the fifth
most important predictor in the RF model.

Our results on vegetation health, as indicated by maximum NDVI values during the crop raiding
period and HV backscattering coefficients, differ from previously reported results. This is likely due to
the exact measurements used and theirtemporalscale. While we found that areas with lower maximum
NDVI values are associated with crop raiding, work in Tanzania from roughly the same time period
(2016-2020) found crop raiding increased as average NDVI from 2016-2019 increased (Sanare et al.,
2022). As NDVI declines in protected areas and crops mature, crop raiding increases in Mozambique
(Branco et al., 2019).

Human-elephant conflict occurs in a variety of situations influenced by a myriad of factors
operating at varying scales. This study used pseudo absences of conflict to identify patterns of conflict in
this region. Using reported absences with information concerning whether or not crops were actively
being cultivated, their plant growth stage, any elephant deterrents in use, as well as the planting and
conflict history of that field would be ideal. Such information would provide important context and help
elucidate why elephants raid and cause conflict in some areas but not others.

Data collection efforts were obviously impacted by the COVID-19 pandemic and shutdown of
services in Zimbabwe. Southeast of Victoria Falls, the crop raiding period typically lasts a few months.
The first year in which data collection returned to normal following the end of the COVID-19 shutdown
was 2021, and conflict was reportedin 11 out of 12 months (Figure 4.9). Reports from residents indicate
that elephants and wildlife in general have been much more active in anthropogenic areas and much
bolder in their behavior in comparison to pre-COVID-19 pandemic levels. Thus, data from 2021 might
not represent typical patterns for this region. It is possible levels of conflict will decline gradually over

time and patterns of conflict will return to normal.
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Number of Conflict Reports Each Month
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Figure 4.9. Numberof human-elephant conflicts reported each month over the duration of study. Note
that there are no conflict reports in 2019 due to the COVID-19 pandemic and subsequent shutdown.

Refer to the “Crop raiding data” section in “Methods” for more information on the number of conflict

reports per year.

Fraction of Photosynthetically Active Radiation (FPAR) has been found to be a more accurate
predictor of herbaceous and dry forage biomass compared to NDVI (Machwitz et al., 2015; Tsalyuk et al.,
2019). Future work could explore calculating FPAR for the area to test if it is a stronger predictor than
NDVI. As elephants have impressive long term memories in regards to their use of space (Fishlock et al.,
2016; Polansky et al., 2015; Presotto et al., 2019), the temporal scale at which vegetation health was
measured chosen in this work might not be the best predictor of the likelihood of conflict. Our conflict
models might be improved by including other measures of vegetation health and/or considering a

different temporal scale for these particular predictors.
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The history of a given agricultural field is also important when modeling human-elephant
conflict, with those raided more frequently in the past more likely to be raided again (Sitati et al., 2005;
Songhurst & Coulson, 2014). Farms with greater crop diversity have been shown at greater risk (Oppong
et al., 2008) as have larger farms (Oppong et al., 2008; Sitati et al., 2005). Future work could measure if
conflict points overlap with points from previous years.

Predicting human-elephant conflictis complicated and dependent onthe temporal scale of data
collected (Buchholtz et al., 2023; Pozo et al., 2017). As elephant populations rise in Zimbabwe,
understanding human-elephant conflict in this region grows urgent. Results presented in this work
should provide local context and specifics on where conflict is likely to occur south of Victoria Falls. This
information can be used to inform wildlife management but also agricultural planning.

5 Conclusion

In studying human-elephant conflict, NDVI max, distance from protected areas, distance from
buildings, distance from agricultural area, and HV backscattering values proved important predictors
modeling where conflict would occur. Out of the machine learning algorithms tested, RF performed the
best. Variables that contributed most to the RF model were distance from agriculture, maximum HV
backscattering (indicator of biomass), and distance from protected areas. RF also provides more
information than the other algorithms tested. The most statistically significant relationships discovered
through binomial regression were NDVI max, distance from protected areas, distance from buildings,
distance from agricultural area, and HV backscattering values. South of Victoria Falls, conflict is more
likely to occur as one moves closer to agricultural land and protected areas, and further from buildings.
As maximum NDVI during the crop raiding season declines, the likelihood of conflict increases,
potentially indicating that this measure of vegetation health is not the most suitable for monitoring in
relation to conflict or suggesting the temporal scale at which measurements are being collected is

