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All four sub-species of our closest living relative, the chimpanzee, are listed as endangered by
the International Union for the Conservation of Nature (IJGdtheir populations contireito
declinedue to human activitie€ffective conservation efforts require information on their
population status and distribution. Traditional field surveys are expensiveprattical for
covering large areas at regular time intervals, making icdlffto track population trends.

Given that chimpanzees occupy a large rg@gex 16 km?), new costeffective methods and

data are needed to provide relevant informatiopapulationstatus and trends across large
geographi@and time scaleS.he objetive of this dissertation is tbelpfill this gap byleveraging
freely available andegularly updatedemotely sensed da@isto map and monitor chimpanzee
habitatacross their rang&his research begins by first producingaal forest cover and change

maps for the Greater GomBBGE)and Greater Mahale ecosystef@G/E) in westernTanzania



using Landsaphenological metricand machine learning methods. Canopy coverpredicted

at 30-meterresolution and the Cumulative SagCuSum)algorithmwasapplied to theanopy
covertime series to detect forest loss and gain events betweer2RQ0O0An accuracy
assessment showed fBaSum algorithnwasable todetectforest loss well but had more
difficulty detecting gradual foregfain eventsA total of 276,000 ha (+/27,000 ha) of gross
forest loss was detected between 2000 and 2020 in the GGE and GME; however, tads was
spread equally among the two ecosysterhe. results show widespread forest loss in the GME,
contrasted wh net forest cover gain in the GARext, he annual forest cover mapsd
additionalderived variablesvere used to trainneensemblenodelto predict the relative
encounter ratef chimpanzee nest sightings in the GGE and GMédel outputexhibited a
stronglinear relatonshipto chimpanzee abundars@nd population densitystimatel from a
recentground surveyenablingmodel output to be linearly transformed into population
estimatesThe modelpredicted the two ecosystems harbor just over 3,000 individuals, which
agrees withthe upper limit of population estimatifom ground surveysMost importantly, the
model can be applied to annually updated variables enabling the detection of potentatigop
shifts caused by changes in landscape condititmalel output indicates a possible population
reduction in portions of the GME, while the GGE is predicted to have increased its ability to
sustain a larger populatioRinally, Random Forestegress®n was used to relate predictor
variables primarily derivedfrom Landsatlatato a coarse resolution, rangede habitat
suitability mapenabling the prediction of habitat suitability at 30 meter resolufibe model
showed good agreement with the caditibn datahowever, therevasconsiderable variation in
predictive capability among the foahimpanzeasubspeciesElevation, Landsat ETM+ band 5

and Landsat derived canopy cover were the strongest predictors; highly suitable areas were



associated witkdense tree canopy cover for all but the Nig€@ameroon and Central

Chimpanzee subpeciesThe model can detect changes in suitability to support monitoring and
conservation planning across the chimpanzee rdemiltsfrom this dissertatiohighlightthe

promise of integrating continuously updated satellite data into habitat suitability models to detect

changes through time and inform conservation efforts for chimpanzees at multiple scales.
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Chapter lintroduction

1.1 Backgroundand motivation

The dramatic decline in biodiversity has become so great that it is considered an
important facet of global chandyw itself (Walker & Steffen 1996)Biodiversity loss has
multiple causes, with habitat destruction via l@moder and landise change as the predominant
driver (Purvis et al. 2000; Baillie et al. 2004; Pimm et al. 20Mp)st future lanelise change
will likely occur in tropical regionéSala et al. 2000which are home to almost half of all
described specigd®Vright 2005) 1 ncl udi ng humansd cl osest |
(Pan troglodyte} It has been eshated that more than 70% of chimpanzee tropical forest
habitats are now threatened by infrastructure development and land use(dleliegeann &
Newton 2002and haresulted in a large contraction of their range (Fig.. All four
chimpanzee subpecies (WesterrP[t.versu§ NigeriaCameroonp.t. ellioti], Central
[P.t.troglodytef and EasternH.t. schweinfurth]) areclassified as endangered on the
International Union for the Conservation of Nature (IUCN) Red List. In fact, it has been
estimated that their cumulative population has declined by moré&@arover the past 40 years
(Kormos et al. 2003pnd there is a decreasing trend in population for all fouspebie§Oates
et al. 2008; Tutin et al. 2008; Wilson et al. 2008; Humle et al. 204&)pr threats to current
populations include habitat loss from resource extraction activities and land conversion, hunting,

disease, and the illegal pet trade.
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Figure 1.1 Current chimpanzee range (dark brown), and historical range (light brown). Figure credit Dr. Lilian Pintea the Jane
Goodall Institute.

1.1.1ForestHabitat Monitoring with Remote Sensing Data

Since the early 2008, regularly updated global forest copeoducts have been available
at a medium to low spatial resolutiath 250-m; Hansen et al2002). However, finerscale,

diffuse forest disturbances that are not detectable with low resolutisors¢Hansen et al.

2008) such as conversion to scattered settlements and farms, can have severe negative
consequences for many species, particularly frugivorous sgdolass & Skorupa 1987,

Haroourt 1998) such as chimpanzeddoreover, deforestation tends to force species to inhabit
scattered, remnant forest patches that are embedded in a matrix of humasel{hidddad et

al. 2015) The preservation of remnant habitat patches is a current paradigm in conservation
biology (Pimm & Brooks 2013)as well as the preservation or establishment of habitat corridors
to link these patchemnabling theflow of individuals and genes between sudpulations

(Bennett 2003)It is therefore paramount to accurately characterize habitat patches and their
corridors across landscapevhich is a task that is not suitable for sensors with a coarse spatial
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resolution(Benson & MacKenzie 1995; Saura 2004; Anteau et al. 2044ensor with a
medium to high spatial resolution (<50 m) is required to detect such fine scale forest loss and

land-scape heterogeneity.

For over four decades, the Landsaties of satellites has been collecting medium
resolution imagery of the Earthds surface.
Landsat bands, imagery has been collected-at 8@solution. While Landsat imagery have
existed since 1972, genal to global mapping using Landsat data was not possible. However,
three recent advances transformed the way the scientific community is able to use and process
Landsat data to develop a global Land$atived forest extent and change data record: (i)
systematic global acquisitions, (ii) free and open access to the Landsat archive, and (iii) cloud
computing and data mining algorithms. On (i) systematic global acquisitions, the Landsat 7
Enhanced Thematic Mapper Plus sensor, launched in 1999, wasthe ifinplement a
systematic global acquisition strategy. Prior to Landsat 7, images were collected inconsistently,
limiting the ability to apply a standard algorithm to map global forest cover. Considering (ii) free
and open access to the Landsat aeshivior to 2008, user acquisition of Landsat imagery
required individual purchase, precluding continental to gisbale analyses. Scientists were
limited to the data they could afford rather than the data they needed to conduct land change
analyses. 112008, the USGS formally made the Landsat archive open for free access and down
load to all useréWoodcock et al. 2008Finally, (iii) cloud computing and data mining
algorithms made it possible to procéssmdreds of thousand$ Landsat scenes covering
multiple time periods across the globe, as on an individual basis, a single Landsat image required
significant computing capality to processThese advances culminated in the release of

global, annually updated forest loss product atn3@solutionHansen et al. 2013fforest loss



detected by this product refers to the removal of trees within a 30 m pixel, and information about
the nature of the removal, whether by natural processes or by human activities, is not conveyed.
Therefor, the product does not show deforestation per se, rather it indicates that a forest loss

event was detected, and further analysis is needed to determine if the event was a conversion to

some other landse (.e., deforestation).

The application of glal forest cover and change products in the context of forest habitat
monitoring has been demonstrated at regional and global sEedeswski et al(2016)were the
first to use the Landsdtased forest cover and loss product developed by Hansen et al. (2013) to
corduct a global analysis of forest loss in Important Bird and Biodiversity Areas (IBAs) using
Google Earth Engine. They found that approximately 2.5% of forest was lost across IBAs
between 2000 and 2012, with the highest forest loss rates found in Souticadamer Southeast
Asia. Joshi et al(2016)provided another application of the Hansen et al. (2013) global forest
cover product that assessed forest loss within 76 landscapes that were prioritized for tige
conservation spread across 13 Asian countries. They found that within these landscapes, 7.7% of
forest was lost between 2001 and 2014, much less than was anticipated, but that extensive loss
occurred due to the expansion of oil palm plantations. Resfule analysis pointed to the value
of satellitebased monitoring of habitat coupled with grotbeked observations of tiger
occurrence for prioritizing the protection of key habitats and corridors. In fact, Indian
government officials from states thatedigers are committing to use the Global Forest Watch
platform to monitor performance on achieving 2020 targets promoted by the Global Tiger

Initiative (Joshi et al. 2016)

Jantz et al(2018)presented a similar analysis for chimpanzees across their fdreye.

found that over 80,000 khof tree cover was lost across #mirechimpanzee range between
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2001 and 201Awith rearly 9,000 kr(11 per centyvithin protected areas. The Eastern and

Western suispecies accounted for most of the forest loss, with over 34,00ria32,000 krh

of forest loss, respectivel{fhey found the forest loss for the Western-spécies to be

particularly troublesome witforest disappearing atfaster rate within protected areas versus

outside protected areas.@dted 6 | v o i-thire of foreshl@ss wamside protected area
boundarieslikely a strong driver of th@0 percent reduction in chimpanzee population within

Ctte dol voiGampbell stl (2€08) Mareover some protected areas in the country

had a nearly complete removal of forest; Campbell et al. (2008) estimated a 93 per cent decline
in forest cover in Marahou® National Park in
once hought to support over 900 chimpanzees. These trends paint a bleak picture for the future

of the Western subpecies since it was thought that about half of its total population was

di stributed within Ctte doélvoieteerem@nngnea and

population strongholds for this ssipeciegKormos et al. 2003; Caldecott & Miles 2005)

1.1.2 Species Distribution Models

The Open Standards for Conservation Planning (OSCP) provides avivekrte guide
the development and implementation of conservation prgj€hts Conservation Measures
Partnership 2013A key component outlirgkin the OSCP is the establishment of a monitoring
plan that requires indicators that are measurable, precise, consisteggnsitiste (ibid) Species
Distribution ModelqdSDMs), also referred to as ecological nidndhabitat suitabilitymodels,
are uséul tools that can fit easily within this framewoakd are able to provide much more
informationthan just accounting for forest lo&DMs use statistical and machine learning
techniques to find empirical relationships between observed spec@srenes and

environmental descriptors, such as resource, biotic and climatic factors, to estimate conditions



that are suitable for population viabiligratjo & Peterson 2012pr to predict the likelihood of
occurrencéFranklin 1995; Guisan et al. 200@) geographic space. Results fr&@DMs are

most convincing when they are fit with both presence and absence data. However, due to the
difficulty of acquiring ecologically meaningful absence d&@Ms are often constructed wisto
cal |l ed npr e <rthian & Hastie 20430Vhehanbdels are fit with presence only
data, the output can be interpreted as a relative measure of environmental swtatalétive
occurrence rateather than the probability of preser{€ézpatrick etal. 2013; Merow et al.

2013) typically with a range between 0 (unsuitable) and 1 (highly suitable).

The use o65DMs to model and map chimpanzee habitat is a recent endeavor and has
been used to answer questions applicable to chimpanzee consemdtenokgy. Vegetation
layers derived from Landsat ETM+ data were usd®intea & Plumptre 2006p model
potential habitat suitability for chimpanzees in Western Tanzania at 90 meter resolution. Landsat
TM derived variables were used to generate habitat distribution maps for three time periods
between 1986 and 2003 for a small area in GuBissau,within the range oP.t.verus where a
marked decrease in habitat area and connectivity was {dones et al. 2010Habitat
suitability was mapped for tHe.t. schweinfurthirange at 10 km resolution using climate,
human impact, and vegetation variables to aid in the in delineatioraxf #or new population
survey effortdPlumptre et al. 20105DMs were used fdP.t.ellioti in Nigeria and Cameroon
andP.t.troglodytesn Cameroon using climate, topographic, human populatgmsity and
canopy cover variables akin resolution to investigate the role of environmental variation in
the genetic dissimilarity between the two sgecies and to assess potential future impacts of
climate change on their habitat suitabili§ee et al. 2015)The first rangewide study was

performed by(Junker et al. 2012yho used climate, human impact and vegetatemmables as



model inputs to map habitat suitability for all four chimpanzeespdzies, and all African Great
Apes, at 5 km resolution for both the 1990s and 2000s and found a decrease in suitable habitat

over time.