insufficient.
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5 CONCLUSION

Conservation science’s understanding of broad e cological patterns and theories is constructed
by examining local patterns and principles. As such, wildlife coexistence should be studied with careful
attention to scale. The region south of Victoria Falls in Zimbabwe frequently experiences conflict
between humans and elephants. Crop-raiding occurs when forage is limited in natural vegetation but
high in agricultural areas. Which farms are likely to be raided is unsettled, as elephants will raid
particular fields and leave others untouched. The overarching issue of monitoring land cover and
vegetation health to inform our knowledge of human-elephant conflict is well-suited to geospatial
analysis. Through the analyses performed in this research, we sought to ameliorate human-elephant
conflict by using multi-scalar remote sensing and geospatial analysis. Chapter Two reviewed scaling
methods forremotely sensed datato show how scaling data permeateslandscape -scale wildlife studies.
Chapter Three examined land cover in the Victoria Falls region to discern whether seasonal and
remotely sensed imagery resolution potentially occlude or complicate land cover classification. Finally,
Chapter Four modeled human-elephant conflict to determine which underlying spatial factors are most
germane to predicting conflict.

Remotely sensed data and derived products are key components of landscape analysis, but
often need to be scaled to meet modeling or analysis assumptions. A plethora of scaling methods are
available ranging from simple techniques with limited computational de mands to more advanced
methods that use deep learning algorithms. However, recognizing the advantages and limitations of
different scaling methods as well as the differences between techniques is obligatory for landscape
ecologists studying spatial patterns. Scale biases can add significant uncertainty and inaccuracies to an

analysis. Neglecting these potential effects can complicate spatial pattern analysis and obfuscate results.
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We reviewed the methods available for upscaling and downscaling remote sensing data and identified
the following key findings.

First, with both upscaling and downscaling, there is no single appropriate scaling method, and so
there are always tradeoffs that must be considered. While a diversity of scaling methods are available to
landscape ecologists, work remains to integrate these into spatial pattern analyses. Second, landscape
ecologists must be particularly aware of how scaling impacts patch richness and abundance, as these
pillars of landscape diversity will be impacted differe ntly by different scaling methods (e.g., through the
elimination of patches, promoting dominance of one class. etc.). Third, methods that preserve
heterogeneity, such as moving window or object-based approaches, may ultimately be better suited for
spatial pattern analysis, but more work is needed to understand how heterogeneity is impacted by
scaling and vice versa. Fourth, the field can focus on leveraging technological advances in machine
learning and deep learning and methodological innovations in computer vision and signal processing.
Lastly, plenty of scaling techniques exist, but it appears many are not widely applied in landscape
ecology. We can suggest more collaborations with remote sensing and signal processing scientists, but
ultimately, the path forward is to ensure landscape ecologists know about the different options,
understand the potential benefits of scaling data (particularly for downscaling), and feel comfortable
determining an appropriate method.

In general, land cover maps produced using Landsat, Sentinel, and Planet imagery had high
accuracy, with kappascores between 0.82 to 0.95 and total accuracies between 0.84 and 0.9, regardless
of season. Accuracy was generally more consistent using Landsat compared to Sentinel or Planet. In
regards to top performing models, NGRDI was of high importance when modeling land cover, as was
NDVI. Top performing land cover maps created from Landsat and Sentinel imagery were improved with
a short wave infrared band. Vegetation health follows well-established seasonal patterns when

measured using NDVI, with forest and agricultural land much greener in the wet quarter compared to
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the dry quarter. The opposite pattern was found using NGRDI, suggesting NGRDI is not a suitable
indicator of vegetation health for monitoring the communal lands south of Victoria Falls. The amount of
edge and the complexity of patch shapes were not greatly influenced by the spatial and spectral
resolution of the land cover maps. Forest connectivity in the region is relatively high and landscape
patches are of moderate complexity. When specifically examining hotspots of human-elephant conflict
for differencesin land cover between maps produced using Landsat, Sentinel, and Planetimagery, forest
classified using the higher resolution of Sentinel and Planet imagery becomes apparent adjacent to
many conflict points. Sentinel and Planet appear to be alike in land classified as forest. Thus Sentinel,
with its higher spectral resolution and lack of cost, may produce land cover maps best suited to
monitoring human-elephant conflict rather than maps modeled from Landsat or Planet imagery.

In studying human-elephant conflict, NDVI max, distance from protected areas, distance from
buildings, distance from agricultural area, and HV backscattering values proved important predictors in
predicting where conflict would occur. Out of the machine learning algorithms tested (support vector
machines, multilayer perceptron neural network, deep learning neural network, and random forest),
random forest performed the best. Variables that contributed most to the random forest model were
distance from agriculture, maximum HV backscattering (indicator of biomass), and distance from
protected areas. Random forest also provides more information than the other algorithms tested. The
most statistically significant relationships discovered through binomial regression were NDVI makx,
distance from protected areas, distance from buildings, distance from agricultural area, and HV
backscattering values. South of Victoria Falls, conflict is more likely to occur as one moves closer to
agricultural land and protected areas, and further from buildings. As maximum NDVI during the crop
raiding season declines, the likelihood of conflict increases, potentially indicating that this measure of
vegetation health is not the most suitable for monitoring in relation to conflict or suggesting the

temporal scale at which measurements are being collected is insufficient.
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While remotely sensed dataand derived products can be scaled in multiple ways and there is no
single correct way to scale, landscape ecologists and wildlife conservation scientists must be cognizant
of the limitations of their chosen method and of potential scale biases. As demonstrated when using
imagery of differing grain size for land cover classification and subsequent analysis of vegetation and
landscape connectivity, the spatial scale matters. Conducting an assessment of various scales and
subsequently determining the one that is most suitable for the study organism(s) and the question(s)
under considerationis an essential component of proficient landscape ecology. Human -elephant conflict
south of Victoria Falls Findings should engender greater precision in conflict mitigation efforts and

bolster scientific understanding of scaling processes and human-elephant relations.
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Figure 1.5. Wards of Hwange District. Rural District Wards are identified by number. The cities of
Victoria Falls and Hwange are indicated by white circles encasing a black dot.

Table 1.1. Updated Agro-Ecological Zones for Zimbabwe (Manatsa et al., 2020)

Region Climatic Conditions Recommend Land Use and Management
I Annual rainfall > Suitable for forestry plantations, banana apples,
1000mm but possible to macadamia nuts, coffee, and tea in addition to intensive
get amounts less than livestock production. The region is also suitable for long
1000, Probability of season (late maturing) maize varieties - requiring >130
exceeding 500mm at least days to maturity), Irish potato, field peas and soya beans.
95%, length of rainfall [Terracing is highly recommended along steep terrains to
season > 130days and minimize soil erosion
maximum temperature considering the soils are susceptible to erosion due to a
between 21 and 25C weakly developed crumb structure. The soils require
regular soil pH monitoring].
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lla Annual rainfall between Suitable for maize varieties requiring 120-130 days to
750 and 1000mm (it is not maturity, flue-cured tobacco,
unusual to get amounts groundnuts, Irish potato, cotton and soybean. Barley and
below 750 and above wheat are grown under irrigation in
1000 mm in places), the winter and drier months, Intensive livestock
Probability of exceeding production (beef, dairy and poultry)
500mm at least 90%, (based on pastures and pen fattening) is also
length of rainfall season recommended.
between 120 and 130 days
and maximum
temperature between 23
and 27C

Ilb Annual rainfall between Suitable for maize varieties requiring 115-120 days to
750 and 1000mm (it is not maturity, Cotton, Irish potato, barley, flue-cured tobacco,
unusual to get amounts groundnuts, sorghum, sugar beans, coffee and
below 750 and above horticultural crops can be successfully grown. Winter
1000 mm in places), wheat is also grown under irrigation. Intensive livestock
Probability of exceeding production is also recommended in this region.
500mm at least 80%,
length of rainfall season
between 115 and 120 days
and maximum
temperature between 25
and 28C