1.3 Objectivesnd Dissertation Struare

The overarching goal of this dissertationtsprovide conservation managers with
relevant and timely information on the status of chimpanzees and their habitats. This work was
done in cooperation with my advisor, GLAD colleagues, and collaborfatonsthe Jane
Goodall Institué. This work begins by focusingn theGreater Gombe and Greater Mahale
Ecosystems of westefiranzania, wherthe Jane Goodall Institute generously shared their
database of georeferenced chimpanzee nest locatiotishen sales up to entire chimpanzee
range. Three main objectives were identified to meet the needs of chimpanzee habitat monitoring

applications.

1 Objective 1.Create maps of annual forest cover and change et r&@8olutionfor the
Greater Gombe and Greater Mahat®systemsandperform accuracy assessments for
both fractional cover and changetween 2000 and 2020

1 Objective 2iIncorporate the products from objectivarid georeferenced nest location
datato model the relative occurrence rate of nest sightings as a function of variables
derived from remote sensing dateahe GME and GGE

1 Objective3: Usemachine learning methods relate predictor variables derivedrn
higher temporal and spatial resolution remotely sensed datasets to a coarse resolution
chimpanzee habitat suitability mépenabé the prediction of chimpanzee habitat

suitability across its range at 8dresolution.



The dissertation is organized sublat each of the described objectiaes addressed
serially in subsequent chapters. Objective 1 is addressed in Chaptgective 2 is addressed in

Chapter 3, and Objective 3 is addressed in Chapter 4.

In Chapter 2annual forest cover and changeducts are produced for the GGE and
GME byrescalingthe global 250n resolution MODIS VCF product to 36 resolution with
Random Forests regression and annual, Landsat basedemptral metricgs input The
forest maps were subsequently classified Forest, Woodland, and Ndarest andhe top of
canopyrelative height metri¢rh100)from Global Ecosystem Dynamics Investigati@GEDI)
LiDAR were used to test if the classeglsignificantly different height distributions. The
Cumulative Sums (CuSum) algorithm was then applied to the annual canopy cover maps to
detect significant loss or gain between @a@@d 2@0. A manual assessment of 400 pixels was
used to determine the acaay for mapping gross forest ldsstweer2000 and2020, while a

450 pixel sample was used to validate mapping forest gain

In Chapter 3products from Chapter 2 agg@clocatedness sampled from the ground are
incorporated into an Inhomogeneous PoidBmtess (IPP) model to annually map the relative
occurrence rate of nest sightingenditioned on environmental variables derived from remote
sensing datarhe output from the IPP modslthen related to recent estimates of chimpanzee
population abundamcestimatefrom line transect surveys enable the prediction of potential

population shifts because of changes in landscape condition.

In Chapter 4a coarse resolutiochimpanzedabitat suitability map idownscaled to 30
m resolution, wittpredictorvariables primarily derived from Landsat dégandom Forests was

used to relate the predictor variables to the spatial distribution of habitat suitability at a coarse



scale, and then to predict habitat suitability across the chimpanzee ranga e¢<3ition for

different time periods.



Chapter 2Mappingforestcover and change in the Grea®ymbeand Greater
Mahaleecosystemsf western Tanzania

2.1 Introduction

Tanzania represents the eastern and southern edge of the chimpanzee distribution and is
home to tvo of the longest sites of chimpanzee behavioral study: Gombe National Park (GNP)
where Dr. Jane Goodall pioneered chimpanzee behavioral resed@%0(Goodall 1986)and
Mahale Mountains National Park (MMNP), where Dr. Toshisada Nishida established a
permanent field statioim 1965(Nishida et al. 1983)Ground breaking research conducted at
these sites helpespur thecreation of the national parks that now profeehzaniarchimpanzees

and their habitatéMoyer et al. 2006; Pusey et al. 2007)

The GGE ad GME are situated within the Albertine Rift montane forest and Central
Zambezian Woodland ecoregiof@lson et al. 2001)and are part of the Eastern Afromontane
biodiversity hotspofMittermeier et al. 2005)These are mosaic ecosystems with lush forests of
the Congo Basin facing Lake Tanganyika in Gombe National Park (GNP) and Mahale
Mountains Nation Park (MMNP). Moving edsbm the lake, dense forest transition®pen,
drier, savanna mosaic Zambezian woodlands of East Aintzaspersed with riparieend
galleryforest(TAWIRI 2018). Miombo-woodland dominated landscapes are generally species
poor on which chimpanzees fedait may be a good source ofiit and seeds during the dry
seasor{May-Octobe} (Moyer et al. 2006)As such, chimpanzees in these landscapes will utilize
woodland for nesting, particularly on steep slopes, but always witkiim & evergreen forest
(Pintea & Plumptre 2006 he relative scarcity of food these ecosystems results in low
population densities and some of the largest home ranges among all chimpanzee populations,
with an average home range size in this region of approximately?3Bkmnin et al. 2020)
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Human populatinsplace immense stress on these two ecosystadeed,GNP is a
small 34km? strip surrounded by settlements (Fig 2.8n analysis of satellite imagery revealed
that 64% of woodland and forest was cleared or converted to farmland between 1972 to 2003
(Pintea et al. 2012Beginning in 2005, the Jane Goodall Instit(@#&l) partnered with the
Tanzanian government and communitykstaolders to create village land use plans with the goal
of setting aside land that would allow the restoration of ecosystem seaxocesl GNP, andyb
2009the surrounding villages had assigned 26% of their village area {p#kiillage Forest

ReservegVFR) (Pinteaet al. 2016)

« Settlement
Gombe National Park
[ Mahale National Park
20km Buffer
T_1 Greater Gombe
[_7] Greater Mahale
[ Landcsape

Canopy Cover (%}

Lake Tanganyika

\'ih ‘; \

¥
. Mahale Katavi '
B Corrid:a_rt\
s ;f" s k’.ﬁ >

Figure 2.1 Overview of Greater Gombe and Greater Mahale Ecosysteiahsnajor landscapes§ractional Canopy Cover from
MODIS VCF.Mishamo, a serppermanent refugee camis the hashed region

In 2015, the village landse planning process was brought to the GFNiEt€a2016.
While thehuman population is much more dispersed in the GME, there is still tremendous

pressure on chimpaae habitatChimpanzees depend dparian forests in this ecosystdar a
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yearround food sourcenoweverthese forests amso thepreferred sites foagricultural

conversiorbecause of comparably fertile sqjMoyer et al. 2006)

Dueto the reliance on forests and woodlands in these two ecosystems, an important step
for conservation monitoring ® havean accurate characterization of forest cover and change
this region In thischapterannual forest canopy coveraps ar@roduced at 3@n resolutionby
rescaling a global, coarser resolutmoeduct then theCumulative Sums (CuSum) algorithm
applied to detecnnualforest loss and gaifmhe results feed directly into the next chajpber

chimpanzee habitat modeling in these two ecosystems.

2.3 Data

2.3.1 Canopy cover data

Canopy cover training data are derived from the MODeegelution Imaging
Spectroradiometer (MODIS) Vegetation Continuous Fields (VCF) Tree Cover dataset
(MODA44B), currently in Version 6, which has a spatial resolution of 250 meters and is produced
on an annual basis from 2000 onwédimiceli et al. 2015)MODIS VCF data have been used
for several studies including quantifg forest loss in and around tropical protected areas
(Defries et al. 2005)limate modellindLawrence & Chase 200, /uantifying global gross
forest cover losgHansen et al. 201@nd mapping carbon emissions from tropical deforestation
(Harris et al. 2012)MODIS VCF data for the period 208D19 for the study area were acquired
from the NASA Land Processes Distributed Active Archive Center (LPDAAC) using the

Application for Extracting and Exploring Alyais Ready Sampld&ppEEARSTeam 2020)
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2.3.2 Multi-temporal Landsat metrics

Landsat Analysis Ready Data produced by the Global Land Analysis and Discovery team
at the University of Maryland (GLAD ARD) were used to create a set of annual metrics for the
study area from 2000 #2020 The GLAD ARD are 1&lay composites of tiled Lanais(TM,
ETM+ and OLI sensors) normalized surface reflectance from 1997 to the present updated
annually and designed for land cover monitoring at global to local 4€a&spov et al. 2020)
I n addition to a | ayer describing per pixel
reflectance for the blue, green, red, Aedfrared (NIR), shortwave infrared band 1 (8%Y),
shortwave infrared band 2 (SWIR2) and surface brightness temperature (LST). For several
reasons, including heterogeneous cloud cover and differing acquisition strategies among the
constellation of Landsat satellites, it is not feasible to use tuay@omposites directly. The
metrics approach increases spatial and temporal consistency by building an annsetiémef
the highest quality observations and subsequently computing a set of metrics that represent
salient phenological features acradandscape. A set of 456 annual phenological metrics from
the GLAD ARD tiles were created as is detailed in Potapov et al. 2020 and shibgumer2.2.
The tiled Landsat data and software to create the annual phenological metrics are freely available
andcan be downloaded https://gladumd.edu/ard/home. The dataset was supplemented with
arcsecondelevation data from Shuttle Radar Topography Mission (SRTHlD:(/
earthexplorer.usgs.ghwvhich was resampledith bilinear interpolatiorio match theasolution
of the Landsat ARD dataSlope and aspect were then derived from the SRTM elevatiofhodata

a total of 459 features.
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Ranking of 16-day observation time-series by spectral reflectance or index value

Spectral data and indices

Spectral Bands

Statistics Amplitudes*
Minimum [min] max - min
Maximum [max] smax - smin

Blue

Second lowest value [smin]

av50smax - avsmin50

Green

Second highest value [smax]

av75max - avmin25

Red

Median [median]

NIR

Average between smin and Q2 [avsmin50]

SWIR1

Average between Q2 and smax [av50smax]

SWIR2

Average between min and Q1 [avmin25]

Derived Indices

Average between Q3 and max [av75max]

Average between Q1 and Q3 [av2575]

(NIR-Red)/(NIR+Red) [RN]

Average of all values [avminmax]

(NIR-SWIRL)/(NIR+SWIR1) [NS1]

Average of all values except min and max

(Blue-Green)/(Blue+Green) [BG]
(Blue-Red)/(Blue+Red) [BR]
(Blue-NIR)/(Blue+NIR) [BN]
(Green-Red)/(Green+Red) [GR]
(Green-NIR)/(Green+NIR) [GN]
(SWIRL-SWIR2)/{SWIR1+SWIR2) [SWSW]
Spectral variability index [SVVI]

[avsminsmax]

Ranking of 16-day observation time-series by the value of corresponding variable

Spectral Corresponding Statistics Amplitudes*
data variable
Minimum [min] max - min
Blue (NIR-Red)/(NIR+Red) [RN] Maximum [max] smax - smin
Green Spectral variahility index [SVVI] Second lowest value [smin] av50smax - avsmin50
Red Brightness temperature [LST] Second highest value [smax] av75max - avmin25
NIR Average between smin and Q2 [avsmin50]
SWIR1 Average between Q2 and smax [av50smax]
SWIR2 Average between min and Q1 [avmin25]
Average between Q3 and max [av75max]

Figure 2.2 Annual metrics calculated from 4y Landsat composites. Figusefrom Potapov et al. 2020.

2.4 Methods

2.4.1 Canopy cover estimation

The 459 features were aggregated to MODIS resolution by taking the average value for
all pixels within a 250 m MODIS gridell. This process was applied once to the SRTM based
features, and annually for the Landsat based features between 2000 arsbP@dl8s from all
years were pooled together to create a single dataset, and the data were then parttangd
into five folds for crossvalidation; then a Random Foresgressionrmodel was trained on each
fold. RandomForests is an ensemble technique in the Classification and Regression Trees

(CART) family of machine learning metho(Breiman et al. 1984)he algorithmconstrucs
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several regression trees based on bootstrapped saofpheinput dataset anateach node

random subset of features is selected, and a split is made using the feature that results in greatest
reduction in mean squared eresrd each tree igrown to full size. Overfitting in Random

Forests is avoided veraging the predictions produced by individual trees. Rarfdoasts

have the attractive properties of being insensitive termmmally distributed variables, nen

linear relationships, ancbrrelatedoredictor variablegBreiman 2001)In addition, onlytwo

primary parameters are required for Random Forest mdtelsumber of trees constructed in

each forest and the number of varialdessidered for splitting atach nodef-or each fold, 50

trees were ipwn, and 80% of features were considered at each node split. All 250 trees were

used to predict canopy cover at LandsatrBesolutionThegeneral workflow is illustrated in

figure 23.

Annual Forest Cover Mapping

Annual
Metrics
_l 250m
Fold 1
Local Mean aRIM : Random Annual
Downscale | Data 7 . 7 Forest 7 Canopy
230m . Cover
Fold 5
SRTM <|
Data MODIS
30m VCF

Figure 2.3 Annual canopy covanappingworkflow.