1" Annual rainfall between Suitable for maize varieties requiring 110-120 days to
650 and 800mm while maturity. Soybean, groundnuts, cotton and sunflower
some places may receive are also suitable crops in this region. Supplementary
amounts exceeding irrigation is critical for successful crop production. The
800mm, Probability of region is also suitable for semi-intensive livestock
exceeding 500mm production (beef, dairy and small stock (e.g goats and
between 75 and 80%, poultry).
length of rainfall season
between 110 and 120 days
and maximum
temperature between 25
and 28C

v Annual rainfall between Suitable for maize varieties requiring 105-120 days to

450 and 650mm which
may be exceeded in some
places within the region,
Probability of exceeding
500mm between 60 and
80%, length of rainfall
season between 105 and

maturity. However, in the absence of irrigation farmers
are advised to grow drought tolerant crops such as
sorghum (finger millet, pearl millet, water melons and
cowpeas.

Extensive cattle ranching, rearing of small stock (e.g.
goats and poultry) and wildlife are
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120 days and maximum
temperature between 27
and 29C

ideal farming systems for this region. [Rainwater
harvesting techniques are required
to capture the little moisture in the region].

Va Annual rainfall less than Suitable for extensive cattle ranching and goat
650mm in the southern production. The region is marginal for drought tolerant
areas while Region Va crops such as sorghum, finger millet, pearl millet and
areas in the Zambezi cowpeas. Sugarcane is an ideal crop under irrigation,
Valley to the north of the particularly in the vertisol and siallitic soils. Tree
country mostly exceed plantations, mainly oranges, lemons and lime are also
this amount, Probability recommended where irrigation is
of exceeding 500mm available. This region is also suitable for extensive game-
between 60 and 80%, ranching and tourism.
length of rainfall season
between 100 and 120 days
and maximum
temperature between 28
and 30C

Vb Annual rainfall below Tree plantations, mainly oranges, lemons and lime are

600mm, Probability of
exceeding 500mm less
than 60%, length of
rainfall season less than
110 days and maximum
temperature between 28
and 32C

recommended where irrigation is available. This region is
also suitable for extensive cattle ranching, goats and
wildlife

tourism.
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Table 1.0 Advantages and limitations of scaling methods.
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Scaling method

Advantages

Limitations

References

Upscaling

Mean and Median
Aggregation

Simple to implement.

No additional data needed.

Distorts complex shapes.
Ignores spatial heterogeneity
and correlation.

(Raj etal., 2013;
Riitters et al.,
1997)7/19/2023
7:46:00 AM

Majority Rules

Simple to understand and

Assumes within-pixel values

(Frazier, 2014,

Aggregation implement. are homogenous. Frazier et al., 2021,
No additional data needed. | Small effects can be He et al., 2002;
magnified. Holt et al., 1996;
Rare land covers may be Raj et al., 2013; Xu
eliminated. et al., 2020)
Often produces clumpy
landscapes.
Ignores spatial correlation.
Central Pixel Simple to understand and Ignores spatial heterogeneity | (Bian & Butler,
Resampling implement. and correlation. 1999; Raj et al.,

No additional data needed.

2013)

Random Rule-
Based Aggregation

Maintains land cover type
proportions.

No additional data needed.

Maintains spatial patterns.

Assumes within-pixel values
are homogenous.
Disaggregates categories.
Ignores spatial correlation.

(He et al., 2002, p.
200)

Moving Window
Data Aggregation

Preserves information
about the spatial structure
of underlying
heterogeneity.

No additional data needed.

Very fine grains across global
extents have a high
computational demand.

(L. ). Graham et al.,
2019)

Point-Centered
Distance-
Weighted Moving
Window

Maintains proportion of
land cover types.

Spatial correlation can be
included.

No additional data needed.

Optimizing parameters is
challenging.

(Gardneretal.,
2008; Raj et al.,
2013)
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Object-Specific
Upscaling (OSU)

Object-specific spatial
information considered.
Multiscale spatial

Ignores spatial correlation.

(Hay et al., 2001)

thresholds defined.
OSU w/Moran's Extracts features using the | Considers spatial correlation. | (Bihamta Toosi et
Index Moran index. al., 2020)
Fractals Useful for scaling resistance | Complex to understand. (Galpern &
surfaces. Variation must be Manseau, 2013)
No additional data needed. | independent of scale. (Galpern &
Features obtained at one Manseau, 2013)
scale cannot be generalized
to other scales.
Downscaling
Resampling Simple to understand and Uncertainties and biases (Frazieretal.,

(bilinear, cubic
convolution, etc.)

implement.
No additional data needed.

present in the original data
are propagated into models.
Can falsely suggest a higher
level of heterogeneity is
present.

2021; Sillero &
Barbosa, 2021)

Intensity, Hue, and
Saturation
Pansharpening

Simple to understand and
implement.
No additional data needed.

Spectral distortions possible.
Can create spatial artifacts.

(Gillespie et al.,
1987; Haydn et al.,
1982)

Deep Learning
Pansharpening

Produces fewer distortions
and artifacts.

Requires additional data.

High computational demand.
Large number of training data
required.

Higher-level machine learning
expertise needed.

(Azarang &
Ghassemian, 2017;
W. Huang et al.,
2015; Seo etal,,
2020; J. Yangetal.,
2017)

Bayesian Accounts for uncertainty. Requires additional data. (Pandit & Bhiwani,
Pansharpening Potential for greater High computational demand. | 2021)
accuracy than linear Higher-level machine learning
regression-based methods. | expertise needed.
Must identify an appropriate
statistical model for image
representation.
Kalman Filtering Integrates observationsand | Requires additional data. (G. Welch &

their uncertainties.
Does not require explicit
parameter tuning.

More complex to implement
and understand.

Bishop, 1997)
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Considers spatial
autocorrelation.

Taylor Series
Expansion
Methods,
including PSM

Simple to understand.

Unwieldy with many
variables.
Challenging to compute.

(Malenovsky et al.,
2007; Pelgrum,
2000; H. Wu & Li,
2009)

Spatial Area-to-
Point (ATP)
Kriging

No additional data needed.
Can report uncertainty
estimates.

Can consider heterogeneity
in samples.

Involved process for
calculating the punctual
semivariogram required.

(Goovaerts, 2006;
Kyriakidis, 2004;
Yoo & Kyriakidis,
2006)

Geographically
Weighted ATP
Regression Kriging

Considers spatial
correlation.
Handles spatial
heterogeneity.

Requires additional data.
Computationally intensive.

(Jinetal., 2018)

Multiscale
Geographically
Weighted
Regression Kriging

Enriches spatial
details/information.

Complex and time-
consuming.
Slight smoothing effect.

(C.Yangetal,
2019)

Super-Resolution

Consider mixed pixels.

Requires additional data.

(Frazier, 2015c; X.

Mapping Use theories of maximum | Challenging to compute. Li etal., 2014)
spatial dependency to guide | Does not consider the local
sub-pixel placement. details or the structure of
coarse patches.
Generalized Accommodates complex Requires additional data. (Hoskins et al.,
Additive Modeling | and nonlinear patterns. 2016)
Multinomial Accommodates nonlinear Requires additional data. (Dendonckeretal.,
Logistic Regression | patterns. Determining probability of 2006)
and Bayes priors can be challenging.
Theorem

Regression-Based
Methods,
Including Machine
Learning

Can be simple to
understand and implement,
although this varies.

Some methods are
particularly adept at
handling noise.

Require additional data.
Statistical assumptions should
be met.

(Kaheil et al., 2008;
Sharifi et al., 2019)
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Fractals

Useful for scaling resistance
surfaces.
No additional data needed.

Complex to understand.
Variation must be
independent of scale.
Features obtained at one
scale cannot be generalized
to other scales.

(Galpern &
Manseau, 2013)
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Table 3.8. Satellite sensors and their respective bands and reflectance captured.

Satellite sensor

Band number

Spectral band

Central wavelength

Planet 1 Blue
2 Green
3 Red
Sentinel-2 MSl Level2A | 1 Aerosols 443.9nm (S2A) /

442.3nm (S2B)

2 Blue 496.6nm (S2A) /
492.1nm (S2B)

3 Green 560nm (S2A) / 559nm
(S2B)

4 Red 664.5nm (S2A) / 665nm
(S2B)

5 Red Edge 1 703.9nm (S2A) /
703.8nm (S2B)

6 Red Edge 2 740.2nm (S2A) /
739.1nm (S2B)

7 Red Edge 3 782.5nm (S2A) /
779.7nm (S2B)

8 NIR 835.1nm (S2A) / 833nm
(S2B)

8A Red Edge 4 864.8nm (S2A) / 864nm
(S2B)