The procedure implemented in this study implicitly assumes the relationship between
canopy cover, spectral, and topographic data are invariant to changes,iwbadlés supported

by previous studies showing that remotely sensed data are robust to changeq (basceateal.
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2006; Hilker et al. 2009; Feng et al. 2013gxton et al(2013)produced global canopy cover
maps at Landsat resolution derived from MODIS VCF data and found that the Landsat
predictionscould achieve higher accuramlative to the VCF data from which they were
derived. The approach this chapters similar but difers in the modeling algorithm, random

forest rather than linear trees, and uses annual metrics rather than individual Landsat scenes.

24.1.1Canopy CoveAssessment

The initial idea was to usaedependent reference canopy cover data from the Global
Ecosystem Dynamics Investigation (GEDI) LIDAR attached to the International Space Station
(ISS). GEDI is a full waveform Lidar specifically designed for measuring vegetation canopy
structure and data from this mission have been used to create a suite oforegetht
aboveground biomass produ¢Bubayah et al. 2020However, a preliminargnalysis indicated
that fractional canopy cover data from GEDI are not suitable for validation purposes. GEDI
fractional cover showed extremely low agreement with the MODIS VCF data and the Landsat
based 30 m estimates of cover (Figh) ZThe coefficientof determinationrf) between GEDI
canopy cover and MODIS canopy cover was 0.19 and only slightly higher for Landsat based

canopy cover at 0.24.

The observed low correspondence with GEDI may be linked to the scale of the GEDI
sensor. The GEDI footpring 25m, larger than most tree canopies, which may prevent accurate
canopy cover characterization. Another reason may be due to the measurement of different
guantities. Canopy cover from GEDI is defined as the vertical projection of all canopy material
(eg. leaves, stems etc.) onto the ground, as such, small within canopy openings are factored into
the estimatéTang & Armston 2019)On the other hand, the MODIS VCF product is the

proportion of a pixel covered by tre@sansen et al. 2002however, Sexton et al. 2013 showed
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much better correspondence with higher resolution airborne LIDAR, which suggests

A

disagreementislinked®@EDI 6 s rel atively | arge footprint.
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Figure 2.4 Density plots of MODIS VCF and Landsat based estimates of fractional canopy cover and GEDI estimates of
fractional canopy coveifor 2012 White line indicateshie oneto-one line, while the black line shows the estimated linear
regression.

In lieu of usingGEDI fractional covens a validation sourceandsat basedanopy cover
from 2020wasevaluated by creating a discretized forest type map, where foresefasddas
cover greater than or equal to 50%, woodland with cover less than 50% and greater than or equal
to 10%, and notfiorest defined as cover less than 10%e definition of forest in this study
includes the dense canopy forests facing Lake Tangaimy®&lP and MMNP, as well dbe
thin strips ofgalleryforest interspersed within woodlarfebrest types were compared usihg
100" (top of canopy)percentile relative height metric from GEDIBZor the year 2020A 2-
sample Kolmogorossmirnov statistic was used to tést significant differences in height
distributions, with the hypothesis that forest will be taller than woodland, which will be taller
than nonrforest. Thesehypotheseare based on known charatsécs ofthetree species in the
region.For example, wodland is dominatebly BrachystegiaandJulbernardiaspecieswith

Brachystegia spicformiseing the first andulibernardia globiflorabeing the second most
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common specie@NAFORMA 2015)andare typically between 180 meters tall at maturity

(Orwa et al. 2009; WFO 2023pallery forests and the forests on the western slopes of GNP and
MMNP are meh more species rich, but the most visible constituents are up to 30withall
someFicusspecies up to 50 m tgBeentje & Mbago 2007)he non-forest class should be
composed of notree vegetation, lesthan 5 meters, as well as bare grodimet distribution of

GEDI LiDAR shots used for evaluation can be seen in Figure 2.5.

Figure 2.5 Distribution of GEDI LIiDAR shots showing the rh100 metric overlayeM®DIS VCF canopy cover.
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2.4.2 Forest cover change detection

A change point in a timeeries can be defined as a significant shift in the distribution
mean(Chen & Gupta 2000)n this chapterchange points in mean forest cover were detected
with a combinatin of cumulative sums (CuSum) and bootstrap anaflpsige 1955, 1957;
Taylor 2000) As the name may imply, CuSum is not the cumulative sum over ssénes, but
rather the sum of deviatiofi®m the mean, anlootstrap analysis can be used to estimate the
likelihood that the change is significant. Here, the CuSthof(the per pixel difference between
mean canopy cover and annual canopy cover was used to determine the timing and nagnitude

charge.

If G, Gh &# a vector of annual canopy cover estimates froyaars for a pixel andl

represents the pixel mean, thenithevalue in the CuSum tirageries is:
YOy 6 o6lQ pg8enMde W &

The plot of Swhere no change occurs will be represented by a horizontal line that
randomly fluctuates around zero; however, if a change did occur, the line will become
substantially positive or negative depending on the direction of change. Before bootstrap analysis
is performed, the magnitude of chan®€Q "QiQ€alculated by taking the difference between the

maximum and minimum of.Bootstrap analysis can then be used to assign a significance level

to a candidate change point and is calculated with the faltpateps:

1. Sample without replacement the original tisexies, which practically results in a
random reordering of the data vector.
2. Calculate CuSum'Y on the reordered data.

3. Calculate’YQ "QtDm Y.
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4. Count the number of timé¥'Q "QYYeeatethan"Y'Q "RAvidassign as X.

If Mis the number of bootstrap repetitions, then the confidence level (CL) is calculated as
p 1P . In this chapter, the number of bootstrap repetitions was set at 1000 and the CL at 90%.

If the bootstrap analysis reals a significant change in mean, the optimal change point can be
estimated by minimizing the mean squared ertd64£. For a vector of pixel canopy cover

estimatesCwith 7 number of elements, MSE is calculated by,

0 "YO 6 ol 6 ol c®y

o B o
whered! ——and6

The value ofrmthat minimizesM/SEAs the estimated change point. Bootstrap analysis and
minimization of MSEcan beperformed iteratively on the resulting segments allowing the
detection of multiple changes within a tirseries. The minimum segment length for bootstrap
analysis for this study was set at five years. FigusdlI@strates the detection of two change
points for a pixel located in an oil palm plantation, where a forest/canopy loss event was
estimated to have occurred in 2009 followed by a subsequent increase arounch2Gjeéheral

workflow for forest cover change detection can be seen in figdre 2.
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Figure 2.6 Annual canopy cover estimates and significant changes in mean (black lines) for a pixel centere®4t-4%89°
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Figure 2.7 CuSum canopy cover change detectiankflow.

24.2.1 Accuracy Assessment

Separate @uracyassessmentgere performedor gross forest losand gairbetween

2000 and2020. Loss isdefined as a pixel having experienced a decrease in canopy cover of at
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least 15% between 20@nd2020, which results in approximately the same amourmgro$s
forest lossasthe GLAD global foresltoss productor the same time perig@Hansen et al. 2013)
Thedefinition offorest cover gain was sliglttifferentsince forest gain tends to he
continuous process, whereas loss is an abrupt cheagexample, Figur2.8 showsa pixel
where forest cover increasby 3% between 2000 and 202ihdthe CuSum algorithm detected
2 significant changesnein 2009 andanotherin 2016 Using the same definition for loss (j.a.
15% change in covemo gain would have been detected sineiherof the changes are 15% or
greaterMean canopy coveshiftedfrom 25% to 39%14% gain) andthen to 49%10%gain)
resulting in @ estimate®4% increase in coveA pixel wastherefore definetb have

experienced forest gaifino loss events were detected, and the total gain was 15% or greater

between 2000 and 2020.
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Figure 2.8 Example of canopy cover gain detectioinere ared X denotes when a significant change in the mean was detected.

After applyinga 15%threshold, the study area was divided into threeaw@lapping strataFor
forestloss this consiste@f Loss, a 3pixel buffer around Loss, and all other Land pixdlse
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stratafor forest cover gain validatiowere Gain, a 1pixel buffer around Gain, and all other
Land pixels. A larger buffer for Gain was chosemitigate omissiomrror since Gaircovered a
very small portion of the study aré@lofsson et al. 20143amplepixels wererandomly
allocated to the strata according to optimal allocation given by,

w Y
Bw Y

€ € &N

wherenis the total number of sampl&s is the sample size for stratum w is the proportion

of the study area covered by stratum/bgnd™Y is the variance associated wétratum#/
(Cochran 1977)The variance for each stratum is unkndvefore the validation has been
performed, therefore a reasonable estimate for the expected error must be used to'tglculate

given by,

=2 .

Y Yp Y P

whereY is the user accuracy for stratumFor targetingchange user accuracies of 0.7, 0.1,
and 0.001 were assigned to ttieange l(ossor Gain) Buffer, and Land strata, respectively,
which represents 70% user accuracy for Lavss Gain 10% capture ofhangepixels in the

Buffer stratum, and 0.1% omissionafangepixels in the Land stratum.

An initial validation sample size of 400 pixe@lgschosen for each change clasde
tractable in terms of time and effort. However, for validating forest gain, all sample pixels were
allocated to the Buffer and Land strata. The minimum recommended number of samples for the
change class is 50 (Oloffson et al. 2014), therefore SQiawlal sample pixels were allocated to

the Gain stratum resulting in 450 samples for forest gain validation and 400 for forest loss
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validation. Samples sizes can be found@ables 2.1 and 2.2, and the distribution of validation

samples can be seen in Hig29.

Table2.1 Size, proportion, and number of samples allocated to each stfatuforest loss assessment

Stratum Pixels in StratumStratum Weight Samples in Stratun

Loss 1,017,610 0.02 70
Buffer 5,247,706 0.13 190
Land 35,711,569 0.85 140
Total 41,976,885 1.0 400

Table2.2 Size, proportion, and number of sangpédlocated to each stratum for forest gain assessment

Stratum Pixels in StratumStratum Weight Samples in Stratun

Gain 43,497 0.001 50
Buffer 2,221,954 0.053 140
Land 39,711,434 0.946 260
Total 41,976,885 1.000 450

Bl Loss/Gain
B Buffer

I Land
Samples

] 25 50km
——

Figure 2.9 Map offorest lossstrata with distribution of 400 sample pixé€lsft panel) Forest gain strata and distribution of 450
sample pixels (right panel).

To verify if changehad occurred at the sample pixels, a visual assessment of annual
interquartile mean composites for SWIR1, NIR, and SWIR2 was performed (Figure 2.7). In

addition,each sample pixel was verified with higesolution Google Earth imagery where
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available. If a change was ambiguous and no-hegblution timeseries imagery was available,

the individual Landsat t8ay composites were examined to make a final deterramati
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Figure 2.7 Annual composites of interquartile means for Landsat bands SWIR1/NIR/SWIRsafoplapixel (white squareand
300m buffer. Plots of annual minimum NDVI, maximum SWIR1, and predicted canopy cover for the target pixel are also shown.

After the validation sample was obtained, the error matrix was generated in terms of

proportion of arear( ) given by,

:

w

-

= c® p

where w is the proportion of area mapped as class is the sample count in cefl andé gis

the number of reference samples for clg§dofsson et al. 2014) The error matrix was then

s o~ o~ o~ N s~

used to estimate OA 06 O A A A Oy@lAs8es (i.eERY Al AOO

50A060 AAAOGOAAU &I O Al AOO
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In addition to the accuracy metrics, area estimated from the validation sample is reported

where the area can be estimated from equatiod)(@rid associated standard error from%2.1
(Olofsson et al. 2014Finally, relative standard errarascalculated from equation 2.16

provide information on the precision of the area estimate.
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In the equations) represents the study area size and the summations arg sivata (i.e., 3) for

the (k) change classeéll equationswereapplied separately for forest loss and garaluation
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2.5. Results
2.5.1 Annual canopy cover estimation

The random forest modét the MODIS VCF data well witaverageRMSE of 552%,
MAE of 4.1%, MBE of 0.53% and%of 0.770n the holdout samplgTable 2.3) and nodelled
tree cover and MODIS VCF tree cover are tightly distributed along théoemree line (Figure
2.8). Results fom crossvalidation should not bmterpreted ato how well the model performs
at predicting canopy cover at 3@tarsbut is rather used asdéagnostidool to ensure over
fitting was avoided. If the model cannot reliably predict cover at 2&8@msmthen it follows

those predictionat 30 neterswill be even less reliahle

Table 2.3 Coefficient of determination, mean bias error (MBE), mean absolute error (MAE), and root mean squared error
(RMSE), and associated standard errors (SE) from restibsfold crossvalidation.

r’(SE)  MBE (SE) MAE (SE) RMSE (SE
Landsat-MODI®.77 (0.0001)0.53 (0.001)4.1 (0.001)5.52 (0.001
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Figure 2.82d density plot for predicted Landsat canopy cover and MODIS VCF cover. Tie-one line is shown in white.