9 Water vapor 945nm (S2A) / 943.2nm
(s2B)

11 SWIR 1 1613.7nm (S2A) /
1610.4nm (S2B)

12 SWIR 2 2202.4nm (S2A) /

2185.7nm (S2B)
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Landsat 8 OLI SR Ultra blue, coastal 443nm

product, level 2 aerosol
Blue 483nm
Green 560nm
Red 660nm
NIR 865nm
SWIR 1 1650nm
SWIR 2 2220nm

Table 3.9. Vegetation indices used in land cover classification.

Index Formula Source
NDVI NIR — Red (Rouse et al., 1974)
NIR + Red
Normalized difference red edge NIR — Red Edge (Barnes et al., 2000)
index (NDRE) NIR + Red Edge
Normalized difference in Green — Red (Tucker, 1979)
green/red index (NGRDI) Green — Red

Table 3.10. Error matrices for top-performing land cover classifications.

Landsat 2019 Wet

Lowland Open Closed
Ag | Thicket | Soil | Water | vegetation Forest Forest Burn | Total
Ag 31 1 32
Thicket 1 26
Soil 1 19 22
Water 33 33
Lowland
vegetation 30 30
OpenForest 30 1 31
Closed
Forest 1 33 34
Burn 0
Total 32 21 33 30 31 34 0 208
Planet 2019 Wet
Lowland Open Closed
Ag | Thicket | Soil | Water | vegetation Forest Forest Burn | Total
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Ag 28 1 3 32
Thicket 1 25 26
Soil 1 1| 20 22
Water 28 1 3 32
Lowland
vegetation 30 30
OpenForest 1 30 31
Closed
Forest 1 1 1 31 34
Burn 0
Total 30 28| 23 29 32 34 31 0 207
Landsat 2019 Dry
Lowland Open Closed
Ag | Thicket | Soil | Water | vegetation Forest Forest Burn | Total
Ag 31 1 2 34
Thicket 24 24
Soil 1 29 1 1 32
Water 29 29
Lowland
vegetation 1 27 28
OpenForest 28 1 29
Closed
Forest 28 28
Burn 32 32
Total 32 25| 30 29 28 28 31 33 236
Sentinel 2019 Dry
Lowland Open Closed
Ag | Thicket | Soil | Water | vegetation Forest Forest Burn | Total
Ag 31 1 2 34
Thicket 24 24
Soil 3 1| 27 1 32
Water 29 29
Lowland
vegetation 2 23 2 27
OpenForest 29 29
Closed
Forest 1 27 28
Burn 1 31 32
Total 36 26| 28 29 23 29 32 32 235
Table 3.11. Area of top performing land cover classification models.
Square kilometers Land cover class Season Satellite




252.225674 Agriculture | Wet Landsat
541.764942 Shrubland|Wet Landsat
128.586093 Soil| Wet Landsat
4.110761 Water|Wet Landsat
38.492769 Lowland vegetation| Wet Landsat
203.765858 OpenCanopyForest|Wet Landsat
903.986187 ClosedCanopyForest| Wet Landsat
143.356101 Agriculture [Wet Planet
461.391357 Shrubland|Wet Planet
143.335283 Soil| Wet Planet
24.648489 Water| Wet Planet
135.075866 Lowland vegetation|Wet Planet
153.468355 OpenCanopyForest| Wet Planet
1012.354692 ClosedCanopyForest| Wet Planet
180.351044 Agriculture | Dry Landsat
416.345408 Shrubland|Dry Landsat
123.320256 Soil | Dry Landsat
4538535 Water|Dry Landsat
75.83907 Lowland vegetation|Dry Landsat
104.740063 OpenCanopyForest|Dry Landsat
1120.659285 ClosedCanopyForest|Dry Landsat
47.142927 Burn|Dry Landsat
145.333862 Soil| Dry Sentinel
3.234742 Water|Dry Sentinel
79.81083 Lowland vegetation|Dry Sentinel
92.130851 OpenCanopyForest|Dry Sentinel
1094.652954 ClosedCanopyForest|Dry Sentinel
75.251358 Burn|Dry Sentinel
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N : 2019 Wet Season
Landsat