The three map classes showed significantly different height distributions @§gjgThe
two sampleKolmogorovSmirnov tess confirmedthe Forest class is taller than the Woodland

class, which is taller than the Ndorest class with Ralues well below 0.00Median height for
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theForestclass wasbout25 meters, Woodlandas about 12 meters shortban Foresat 12.7
metersand Nonforestanother 8 meters shorter than Woodland at under 5 n{etgra.8band

Table 2.3.
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Figure 2.10 Height distributionof Forest, Woodland, and Nefiorest (a). Boxplots of canopy height for Forest, Woodland, and
Non-forest

Table2.3 Number of GEDI amples for each class (N)median, and mean trémights for the 3 classes. Table accompanies
figure 29.

Class N Median (meters) Mean (meters)
Non-Forest 29,372 4.81 6.17
Woodland 141,973 12.65 12.94
Forest 3,313 24.97 26.71

2.5.2 Forestchangedetection
The initial threshold for definingprest loss was biased towarthissionerror (Figure
2.10), which resulted in high Us@raccuracy (0.83) at the expense of lowdRrced accuracy

(0.33) (Table 2). After adjusting thdorest losghreshold magnitude from 15% to 12%, Usexr
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and Producér accuracies achieved simitaluesof 0.75 and 0.72, respectively (Tabld)2The

adjustment also resulted imreducedelative standard errpdropping from 12% to just under

10%,and smaller standard errdrsor User 6 s and {abk@lcer 6s accur a
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1
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Figure 2.11 Commission and omission error rates with increashmgshold of loss magnitude for validation sample. Vertical
dashed line represents threshold with equal commission and omission error.

Table2.4 Relative standard error (RelSH)ser, and producer accuracy Wistandard errors (SE) for tHerest lossvalidation
sample before and after adjusting the threshold to balance commission and omission error.

RelSE (%) User (SE) Producer (SE)
Loss 12.01  0.83(0.05) 0.33(0.12)
Adjusted 994 0.75(0.04) 0.72(0.09)

Relative to forest loss detection, the CuSum algorithm showed lower acenditgher
relativestandard errdior forest gain detectiofTable 2.5). Relative standard error was more
than twice that of forest logsior toforest loss thresholddjustmenaat near |l 'y 28 %,

accuracy was | ower at O0.74, aust@.2fable@di.cer 6s
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Table2.5 Relative standard error (RelSE), user, and producer accuracy with standard errors (SE) for the forest gain validation
sample

RelSE (%) User (SE) Producer (SE)
Gain 27.53 0.74 (0.06) 0.20(0.06)

Compared to the GLAD global product, the CuSalgorithm detected substantially
more grossvoodland andorest losetween 200-2020 (Fig. 2.11). According to the GLAD
product, the GME and GGE lost abd4t5000 ha ofwoodlandand forestthe CuSum estimate
prior to adjustment is just ov@B0,000 ha (+/40,000 ha), and the estimate after threshold

adjustment is 276,000 ha {£7,000 ha)more than 30,000 ha than the GLAD product.

350,000

AAAAAA

mGLAD BCuSum OCuSum Adjusted

Figure 2.12 Estimates of gross logeectaresfor dense foest and woodland from the GLAD global product amdanually
interpreted sample of 400 pixels.

Forest gaircould not bedirectly compared to th6&LAD product becausgainis
assessed betweawmo different time periodsThe GLAD product reports forest gain between
2000 and 2012, whereas results from this study are regdortéte 2000 to 2020 period.
Nevertheless, the GLAD product showed 1732 ha of forest gain, or an increase of 144 hal/year

for the study arebetween P00 and 2012Based on the validation sample, the CuSum algorithm
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detected 12,927 (+B,560 ha), or an increas&619 hal/yearBased on thesesults, the CuSum

algorithm detectedubstantiallynore forest gain than the GLAD product.

2.6 Discussion

Annual 30m resolutionestimate®f forest cover as well annual changes (loss and gain)
were produced for the GGE and GME ecosystems irstudy. Crossvalidated results showed
that forest covewasaccurately modelled at 250 resolution however, attempig to validate
the results at 30 m against fractional cover from the GEDI LIiDAR sensor indicated that GEDI is
not a reliable validation source for optical estimates of canopy cover, likely due to the relatively
largefootprintof 25 m, which is larger tiemosttree canopieQualitatively, however, the
downscaled VCF displayed good performance with respect to discriminating riparian forests.
Downscaled predictions of canopy coganresolve well the thin strips of riparian forest that are

not visible inthe coarser resolution training dékag 2.13).

(a)

Figure 2.13 Region centered at 6° 3' 30.96"S 30° 5' 50.136"E east of MMNP:HdgghutionBingimagery (a), MODIS VCF
canopy cover (b), GLAD 30 m canopy cover (c), and downscaled VCF cover (this study) (d).

Additionally, the top of canopy height metric from GE@hfirmedthat the thresholds for
defining Forest, Woodland, and N&iorest were reasonably well chosEigure 214 shows the

mapped classes for the yead90and, with exception of the western region of Mahale
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Mountains National Park, Forest is generalgchily distributed within Woodland. Indeed,

forest was found to occupy just 4% of the land, while woodland covers 90%.

t—) Greater Gombe

T Corridor

[Z7J Greater Mahale
Gombe National Park

) Mahale National Park

B Forest
| Woodland
| Non-forest
| Water

Figure 2.14 Map showing distribution of Forest, Woodland, and Morest in the study area in 2019.

Thecanopy coveproductdeveloped in this chapter demonstrateat it capturegnown
gradients of canopy densitlyigure 2.5 (Left Panel) shows an area in the harést of MMNP
covered by | owl and ev er fgresevehich cbvers thesflat to kilyo wn a's
region between Lake Tanganyika and Mehalemountains. The mountain slopes are a mix of
bamboo, bushland and montane forest, and the highestaeas,2300 m, give way to
grassland and montane bushlgNishida 1990)A decrease in canopy dernswould be
expected with increased elevation giveis thstribution of vegetation. The median values for

elevation anadtanopy covewere calculated every 300 m within the 500@yr800 mtransect
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shown in Figure 28 (Left Panel)for theSRTM DEM, GLAD canopy coveproduct and the
downscaled VChproduct. Mediarcanopy covevalues were plotted against median elevation
values(Fig. 2.15 Right Panel)The downscaled VCF product shows a significantly decreasing
trend with elevationj(= 0.94 p << 0.001)while the GLAD product does not show a trend with
elevation { = 0.25,p = 0.36) While this observation does not serve as validation at 30 m, it
demonstrates that the product is sensitivgréaients in vegetation density that a global pobd

is not The Random Forests algorithm's ability to produce reasonable canopy cover estimates at
30 m resolution, despite coarser resolution training data, could be attributed to the synergistic
effects of a substantial sample silzat spanswo decadesf observationsand input features

that only reflect local variation.
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Figure 2.15Map of Kasoje forest in MMNP with 5 kaB00 ntransect (white rectangld).eft Panel) Median canopy cover
plotted against median elevatigalculated every 300 m along transect (Right Panel)

The CuSum product detected substantially more forest loss comparedsicAbe
product; however, botproductsdisplaysimilar patterns of annual forest loss, gradually
increasing from the year 2000 to 2013 and subsequently decreasing @ridn@viever the

CuSum producshows a large spike in the year 20IBis phenomenon appears to be the effect
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of including Landsat 8 data in the-til&y compositesvhich began in 2@.(Potapov et al. 2020)
Compared to prior Landsat sensors, Landsat 8 has a higher signal to noise ratio and can detect
more subtle spectral changd$e hatched region of the bars in FiguregZhowing the area

mapped by the CuSum algorithm indicates the portion of forest loss that was detected by the
CuSum algorithm and not by the GLAD product, which suddenly increas@d #hahd stays

relatively high.

| 3 CuSum
4 CuSum Only
H GLAD

25000 1

20000 1

15000
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2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Figure 2.16 Annual loss (hectares) from the GLAD global product and the CuSum algorithm (this study). The hatched portions
indicate forest loss detected by CuSum only.

The maprom figure 2.7 shows wher¢he CuSumalgorithmdetected forest loss and the
GLAD productdid not. It is apparent the CuSum product is detecting much more loss in
woodlands, primarily around the periphery of the GME. Zoomed in versions of irdeikthe
map are displayed in figur@si8 to 2.21 showing high resolution Google Earth imagerppto
and after loss occurreds well agoss mapped by the GLAD and CuSum products. It is evident
from thehigh-resolutionimagery thathe driver of lossri woodland is conversion to

agriculture, which agrees with what was found at the national, s@aieely that agricultural
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expansions the main driver of deforestation in Tanza(iggart et al. 2020)Given these

findings, it is likely that substantial amounts of forest loss went undetected prior to the inclusion
of Landsat 8 datal'he fact that the CuSunigarithmwas able t@accurately detect forest Igss
particularlyin woodlandsalso serves as an implicit validation of the downst®Il€F product.

Forest loss detection in woodlands requires the discrimination of change at thealogeeof

forest coverfrom low cover (i.e., woodland) to no cover (i.e., agriculture), which requires a

high-fidelity temporal signal.

Il CuSum Only
Bl Forest

% Woodland
'~ Non-Forest
1 20km Buffer

Figure 2.17 Forestloss detected by CuSum and thetGLAD productin the study areaTlhe reader is referred tBigures 2.17
2.20for zoomed in versions of insetgll
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Loss Year

l2019

2000

Figure 2.18 Corresponds to inset 1 of Figure 2.15. High resolution Google Earth imagery for 2005 (a) 2019 (b) GLAD forest
loss (c) CuSum detected forest loss (d).

S A

Bk

Figure 2.19 Corresponag to inset 2 of Figure 2.15. High resolution Google Earth imagery f0828) 2019 (b) GLAD forest
loss (¢) CuSum detected forest loss (d).
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Google Eafth

Figure 2.20 Corresponds to inset 3 of Figure 2.15. High resolut@@oogle Earth imagery for 2010 (a) 20@) GLAD forest
loss (c) CuSum detected forest loss (d).

Loss Year

l2019

2000

Figure 2.21 Corresponds to inset 4 of Figure 2.15. High resolution Google Earth imagery I6r(@p2015 (b) GLAD forest
loss (¢) CuSum detected forest loss (d).
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Despite dense canopy forest occupying only 4% of the study area, it is nonetheless being
lost at a faster rate than woodland (Fig24.2ft Panel), losing over 5% since 2000, while
woodland decreased by less than 1%. Results showudaaglans in the GGE appedfective
with forest net gain, and recent genetic evidence indicates that chimpanzees from GNP are
dispersing into these previously barren a(®dison et al. 2020)However, in contrast, dense
forests have declined drastically in the GME, with some village forest reserves exhibiting near
complete forest removéFig. 2.2 Right Panel). The current Conservation Action Plan (CAP)
suggests that community members may not be familiar with the VFR bylaws and urges local
governments to promote more community involvement and enforcement of village and district
bylaws(TAWIRI 2018). Monitoring methods, such as those presented irchi@ptey can be

used to reveal the level of compliance moving forward.

=" Forest
—— Woodland

{1 Greater Gombe

t—1 Corridor

[__J Greater Mahale
Gombe National Park

[ Mahale National Park
20km Buffer

Loss (%)

-94% 300%

2001 2005 2010 2015 2020
Year

Figure 2.22 Annual percent change relative to 2000 for forest (green line) and woodland (red line) (Left Panel). Percent change
of forest (canopy cover greater than 50%) for protected areas and village forest reserves betWeerd ZW20 (Right Panel).
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2.7 @nclusbns

In this chapter, it was shown thaRandom Forestsodel trained on coarse (250 m)
resolution data can produce annual estimates of fractional canopy cover at 30 m resdlution
high fidelity, likely dueto the combination of krge training samplandonly allowing the
algorithmto learn orspectral variabilityrestrictedto the study area. Using annual forest cover
maps as input, the Cumulative Sums (CuSum) algorithm was able to accurately detect forest loss,
but the accuracy for detecting forgsiin events was somewhat diminished. Results show that
the CuSum algorithm detected much more forest loss compared gtotied GLAD product,
particularly in woodlandand from 2013 onward. A plausible explanation as to why the CuSum
algorithmsuddenly bgan detecting increased forest loss is the inclusion of Landsat 8 data,
which is more sensitive to subtle spectral changes than previous Landsat sensors. This can be

confirmed byincorporating updated data to observe if the tremttinues

The convergin of forests to agriculture appears to be the primary driver of forest loss in
the study region; however, forest loss was not distributed equally between the Greater Gombe
and Greater Mahale Ecosystems. The GME showed much more loss, with some progasted a
losing all dense canopy forests relative to 200@ontrast, the GGE was predicted to have
experienced a net gain in forest coviaw.conserve forest habitats in the GME, local
governments should ensure communities are familiar with the bylawsnjoyéorestreserves
and promote the enforcement of the regulations. The methods described in this chapter can be

used to monitor the efficacy of the conservation action plan.
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Chapter 3 Linking Satellite Observations arichimpanzed’opulation Survey
Data forEffective Conservation Monitoring in the Greater Gombe and Greater
Mahale Ecosystems

3.1 Introduction

All the estimated 2008000 chimpanzees of Tanzania reside in the GGE and GME, and
while Gombe National Park (GNP) and Mahale Mountains National ParkNR)Mvere
established with the goal of protecting Tanzanian chimpanzees and their hatitaey's have
shown that the majority of chimpanzees (~75%) live outside the pattkshe bulk of the
population residing within the Greater Mahale Ecosystem (GMIgyer et al. 2006; Piel et al.
2015) An estimated 50000 individuals reside within MMNP with amditional population of
approximately 1500 living in the GME outside the p@rRWIRI 2018). Compared to the GME,
GNP and the Greater Gombe Ecosystem (GGE) host a much smaller popwition
approximately 90 individuals inside aadadditionalpopulation of abou20 outside the park

(Pusey et al. 2007; Wilson et al. 2020)

Previous efforts to model chimpanzee habitat in this region have focused in the GME;
however, the results were not intended for monitoring purposes. Pintea et al. (2006) used
Mahalanobis distance and three environmental variables, distance to fachssgatater than
2.4 ha, elevation, and distance to steep slop
habitat in the GME, with the objective of identifying suitable habitat in areas that were not
previouslysurveyed. Bonnin et al (20) createda habitat suitallity model using egetation type
(i.e.,riparian forest, woodland, and ndéorest) proportion of riparian forest, distance from
riparian forestelevation,and distance from steep slo@esinput vaebles. Model output was

used as input into a connectivity model to reveal possible reductions in habitat connectivity since
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1972.Dickson et & (2020)usedthe model from Bonnin et al. (20) and applied it to
projections of forest loss for 2027. The goal of the study was to demonstrate how outputs from
species distribution models can be used a biodiversity indicator in the context of REDD+

projects.

Regular, exhaustive population surveys would provide decision makersfeitmation
germane to the success, or rdtimplemented conservation action plans. However, conducting
ground surveys requires substantial investments of time andyri@loenptre et al. 2010An
additional complicating factor ihat chimpanzees are sparsely distributed in this region, which
decreases the chancedattecting significant populaticshiftsfrom subsequent surveyRiel et
al. 2015) In thisstudy, variables derived from remotely sensed datasete relatedo
geolocated chimpanzee nests within in the framewodndhhomogeneous Poisson Process
(IPP) to estimate the relative occurrence rate of chimpanzee Restsnt insights into model
formulation have shown that framing presence asplgcies distributiomodeling problems as
IPPs is equivalent to using MaxEWWarton & Shepherd 2010by far the most commonly used
technique, or logistic regression and its derivatives (e.g. Random Forests, Generalize¢ Additi
Models, Gradient Boosting Machines e{&ithian & Haste 2013) In addition, IPPs provide
toolsto guidethe model fitting process, which are discussed in the Methods sedtidel
output from 2020 was used to deravproportionality constant by incorporating population
estimates fronarecent ground suey to enable the prediction cfiimpanzee numbers as
function of landscape condition. Since the madebrporateannually updated data, potential

population changes can be trackaleit with caveata/hich arediscussed
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3.2 Data

3.2.1 Environmental Variables

A list of variables used for habitat modeling is shown in table 3.1. The variable set was
selected based on previous studies as well as known habitat needs, and most variables are based
on data from optical sensors that can be aliywupdated to enable regular monitori@anopy
cover was included in the set of predictor variables because measurements of forests structure,
including canopy cover, were found to be strong determinants of chimpanzee habitat suitability
in otherstudies (Plumptre et al. 2010; Junkeradt 2012; Clee et al. 2015)orres et al(2010)
found NDVI to be useful for predicting suitable chimpanzee halitgtiing that it serveds a
proxy for ecosystem productivity. Hettbe interannual mean of NDVI values between the
minimum and first quartile (Annual Q1 mean NDVI) was used to reflgcseason productivity,
while the mean for values between thied quartile and the maximum (Annual Q3 mean NDVI)
wasused to reflect wet season productivignnual Q1 and Q3 mean NDVI were generated
from the GLAD Landsat Analysis Ready Dai:day composites described in Potapov et al.

2020.

Table3.1Variables used to model chimpanzee habfititdicates a ariable is temporally static, all others are updated
annually.

Variable Source Units
CanopyCover Chapter 2 Percent
Edge Influence (El) Chapter 2 Unitless
Annual Q1 mean NDVI Chapter 2 Unitless
Annual Q3 mean NDVI Chapter 2 Unitless
Distance to Woodland Chapter 2 Meters
Prop. Woodland in 1km Chapter 2 Proportion
Prop. Woodland in 31km Chapter 2 Proportion
Distance td~orest Chapter 2 Meters
Prop.Forestin 1km’ Chapter 2 Proportion
Prop.Forestin 31km Chapter 2 Proportion
Distance to Steep Slopes >€20 * SRTM Meters
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Slope* SRTM Degrees
Aspect* SRTM Degrees
Elevation* SRTM Meters

In chapter 2three different forest types were defined by various thresholds of canopy
cover, namely, forest (>=50%), woodland (>=10% and <50%), andanest (<10%)For the
forest and woodland classesgy pixel distance to the nearest patch as well as the proportion of
each claswithin 1kn? and 31k were calculatedareas of 1km and 31k were chosen to
create variablethat reflecthe amount of eactiasson a local scale analithin theaverage

chimpanzee home rangee., 31kn¥) in western Tanzania.

A landscape metric, Eddefluence El), that has been found to influence species
abundances was included in the variablgRtdifer et al. 2017)El wascalculated from the

canopy cover maps produced in chapter 2 and is ddineduaon 3.1,
00 awa MW 6s i QaE o6 op
where,
'O "C= Edge Influence at pixéjl

» = standard deviation of pixels within a 3.1km radius of pixel

6l = average canopy cover of pixels within a 3.1kmusadif pixeljj
0 = percent canopy cover at pixgl

A radius of 3.1km was used to ensure that all canopy cover variation within the home
range (i.e., 31kA) area contributed tBIl. Absolute values foEl range from 0, which indicates

homogenous cover (i.e., no edges) within 3.1km of a focal pixel, to 80 where a pixel is
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surrounded by different habitat in a 31%amnea. Positive values are associated with low cover

(i.e., nonforest) pixels while negativealues are associated with forested pixels.

Topographic features have previously been found to influence nesting site selection in
western Tanzania, where nests tend to be found below 1,900 and meters and near steep slopes
(Pintea & Plumptre 2006 opographic information was theredoncluded from the Shuttle
Radar Topography Mission (SRTM)t{ps://earthexplorer.usgs.gdWigital Elevation Model
(DEM). In addition to slope, the linear distance to steep slope$)(w28 included, and aspect

was included to investigate if chimpangdend to prefer nesting on a particular azimuth.

3.2.2 Presence Locations
Nest locations were provided by the Jane Goddatitute(JGI) and cover the period
between 2002018. Locations were opportunistically collected by park rangersitkagle

forest monitors using smart phones and tablets to record Latitude and Longitude for each nest.
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Additionalnests fronpopulation survey data are fraifiel & Stewart 2014and(Hernandez

Aguilar 2009) The combined dataset is compos&éd@0® nest locations shown in Figure 3.1.

» Nest

| T_1 Greater Gombe

L1 Cooridor

] Greater Mahale
Gombe National Park

| ) Mahale National Park

{1 20km Buffer

Figure 3.1 Chimpanzee nest distribution in study area.

Table3.2 Number of nests for each year.

Year N nests | Year N nests
2005 962 2012 4565
2006 4 2013 240
2007 36 2014 522
2008 103 2015 220
2009 218 2016 135
2010 236 2017 172
2011 2452 2018 135
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3.3 Methods

3.3.1 Habitat Modelling

Typical presenceonly species distributiomodelsuse presence locatioasd secalled
"pseudeabsences” or background samples with a binary response modelling nesghod (
logistic regressionio produce an index of relative habitat suitabi{Fegrrier et al. 200 this
methodology seems dtbc but has become popular, particularly with machine learning
extensions like Random Forests and Boosted Regression Trees. In 200éxHre software
wasreleased taddress these perceived problems with presenlyedat models The method
estimates the most uniform distribution (maximum entropy) of sampling points compared to
background locations given the constraints derived fitata(Phillips et al. 20067T his software
has been found tmake reliablgoredictions and has thus been widely adopted with well over
10,000 citations as of this writinBecent statisticaliscoveriehave demonstrated thait these
models arequivalent to oan approximation of atnhomogeneous Poiss@&rtocess (IPP)
(Warton & Shepherd 2010; Aarts et al. 2012; Renner et al. 2db®)ever, framing the problem
as anPP provides guidance on model interpretation as well as model diagnosti@tsasbed

in a later section)

Presene-only data can be defined as sehgfoint eventso  w 8 w } bound within a
two-dimensional regiona; and spatially indexed at locatiorasw i . The intensity atoi ,
_wi simplified as_i , is the expected number of point events. (presencésper unit area
(Warton & Shepherd 2010; Renner et al. 2018 models have two primary assumptions, (1)
the point eventocationsare independent of one another, and (2) the intensitigries spatially

(Diggle 2003) Inthecoh e xt of model i ng a species@ariedi strib
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according to collocated environmental variables and can be modelled vidireekrgunction

with the form,

aeg’Q T o8

wherehy is the intercepth is the coefficient vector, andis a matrix of environmental variables.
From equation 3.2, only linear relationships can be modeled; however, the features can be
expanded, for example by spline transformation, to includdinearrelationships. Modeling of
nonlinear relationships was enabled by expanding the features from table 3.1 by applying 1
degree splines, equivalent to hinge features in MaxEnt, using the Splinetransformer in Scikit
Learn. Ten knots were linearly spaced altmgquantiles of each feature, resulting in a total 155

coefficients to be estimated, including the intercept.

Models were fit with Elasticnet penalty in the 3Gt learn software. Elasticnet combines
L1 andL> penalties, wherk; regularization resudtin sparse coefficient vector (i.e. several
coefficients are zero) arid shrinks all coefficients but useful ones less so. In high dimensional
problems]L: is useful for variable selection but has the pitfall of unstable solutions in the
presence of coetated variables. Adding a small amount.efegularization results in a stable
solution, where correlated variables tend to be selgotatbt,togethe(Zou & Hastie 2005)
There are two hyperparameters for the Elastic Mehe proportion of ; to L regularization,
ando, theamount ofpenalty Here,Uwas set to 0.9 (i.e. primarilyr) ando determined by
linearly increasing the amount of regularization until the maximum AUC was achiewed on

hold-out sample.
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3.3.2 Background Sample Selection

The selection of background points in presenicly modelirg continues to be an dwc
procedure, and while there is no consensus on exactly how points should be selected, advances
have been made that can guide this prodess.importantcomponents of background sampling
are (1) the sampling strategy and (2) tinenber of points included in the model fitting process.
Severaktudies have shown that choosing a background sample that mimics the distribution of
presence locations results in the best performing m@éblBips et al. 2009; Syfert et al. 2013;
Sofaer et al. 2019a&nd accordingly, the selection of background samples was constrained by
sampling from a biagrid. A bias grid was created by generating a Gaussian kernel density
surfacefor thenest locations, and a randdrackgroundsample was chosen using the values
from the bias grid as weightBitzpatrick et al. 2013; Fourcade et al. 20I4)e bias grid also
acts to constraibackground samples to areas near presence locdiiacksground samples
taken from areas where presences have not been sampled can asoMerly optimistic

assessment of model performal8efaer et al. 2019b)

The numbepf background samples selected for model fitting should account for the
scale and extent of the study a(Eang et al. 2019Recent advances in modeling techniques
enable a more objective way to determine the number of samples rather than using an arbitrary
number of points (e.g., 10,000)arton & Shepher010)showed that the lotikelihood of the
Poisson regression model will converge when the number of background samples is sufficient
(i.e.,adding additional points does not contribute to anymore learfiog)etermine the
background sample size, 10 models were fit with increasingly larger background samples and the
log-likelihoods plotted against background sample dizéhis case,ltere is not much use in

fitting a model with more than approximately 100,000 background samples (Figyre 3.
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therefore 100,000 background points were sampled for each model run. For each year,
background points were sampled to be proportional to the murhpeesence locations for that

year (i.e., if 20% of the presences were recorded in 2010, then 20,000 background samples were

selected from the 2010 raster layers).