Figure 3.11. 2019 Wet Season Classified using Landsat Imagery. Cropland is in yellow, bare soil in brown,
closed canopy forestin dark green, open canopy forestin light green, shrubland/thicketin gray, water in

dark blue, and lowland vegetation in light blue.
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| X : 2019 Wet Season
e Planet

Figure 3.12. 2019 Wet Season Classified using Planet Imagery. Cropland is in yellow, bare soil in brown,
closed canopy forestin dark green, open canopy forestin light green, shrubland/thicketin gray, water in
dark blue, and lowland vegetation in light blue.
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2019 Dry Season
| Landsat

Figure 3.13. 2019 Dry Season Classified using Landsat Imagery. Cropland is in yellow, bare soil in brown,
closed canopy forestin dark green, open canopy forestin light green, shrubland/thicketin gray, water in
dark blue, and lowland vegetation in light blue. Burn scars are in black.
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2019 Dry Season
P/ Sentinel

Figure 3.14. 2019 Dry Season Classified using Sentinel Imagery. Cropland is in yellow, bare soil in brown,

closed canopy forestin dark green, open canopy forestin light green, shrubland/thicketin gray, water in
dark blue, and lowland vegetation in light blue. Burn scars are in black.

Table 3.12. NGRDI values of central tendency for respective land cover classifications of top performing
models. Index spans from -1.0to 1.0.

Season | Satellite Class MIN MAX RANGE | MEDIAN
Dry Sentinel [Ag 0.075 0.493 0.419 0.261
Dry entinel [Thicket 0.059 0.478 0.419 0.208
Dry Sentinel [Bare soil 0.092 0.854 0.762 0.202
Dry entinel |Water 0.003 0.306 0.303 0.014

Lowland
Dry Sentinel [vegetation 0.058 0.389 0.331 0.224
Dry entinel [Forest 0.069 0.589 0.520 0.186
Dry Sentinel [Burn 0.027 0.343 0.316 0.120
Dry Landsat |Ag 0.073 0.518 0.445 0.269
Dry Landsat  [Thicket 0.096 0.356 0.260 0.172
Dry Landsat  |[Bare soil 0.041 0.532 0.491 0.272
Dry Landsat  |Water 0.004 0.236 0.232 0.013
Lowland
Dry Landsat  |vegetation 0.035 0.370 0.335 0.192
Dry Landsat [Forest 0.024 0.424 0.401 0.162
Dry Landsat [Burn 0.022 0.354 0.332 0.131




Wet Planet Ag -0.287 0.436 0.723 -0.156
Wet Planet Thicket -0.333 0.469 0.803 -0.088
Wet Planet Bare soil -0.478 0.193 0.671 -0.179
Wet Planet Water -0.247 1.000 1.247 0.207
Lowland
Wet Planet vegetation -0.253 0.542 0.795 -0.060
Wet Planet Forest -1.000 1.000 2.000 0.024
Wet Landsat |Ag 0.052 0.390 0.337 0.128
Wet Landsat |Thicket 0.035 0.478 0.443 0.116
Wet Landsat |Bare soil 0.005 0.762 0.757 0.152
Wet Landsat |Water 0.003 0.342 0.339 0.105
Lowland
Wet Landsat |vegetation 0.004 0.272 0.268 0.102
Wet Landsat |Forest 0.024 0.218 0.194 0.091
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Table 3.13. Agricultural and forested areas’ NDVI measures for top performing models. Note Planet
Quarterly Basemaps used for classification do not include a near infrared band at this time, thus NDVI
can not be calculated using this land cover model. NDVIrangesfrom -1 to 1 with higher values indicating

greater greenness or vegetation health.

Wet

Dry

L8
L8

L8
L8

S2
S2

Forest
Ag

Forest
Ag

Forest
Ag

Mean

0.70815
0.569624

0.34326
0.296195

0.339785
0.306048

StDev

0.047624
0.067376

0.047817
0.053476

0.049023
0.059946

Max

0.912206
0.84635

0.852888
0.66482

0.852888
0.705849

Min

0.073436558
-0.50423777

-0.39529926
-0.06607163

-0.27344242
-0.06351516
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