—8050 A

—8100 4

—8150 1

—8200 A

Log-likelihood

—8250 1

—8300

0 25000 50000 75000 100000 125000 150000 175000 200000
N background samples

Figure 3.2 Log likelihood for 10 IPP models fit with increasing background sample. sizes

3.3.3 Spatial Bias in Nest Locations

Spatially biased datasets are common in distribution modelling where the bias tends
toward easily accessible areas (e.g. roads or riveerd)model quality can be impacted because
of over (under) representation of environmental conditions in regions of higher (lower) sampling
effort (Kadmon et al. 2004; Anderson & Gonzalez 2011; Kra8@hadt et al. 2013 here are
several methods to correct for sampling bias; however, thdesmgthod of spatial rarefaction

has shown robust performance under different types of samplin(Foiasade et al. 2014)

The location data used in this chapter come from multiple sources with undocumented
sampling effort and thus unknown sampling bMereover, clustering is to be expected because

individual chimpanzees in a group cbmst their nests near other group membRipley's

49



inhomogeneous K functiofeqg. 3.3.was used to compare nest locations used to fit the IPP

model against 99 simulations of the resultant intensity surface

-

O w

where;

r=radius (km)

N= number of points within radius

|| viZ ;|| = euclidean distance between pomtand y;

/= indicator function (i.e.,1 if condition is true, O otherwise).

&= intensity at poiny;

Data falling above (below) th@mulation envelope indicates significant clustering
(dispersion) that the model does not account for at the 95% confidencéBladdeley etl.
2000; Diggle 2003)The minimum distance between neighboring nest locations was increased
using methods fromiello-Lammens et al2015) until no significant deviation from the
simulation envelope was foungigure 33 shows that a minimum separation dfrh between

nest locations is needed to ensure no significant clustering.
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Figure 3.3 Simulation envelopes of IPP models with interpoint distances of 30m (a), 500m (b), and 1000m (c).

The equalizing effect of thinning can be seen in figudeBhich shows the kernel
density output prioto (a) and after thinning (bJhe thinning algorithm randomly selects one
point from a cluster where the points are all within 1 km of each other, which means that the set
of presence locations can differ with each run of the thinning algorimoe he thinning
process involves a random selection of points, 50 sets of rarefied points were generated to fit 50
models (max = 490, min = 468, mean = 481) to include as many nest locations as possible in the
model fitting process, while also accounting fore needed for model fittingzach of the
models was trained on 80% of the data, while 20%witheld for crossvalidation.Figure
3.4(c) is an example of the surface used to weight background samples for each of the 50 model

runs.
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(c) x1077
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Figure 3.4 distribution of nests in the study area (a) density surface of nests in combined dataset (b), density surface of nests after
thinning (c).

3.3.4 Model Prediction and Uncertainty

Once models were fit to the fifty sets of trainuatg described in the prious section,
all models were used to predict annual inten@tyor the study areom 2000 to 2020An
annual intensity surface for each model for each year was created by applying the fitted
coefficients to the predictor variables from table 3$uyiting in fifty intensity surfaces per year.
Model prediction uncertainty is reported as the variance around the mean of the fifty model

predictions.

3.3.5 Model Evaluation

Evaluating the performance of presence only models &tive area of researeimd
there is no single evaluation metric that provides complete information on model performance
(Phillips & Elith 2010; Jiméne¥ alverde 2012)Since the goal in this chapter is not to create
presence/absence maps, two metrics that do not rely on the generation of a binary map were used
to assess model fithearea under the receiver operating characteristic (ROC) curve (BUC)

perhaps most widelysed metrién the literature An ROC curve is obtained by plotting
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sensitivity (i.e., true positive rate) againssfdecificity (i.e., false positive rate) folt possible
thresholds and the AUC is the area under the qiifieéding & Bell 1997) However, using

AUC as an evaluation metric for presence/background models has received much criticism
primarily because presences and absences are egedllyted even though true absences are

unknown.

A metric developed specifically for presence background modelling is the Continuous
Boyce Index (CBIYHirzel et al. 2006)which focuses onorrectly predicting presencesther
than discriminating between presences and backgroundesegpboes AUCCBI was
developed to assess models that have probabdistput(i.e., between 0 and 1); however, the
output of IPP models have a lower bound of 0 and no upper lfseacquation 3.2\fter
adjusting the intercept such that model otigums to 1, as opposed to the number of presence
locations, a complimentary ldgg transform was applied to IRftensityvalues(Phillips et al.
2017) Iff is the fitted intercept, the transformed intercept,is obtained with i
I T &€, wheret is the number of presence locations. Tla@sformation has no effect on dab
predictiveperformancend ensures that output from each model has the same upper and lower
boundsice.,0 to 1). For the remainder of this chapter, the transformed values are referred to as
Aisuitabilityo.

After transformation, suitability ipartitioned into several bins and two frequencies are

calculated for each hifThe predicted frequency of evaluation poidts(eq. 34),

o8

Wherer is the number of evaluation points predicted to fall into suitability clasdB 1} is

the total number of evaluation points. The expected frequency of evaluation @o(ets, 35),
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Where® is the number of points predicted to fall into suitability claasdB @ is the

number backgund sample points. Finally, the predicted to expected i&ic calculated with

equation 3.

o

O| CA

The number of bins for whiclDis calculated is dependent on bin width. Here, a bin
width of 0.1 was used. Thus, the first Bjpanghe 0 to 0.1and all subsequent bins were created
by displacing the moving window by 0.05. For well calibrated modethould be less than 1 in
low suitability classes and monotonically increase to values greater than 1 for higher suitability
classes.Thus, a plot of~ versus mean habitat suitability for each clagsovides information
on model calibration, where an ideal model wahdw F linearly increasingvith suitability. In
addition, crossvalidation can also provide information on the fadence of model predictions
along the rangef suitability values bynspectingthe confidence bands across suitability values.
Finally, the CBI is obtained by calculating tBpearman Rank Correlation betweseiitability
clases and~. Positive values mlicate the model is consistent with the distribution of evaluation

presence points.

3.3.6 Variable Ranking

Variables were ranked according to the permutation after calibration m@&tiechan
2001; Smith & Santos 202M\fter each model was fit, three metrics were calculated for the
hold-out samplethe Continuous Boyce Inde&BIl), point biserial correlation coefficienCOR),

and area under the receiver operating characteristic /@) ( Each one of these metrics
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should decrease after randomly permuting a variable that strongly influences model predictions.

The general calculation is shown in equati8ifsand3.8.

Where,

P = metric value for prediction on holout sample

0 = metric vale for prediction on holdut samplefter random permutation.

D = difference between unpermuted and permuted metric value fibh theiable.
The relative importance of each variablgis thencalculated with eq 8.

. o |
O ﬁ Wp Tt O'EQJ

3.3.7 Chimpanzee Habitat Indicator for Monitoring Populations (CHIMP)

An indicator of habitat suitability related to chimpanzee abundance was derived by
linearly relating model output to grousdrveyestimates of chimpanzedundanceThis
deiivation is based on the assumption that model output is correlated with local population
abundance, which has been foundawerabther studiegWeber et al. 2017 CHIMP valuesare

calculatedwith equation 3.

6 000 0 _ 080

The summation is performexver a landscape of interestd multiplied by the
proportionality constant. The proportionality constant (i.¢heratio of true abundance to model

output), must be determined for the moadkedput to reflecabundances across landscagss is
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impossible for abundances to be determined from presencaldiagFithian & Hastie 2013;
Phillips et al. 2017) Abundancedatausedto derivethe proportionality constaatre from a

recent line transect survey conductedhmsy Jane Goodall Institute (JG& methodhat has been
usedto estimate population densities of numerous species, including chimpédaekiand

2001; Moyer et al. 2006; Piel et al. 201%) addition toderiving the proportionality constant, a
strong linear relationship between modelputtndabundances estimated from the line transects

serves as an independent source for model validation.

The survey was conducted by randomly placing kfhline trarsects each into 25
survey sites for a total of 400kin transect#én the MasiteUgalla region of the GMEDbservers
walked the length ofachtransect andecordedhe perpendicular distance (up toradfrom all
detected nests mtransec{The Jane Goodall Institute 202@) minimum of 60observationss
needed for reasonable population density estimates; however, most of the survey sites did not
reach this threshold. The sites were subsequently grouped into Gasathon the
contiguousness of the sites, habitat types and prior survey histogyane#fibid). Strata and
distribution of the transects is shown in Figurgahd strata area in Table23An average
population size of 716 was estimated for the 6 strata and is the value used to determine the
proportionality constarfbr each of the 5@hodels A more detailed description of how
population densitieand abundanceme estimated s€Buckland 2001 and for chimpanzees

specifically se€Moyer et al. 2006)
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Figure 3.5 Six strata and 400 line transects used for estimating chimpanzee population density in théJgatittandscape.

Table3.3 Area in knd of six strata shown in figure 3.5

Stratum  Ugalla Lugufu Plain  Ntakata Middle Tongwe West Upper Tongwe Wesi Magorofani

Area (knf) 1913 634 297 410 515 370

After the proportionality constant has been determined, annual predictions can be used to
track potentialchanges in population as a function of change in landscape condition. Here,
potential population changes are reported for the major landscapes and gariease
introduced in Chapter 2, atide Mann-Kendall statistic was used to test for monotonically
increasing/decreasing CHIMP vafilgetween 2000 and 20ZRBendall & Gibbons 1990yith

the pyMannKendall packadelussain & Mahmud 2019The MannKendall gatistic was
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calculated for each of the 50 models, and if the average value was significant at the 0.01 level, a

shift in population was considered to have occurred.

3.4 Results

The model ensemble demonstrated reasonable performance with high AUC and CBI
values and small standaedors(Table 34), and the plot of predicted to expected ratio shows
that predictive performance is nearly constant along the range of suitability aaldés
monotonically increasing, indicating good calibration (Figure 3.6a). CBI and AUC values for the
training and testing samples are similar indicating good generalization ability (i.e. no overfitting)

(Fig. 3.6).

Table3.4 Average AUC and CBI values for training and testing data with standard errors in parentheses.

Train Test
AUC 0.88(0.001) 0.86 (0.008)
CBI 0.98 (0.002) 0.93 (0.008)
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Figure 3.6 Plots of Continuous Boyce index (a), and the Receiver Operating Characteristic for train (black) and test (blue) data.
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Variable rankings were similar among the 3 metiindeedidentical forCBl andCOR
for the four mostmport variables (Fig. 3.6Edge influence was ranked highest@gl and
COR while distance to steep slopes was ranked higheaty with edge influence ranked

second.All metrics ranked elevation as the fourth most important variable.

(a) (b) (c)

Relative Importance (%)
= = N N w w H
o ul o w o w o

v

o

El DF DS ELV CE DF DS  ELV DS El DF  ELV

Figure 3.7 Relative importance of permute after calibration for CBI (a), COR (b), and AUC (c) for top 4 variables: edge
influence (El), distance to steep slopes (DS), distance to forest (DF), and elevation (ELV).

Predicted intensity values decline quickly with increasing distance away from forest and
steep slopes and increase with elevation up to about 1600m and subsequently declines (Fig. 3.8
b-d). Predicted intensity declines rapidly with increasing edge infei¢fig 3.8a), which
indicates chimpanze@referentially, or are forced to, situate their n@stdense forest
surrounded by low forest covdtigure 3.9left panel)shows that,except forMahale National
Park,the highest predicted intensities are alamgrine forests, which have strongly negative

edge influence values (Fig 3.9 right panel).
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Figure 3.8 Variable response curves for 4 most influential variables with standard errors in gray.
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Figure 3.9 Mean intensity surface predicted from fifty modetsthe study area for 2015 (left panel), Edge Influence overlain
with nest locations for Gombe National Park (a), Masito (b), and Ntakata (c).
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CHIMP values showed a strong relationship with estimated population abundance (Fig.

3.8(b)), and a weaker but still significant relationship with estimated population density (Fig.

3.8(c)).
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Figure 3.10 Strata andransects used for abundance estimation (a), abundance estimates versus CHIMP values for the 6 strata
(b), estimated density versus CHIMP value divided by stratum area (c). Black linetsamerelationship and dashed line is
estimated linear regressi.

CHIMP values and CHIMP/kffor the major landscapés the studyareacan be seen in
table 3.5The CHIMP value in the GME and GGE 30Q which isonly slightly higher than the
upper end of survey based estimates of 300@iduals in Tanzani@Moyer et al. 2006)The
predicted CHIMP value for GNP 84, almost on¢hird fewer than the estimated population of
90 (Pusey et al. 2007howeverthe CHIMP value foGNP and GGEs 129 which isonly
slightly higher than the estimated popuatiof 110(Wilson et al. 2020)The estimated
chimpanzee population for MMNP is between 5@D (TAWIRI 2018), and the CHIMP value

of 524 is well within that range.

61



Table3.5 CHIMP values, CHIMP/ki& and 95% confidendatervals for the major landscapasdthe whole study arefar
2020

Landscape CHIMP 95% ClI  CHIMP/km? 95% ClI
Gombe-Masito-Ugalla Corridor 73 -2 0.05 0.001
Gombe National Park 34 1 0.93 0.031
Greater-Gombe 95 2 0.13 0.003
Mahale-Katavi Corridor 348 5 0.08 0.001
Mahale National Park 524 11 0.35 0.007
Masito 416 2 0.16 0.001
Masito-Ntakata Corridor 252 3 0.16 0.002
Ntakata 342 2 0.20 0.001
Sitebi Highlands 299 4 0.20 0.002
Ugalla 450 2 0.13 0.001
Ugalla-Sitebi Corridor 59 1 0.13 0.001
Mahale-Ntakata Corridor 154 2 0.19 0.002
Total CHIMP / Mean CHIMP/km? 3046 19 0.21 0.062

A significant decrease in CHIMP value was predicted for Masito and the Gombe Masito
Ugalla Corridor (Fig. 3.1), while sgnificant increases wengredicted for Greater Gombe and
the Sitebi Highlands (Fig. Bl). Several village forest reserves were predicted to have significant
reductions in CHIMP value, primarily in the Masito region (Fid.2B. while the forest reserves

in Greater Gombe were egthstable or had significant increases.
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Figure 3.11 Significant negative trends in CHIMP value in red and positive in bluefalscapes in the study area (Left Panel).
Example plots of CHIMP values for Greater Gombe and Masito with 95% confidence intertveder2000and 2020 (Right

Panel).
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Figure 3.12 Significant negative trets in CHIMP value in red and positive in blue footected areas and village forest
reserves (VFR(Left Panel). Example plots of CHIMP values Kogalye VFRandlllagala VFRwith 95% confidence intervals

between 2000 and 2020 (Right Panel).

3.5 Discussbn

Determining the validity of presenamly species distribution models is a challenging

task primarily due to data limitations. Scientists typically want to include as many presences as

possible in their models, therefore comparison against an indapetataset is quite rare. Here,

multiple lines of evidence show the modrltputin thisstudyis a good epresentation of

chimpanzee habitathe crossvalidation results showed thite model was not ovefit and well

calibrated. These types discriminationmetrics (e.g. AUC) arasuallythe onlyreportedsource

of model performancim alarge portion of the SDM literature. Spatial dependence, whiuobt i

accounted focan result in inflated values of model performa¢i@ermann et al. 2007was

addressed wi

t h

Ri p | ey omiichlismlboamodgaon af madal K

funct

goodness of fif(warton & Shepherd 2010Moreover, the response curves of the highest ranked
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variables agree with known chimpanzee habitat preferemzdandscape configuratioMost
importantly,model outputwas shown to beell correlated withndependengstimates of

chimpanzee abundance frdime transect surveys

While the model output displayed a strong correlation with survey estimates of
chimpanzee density and abundancks iihportant to exercise caution when interpreting
temporal changes. Notably|andscapexhibitinga substantiatiecrease in CHIMP value is
more likely to signify an actual population shift than a landscape with a significant increase in
CHIMP value. Increases in CHIMP value dot necessarilyndicatean increasen chimpanzee
aburdance; rather, they indicate an improved landscape capable of supporting a larger
population. However, the true state of the population can only be determined through data
collected fromgroundsurveys. Encouragingly, recent genetic eviddraeshown that
chimpanzees amtispersing from GNP to thence barreffiorests north of the paifVilson et al.
2020) which supports the results presented h€anversely, a substantial decrease in CHIMP
value suggests that the landscape can no longer sustain its previous chimpanzee population,
necesgating either migration to alternative habitats or the unfortunate possibility of population
decline A significant decrease in CHIMP value was predicted for the Masito landscape, which
agrees with results fromiel et al.(2015)who found a decrease, albeit insignificant, in mean

population density estimated from repeated ground surveys

3.6 Conclusions

This study incorporated annuallpdated remote sensing data to generate models of
chimpanzee habitat at 30 resolution for the GGE and GME, and abundance data from ground
surveyswas related to model output to enathle predictiorof population size as a function of

landscape conditioWhile model output was well correlated with abundance estimates from
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ground surveys, model output should not serve as an alternative for continued population
surveys. The relationship between model output and abundance was derived from a single year,
therefore the accuracy of predicted changegsdpulation are unknowbut does agree with what

has been reported in the literatubata from planned future surveys in the same area could be

used to determine if the model faithfully predicts population shifts
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Chapter ZEmploying Remotely Sensed Datasets to Map and Monitor Rahge
ChimpanzeeRan troglodytesHabitat Suitability

4. Introduction

Changes in forest cover affect the delivery of important ecosystem services including
climate regulation, carbon storage, water quality and supply, and biodiversity ri¢Winessek
1997; Avissar & Werth 2005; Jantz et al. 2014; Pimm et al. 204de than onehird of glokal
forest cover has been Idfiefries 2012) r at es of forest | oss in the
reservoir for terrestrial biodiversity, are risifigyers et al. 2000; Mittermeier et al. 2005; Kim et
al. 2015) Forest loss, whether from fire, wood harvest, or clear cutting for agriculture, remains a
major threat to species survi@rooks et al. 1999a; Brook et aD@6; HiltonTaylor et al.
2008) In several studies, conservation scientists have employed the species area relationship to
estimate the number of species that could eventually become extinct due to the loss of forest
habitat(Pimm & Askins 1995; Brooks et d@l999b; Strassburg et al. 2012)ue to recent
advancenents in computer processing powieis now possible to go beyond using assumed area
relationships to directly map and monitor physical attributes that are critical for habitat quality
such as forst structure, which includes canopy cover and height, as well as forest loss and gain

dynamics.

The use o5DMsto model and map chimpanzee habitat suitability is a recent endeavor
and has been used to answer questions applicable to chimpanzee consanda¢icology.
Vegetation layers derived from Landsat ETM+ data were usBthtea and Plumptre (2006)

model potential habitat suitability for chimpanzees in Western Tanzania at 90 m resolution.
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Landsat TM derived variables were used to generate hdistabution maps for three time
periods between 1986 and 2003 for a small area in G@irssau, within the range &f.t. verus
where a marked decrease in habitat area and connectivity wagTaunes et al. 2010Habitat
suitability was mapped fahe P.t. schweinfurthirange at 10 km resolution using climate,
human impact and vegetation variables to aid in the delineation of areas for new population
survey effortdPlumptre et al. 2010MaxEnt wasusedto modelP.t. ellioti habitatin Nigeria
andCameroon an@.t. troglodytedabitatin Cameroon using climate, topographic, human
population density and canopy cover variableslanhlresolution to investigate the role of
environmental variation in the genetic dissimilarity between the twepabies and to assess
potential future impacts of climate change on their habitat suitaflige et al. 2015)The first
rangewide study was performed Byinker et al. 2012vho used climate, human impaahd
vegetation variables as model inputs to mapthabuitability for all four chimpanzee sub
species, and all African Great Apes, dtrb resolution for both the 1990s aB@d00s andound a

decrease in suitable habitat over time.

In thischapterprevious efforts to map chimpanzee habitat suitabilitye extended
based on remotely sensed datasets that cover the entire range of all four chimpaspeeissib
and areregularlyupdatedDue to the inaccessibility of presence locations across the en
chimpanzee range, coarse resolution habitat suitability map was rescaled ito 1&3olution
using variables derived from remotely sensed datasets as input into a Random Forests regression
model Theresults are relevant to conservation planningraedsuring success as they portray
finer scale habitat variation over several time periods and can be used in monitoririgyplans

providing updated habitat status at regular time periods
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4.3 Data

4.3.1Study Area

The study area covers the ranges of the éhhimpanzee sufpecies, which span central
and western SuBaharan Africa over an approximately 2.3 £ k@? area(Caldecott & Miles
2005)(Figure4.1), similar in size to on¢hird of the contiguous United States land area.
Chimpanzees occupy a wide variety of forest habitats across their range, including humid
evagreen forests, mosaic woodlands, deciduous forest, and dry savanna wo(Kibaitialisdt
1983) Their habitats also cover a large elevation range, frontlesehin WestAfrica up to
2,600 meters in East Afriq&ortlandt 1983) For our study, we used geographic range extents
for each of the subpecies from the IUCN Red List. We bufdreach range by 100km to cover

any suitable habitat that may fall outside the delineated range.
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Figure 4.1 Overview of study area with [IUCN Red List ranges of the four chimpanzepeadies overlaid on top of a map of
percent canopy cover from Hansen 2013.

4.3.2Habitat Data

Data on the spatial distribution of habitat suitability for most of the study exdeoan
(Junker et al. 2012Who used location data from the IUCN/Species Survival Commission
A.P.E.S. (Ape Populations, Environments and Surveys) database (http://apes.eva.mbiglle),
serves as a central repository for all ape rdlatevey data. Unfortunately, the survey data are
not publicly available. In lieu of training a habitat suitability model with survey data, a
regression model was trained to relate satellite derived features to the output from Junker et al.

(2012). Theirestimates of habitat suitabiligre thereforéoundational for this study.

A two-stage approach was used to develop the HSN&imker et al. 2012Jirst, they
related environmental variables to chimpanzee presemigedata to creatsuitability maps
using MaxEn{Phillips et al. 2006)a software package widely used to generate habitat
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suitability models where presence only data are available. MaxEnt uses records of presence only
locations and a set of @nonmental predictors across a defined landscape. The software extracts
background samples, where presence is unknown, to contrast against the known presence
locations. The software then generates models using the principle of maximum entropy, which
assets that models should be chosen that are similar to prior expectations but are also consistent
with the datgibid). The initial distribution is usually uniform in geographic space (i.e., all cells

in a landscape are equally likely to contain an indivigumlt other distributions are possible

based on prior knowledge of the sampling design. Parameters are estimated for exponential
models and the final model selected is most similar to the prior distribution (i.e., uniform) and
whose predictions match tiheean and variance of the environmental data at observed locations

(Merow et al. 2013)

Location data covering the dryrssts and miombo woodlands of western Tanzania were
not included in the APES database; therefore, these important chimpanzee habitats were not
reflected in the output from found {dunker et al. 2012)n order to include these habitatstie
model, a habitat suitability model created(Byntea & Plumptre 200&pecifically for this
region (Figured.2B) was incorporatedviahalanobis distance was used to relate chimpanzee
location data, collected as part of biodiversity surveysigored by(Moyer et al. 2006)to three
environmental predictors: distance to the nearest forest patch, distance to steep slopes (i.e.,
sl opes greater (t(id nth2 dortext obhabdat sabiliyy madelingpthe
Mahalanobis distance represents the squared distance, in feature space, of the vector of values for
the environmental predictors at-sampled locations to the mean vector of values for the same
predictors at sampled locatio(fsarber & Kadmon 2003Mahalanobis distances are

approximatelyChi-square distributed with n degrees of freedom where n is the number predictor
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variables, therefore a location that has a vector identical to the mean vector will have a typicality
of 1.0 while larger distances Wwdpproach a typicality of (Clark et al. 1993)In order for the
prediction from this model to be on the same sca(dwasker et al. 2012Mahalanobis distances
were converted to typicality probabilities by assuming asgjiare distributiomvith three

degrees of freedom. The suitability map was then coarsened from its native 90m resolution to

approximately 5km resolution and combined with the 2000s predittonJunker et al. (2012)
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Figure 4.2 (A) Habitat suitability data used for Random Forest calibration. The map for the 2000s time period from Junker et al.,
(2012) and (B) suitability map created specifically for the miombo woodlands of western Tanzania feoet &in(2006).

4.3.3Satellite Data

Spectral reflectance, forest structure and forest loss data were from a recent processing
and synthesis of the Landsat ETM+ data archive performéthbgen et al2013) This dataset
consists of global annual c@osites of percent canopy cover, canopy height, and top of canopy
reflectance for Landsat ETM+ bands 3, 4, 5 and 7 as well as annual data of forest loss from 2000
to 2012. The global products are in a geographic coordinate system and were disaggregated int
10e x 10e til es widechmaladegrees 6~80mu Toiredute tlefeffe€s.ob 0 0 2
noise and to fill data gaps due to persistent cloud cover, the annual compesgekvidednto

four time periods by applyingtareeyearmedian to the camy cover, canopy height, and
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spectral band layers, resulting in datasets representingZ@®) 20042006, 20072009, and

20102012 time periods. The method for generating Landsat based canopy cover and forest loss
data can be found ifHansen et al. 2013however the canopy height data were not included as

part of the initial data release. Global tree heighps were generated on an annual time scale

using a regression tree model that related height measurements from GLAS LiDAR shots to
Landsat timeseries metrics. Model error was quantified by using a random 90% subset of the
available GLAS data to train thmeodel while the remaining 10% was used for testing model
performance. Root mean square error and mean absolute error for the tropics was 8.1 meters and

5.9 meters, respective{yyukavina et al. @15; Hansen et al. 2016)

Topographic data for the study region were from the Shuttle Radar Topography Mission
(SRTM) 3 aresecond resolution dataset and locations of rivers were from the SRTM
Waterbodies Dataset (SWBD). The SWBD was created agpeolyct of the finished SRTM
DEM and includes water bodies detectable at approximately 30m resolution at the time of the
SRTM shuttle flight, circa February 2000 (USGS 2003). The SWBD is distributed in vector
format andwasrasterized to ~30m resolution tatoh the resolution of the Hansen ef(2013
datasetThe elevation and slope layevere also resampldéd ~30m to match the resolution of

theHansen et al., (201 8lataset.

4.34 EnvironmentaVariables and Calibration Data

A full list of predictor variables used to construct the habitat suitability models is shown
in Table4.1 The set of predictor variablegere createtbased on the variables used to generate
the HSMs inJunker et al., (2012)nd variables used in other dies on chimpanzee habitat
suitability. Canopy cover and canopy height were included in the set of predictor variables

because measurements of forest structure (e.g. percent canopy cover) were found to be important
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in the determination of chimpanzee habdaitability in several previous studi@@umptre et al.
2010; Junker et al. 2012; Clee et al. 20Bpectral metrics, namely NDVI, were found to be an
important predictor imorres et al.(2010) which they argued serves as a proxy for ecosystem
productivity. For this reason lleLandsat ETM+ bandand band derivatives from tlitansen et

al. (2013)datasetvere includedecause several studies have found an association between
spectral data and forest structure mettitsimer et al. 2010; Baccini et al. 2012; Wilkes et al.

2015)

Distance to the nearest forest patch was used as a predictor variable both in the habitat
suitability models for westerfianzanigPintea & Plumptre 200@nd in(Torres et al. 20103nd
was therefore included in the set of predictor variables. In this dtuegt was defineds 40%
canopy cover with a minimum patctzsiof 0.5 ha, which is a combination of definitions used by
the United Nations Environment Programme (UNEP) and Food and Agriculture Organization
(FAO) for closed forestéSingh et al. 2001; Food and Agriculture OrganizatiothefUnited
Nations 2006)A threshold of 40% or greateras appliedo the canopy cover layers and patches
smaller than 5 Landsat pixels or approximately 0.&&iee removedThese layersvere usedo

calculate the minimum per pixel distance to the estdiorest patch for all four time periods.

Human impacts on chimpanzee habitat were found to be import&htrimptre et al.
(2010), Junker et al. (2012), and Clee et al. (20d%) used some form of gridded human
population as a predictor variable irethhabitat models. Deforestation and forest fragmentation
are the direct result of human activity and are known to adversely affect biodiyemaysek
1994). In this study, forest loss and fragmentation metriese useds proxies for human
impact on chimpanzee habit&brestedge layersvere createfor each time period by

calculating the per pixel distance from the interior of each forest patbk teetirest forest edge.
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In addition, the proportion of forest edge within a buffer of 1km and 2b&mcalculatedor
each pixelA buffer of 1kmwas choserto capture the influence of local scale fragmentation
while the 25km diameter represents the uppermi t of a chi m@adat e e 6 s hon

1986; Jones et al. 1996; Nowak 1999)

Theforest loss data frorHansen et al (2013yas usedo create four binary loss/doss
layers for 2002003, 20042007, 20082009, and 2012012 time periods. To clean the data,
pixels that were labeleals forestoss in norforest pixelsvere remove@ndthe same minimum
size to define forest patches (i.e. 0.5\Wwa¥$ usedTheselayerswere usedo calculate the per
pixel distance to the nearest forest loss patch and the proportion of loss amd K28km

diameters, respectively.

Topographianformation including elevation, slope and distance to steep stogres
usedas predictor variables because previous studies have found they factor into the prediction of
chimpanzee habitat suitability. Chismzee nests were generally found to be absent in forests
and woodlandst elevations greater than approximately 1,9(@ntea et al., 2006, Plumbtre et
al., 2010) They also found that chimpanzees may have preferred to nest on steep slopes, with a
gradeg eater than 20e. Sl ope was found to be a p
suitability inClee et al. (2015)particularly for theP.t.ellioti subspecies. Finally, the rasterized
SWBD datasetvas usedo calculate the per pixel distance toers becausdunker et al. 2012

found proximity to rivers to be a significant predictor of habitat suitability in all their models.

All predictor variables for the 20€®003 time period were resampled from 30m to 5km
to match the spatial resolution of tbaibration dataset. Values for the habitat suitability layer
and predictor layers were extracted for each of the fouspabies ranges resulting in 18,000,

71,500, 45,000, 48,000 samples Rot.ellioti, P.t.schweinfurthiiP.t.troglodtyesandP.t. veus
75



respectivelyFifty bootstrapped training and testing datase¢se generatefibr each sub

species by randomly sampling 75% of each dataset for model calibration and 25% for model
validation.An additional fifty training and testing datasetsre geneatedthat represent the

entire chimpanzee range by combining training and testing datasets from eaplecab.

Habitat suitabilitywas then predictefilom the rangevide, 5km resolution calibration map using

a suite of remotely sensed derived metricab{e4.1).

Table4.1List of predictor variables used as input to Random Forest regression models. * indicates variable was included in final
model. See section 4.3.4.1 for details on variable selection.

Variable Units Source Abbreviation
Landsat ETM+ band 3 % reflectance Hansen et al. 2013 B3
Landsat ETM+ band 4 % reflectance Hansen et al. 2013 B4
Landsat ETM+ band 5 % reflectance Hansen et al. 2013 B5*
Landsat ETM+ band 7 % reflectance Hansen et al. 2013 B7

Normalized band4/band3 Unitless Hansen et al. 2013 NormB4/B3
Normalized band4/band5 Unitless Hansen et al. 2013 NormB4/B5
Normalized band4/band7 Unitless Hansen et al. 2013 NormB4/B7*
band3/band5 Unitless Hansen et al. 2013 B3/B5*
band3/band7 Unitless Hansen et al. 2013 B3/B7
band5/band7 Unitless Hansen et al. 2013 B5/B7
Canopy cover Percent Hansen et al. 2013 (o{0y
Canopy height Meters Hansen et al. 2013 HT*
Distance tdorest Meters Hansen et al. 2013 DF
Distance to forest loss Meters Hansen et al. 2013 DL
Forest loss in 1km buffer Proportion Hansen et al. 2013 L1K
Forest loss in 25km buffer Proportion Hansen et al. 2013 L25K*
Distance to forest edge Meters Hansen et al. 2013 DE*
Forest edge in 1km buffer Proportion Hansen et al. 2013 E1K
Forest edge in 25km buffer Proportion Hansen et al. 2013 E25K*
Distance to rivers Meters SWBD DR*
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Distance to steep slopes Meters SRTM Ds*
Elevation Meters SRTM EL*

Slope Degrees SRTM SLP*

4.4 Methods

4.4.1 Habitat Suitability Estimation

Random Forests regressimas usedo estimate rangeiide chimpanzee habitat
suitability with the Sckit Learn module in the pythasoftware environmer{Pedregosa &
Varoquaux 2011)Random rests is an ensemble technique in the Classification and Regression
Trees (CART) family of machine learning meth@Bseiman et al. 1984Random Forests
works by constructing several regression trees based on bootstrapped samples of the input
dataset and each m®@s split using the best from a random subset of predictors. The final
prediction from a Random Forest is the aggregate prediction from all trees. Random Forests have
the attractive properties of being insensitive to-nomally distributed variables, ndinear
relationships, and elinear predictor variableBreiman 2001)In addition, only two primary
parameters are required for Random Forest models; the number of trees constructed in each

forest and theumber of variables to consider at each node split.

Random Forests regression modedse fitusing satellite data from 202003 to have a
close temporal match withunker et al. (2012Y.he climate, demographic and topographic
variable data used ihunker et al. (2012xre not updated regularly and could presumably be used
to predict habitat suitability over a wide temporal range. Canopy cover metrics, on the other
hand, were from AVHRR and MODIS continuous field estimates representing forest irsthe fi

few years of the 20@@ecade.
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While Junker et al. (2012)reated a separate model for eachsqudciesa general,
rangewide modelas investigated to determine icibuld reasonably predict habitat suitability
for each of the subpecies. An inial Random Forests regression model was constructed for
each bootstrapped training sample for eachspdries as well as a general, rangge model
from the pooled subpecies data. Predictions were made from each model on the test data and
Root Mean Squa Error (RMSE) wasecordedor each bootstrapped sample. A preliminary
analysis indicated that using a rangiele model to predict suitability for each of the sub
speciesb6 ranges did not result i speas((Bigulest ant i
4.3), the remainder of this chapter witlerefore focus on the development of a general, range

wide model.
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Figure 4.3 Boxplots of 5€fold crossvalidated RMSE of a general, rangéde mode(white) and four models trained on data for
each of the individual subpecies (grey).

4.42 Selection of Predictor Variables
To create the most parsimonious model possible, highly correlated vanedokes
removedn addition to variables that contribdtéttle to the predictive capability of the model.

A correlation matrixvas createfor all predictor variables to determine the coefficient of
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determination for each combination of variables. For each pair of highly correlated variables
(r>>0.9), the cofficient of determinatiorwas calculatetbetween each variable and habitat
suitability and the predictor variables with the highest coefficient of determinatieretained
Canopy height and percent canopy cawvere foundo have a correlation coeffent greater

than 0.9; however, both variablegre retainedecause of their recognizable ecological
importance to chimpanzee habitat. Next, recursive feature eliminatisnisedo remove
variables that had | ittl e er. Rdcdrsivefaatue elimmatidnh e
operates by first ranking all variables by a measure of importance. Here, vansiatdasnked

by the mean increase in RMSE when the values for a particular variable were randomly

permuted Strobl et al. 2007)The variable that resulted in the smallestrease in RMSE was

dropped and a new model was created, and new ranks were then calculated for each variable.

This processontinueduntil RMSE reached a minimufGranitto et al. 2006)The lowest

RMSE occurred when a subset of 12 variables was used to construct Randorm&detst

Mean RMSE for models created using a subset of variables (0.041 + 0.002) was slightly lower
but not significantly different than the mean RMSE (0.042 + 0.003) from models created using

the full set of variables.

4.4.3 Habitat Suitability Prediction

All samples from the calibration datasetre usedo train the final Random Forests
model of habitat suitabilitylt was found thabut of bag (i.e., the sample withheld during the
construction of trees) error stabilized when a forest was createdattnees and 7 of the
variables considered at each node split. The final Random Forest model was used to create
rangewide habitat suitability maps for the 26R@003, 20042006, 20072009 and 2012012

time periods at the 30m Landsat pixel scale.
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4.5 Results

Similar spatial patterns of habitat suitabilisere foundoetween the calibration data
(Figure4.4a) andRandom Forest modgptedictiong(Figure4.4b). Moreover, chimpanzee
habitat suitabilitywas modeledeasonably well compared to the calibvatdata, explaining 82%
(x0.2%) of the variance for the entire chimpanzee range (BaBleHowever, there was
considerable variation in the mospesiesdlse predi ct
model was able to explain 35% (x1.95%), 89% (x%0)L,866% (+0.47%), and 73% (+£0.44%) of
the variance foP.t. ellioti, P.t. schweinfurthijiP.t. troglodytesandP.t. verus respectively
(Table4.2). Compared to the calibration datiae model tended to underestimate habitat
suitability (Figure4.5a,b). In general, areas where suitability was underestimated occurred at
low elevations with sparse canopy cover, while the opposite was true for overestimated areas.
Linear error patterns could be seen within the randtotroglodtyegFigure4.5A), which
resulted from a spatial mismatch of rivers betwiesistudy andJunker et al. (20123jue to

differing river network datasets.
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