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ABSTRACT

Although vegetation fires are key in maintaining the savanna ecosystem, their uncontrolled
occurrence profoundly threatens ecosystem stability, economies, and human safety. The increased
risk of climate change requires robust spatiotemporal analysis methods to understand the impact
of fire on ecosystems. Additionally, the accurate prediction of vegetation fire and the associated
key drivers are critical in understanding fire regimes and the implementation of effective fire
management strategies. This research utilised Moderate Resolution Imaging Spectroradiometer
(MODIS) satellite data to analyse the spatiotemporal dynamics of vegetation fires. The first
objective focused on systematically reviewing literature on the effects of burning on various
ecosystem services. The reviewed articles were extracted from Elsevier’s Scopus, Web of Science
and PubMed databases and analysed based on the Preferred Reporting Items for Systematic
Reviews and Meta-analysis (PRISMA) method. The findings from the review highlighted that
there has been an increase in publications since 2010 and most studies were carried out in Asia
and the United States of America. The most common satellite data used for analysing the effects
of burning on ecosystem services was Landsat, whilst information on fire occurrence was extracted
from the MODIS satellite data. Very few studies utilised AVIRIS, PlanetScope, and ASTER
satellite data. Moreso, findings from the review revealed fire as a threat to grassland, forest, soil
and wetland ecosystems with the forest landscapes being widely studied. The atmosphere is also
affected by vegetation fires through particulate matter and carbon emissions. The second objective
focused on detecting fire intensity hotspots and cold spots in Zimbabwe by utilising spatial
statistics and MODIS-derived fire radiative power (FRP), a proxy for fire intensity. The variability
of fire intensity clusters within various topographic and vegetation conditions was also analysed.
The results indicated that most (44%) of the vegetation fires remotely sensed in Zimbabwe by the
MODIS satellite sensor were of low intensity, mostly occurring in the shrublands. On the other
hand, high intensity fires (22%) were generally distributed within Zimbabwe’s eastern and western
regions. The third objective focused on detecting long-term spatiotemporal fire patterns in
Zimbabwe using MODIS fire location data and a spatially explicit method (Emerging Hot Spot
Analysis). The study also statistically analysed how the spatiotemporal distribution of vegetation
fires is related to environmental factors. The research findings show that the occurrence of

vegetation fire varies with seasons with the highest number of fires occurring in September. New



information unveiled from the third objective indicated that fire activity tends to be high in June,
July, and November despite these months being excluded from the official fire season in
Zimbabwe, generally observed from August to October. Persistent, diminishing, oscillating, and
historical spatiotemporal fire hotspots were observed in the northern regions of Zimbabwe. The
final objective assessed the various topographic, bioclimatic, topographic, vegetation and
anthropogenic factors that influence the occurrence of fires in Zimbabwe. The fire hazard levels
were also predicted using the Maxent model based on the analysis of MODIS fire location data
combined with topographic, bioclimatic, topographic, vegetation and anthropogenic factors. The
jack-knife test evaluated the contribution of each variable towards the performance of the model,
while the AUC (receiver operating characteristic curve) was used to estimate the model's accuracy.
The research findings identified temperature annual range, precipitation seasonality, human
influence and elevation as contributing highly to the occurrence of vegetation fires across
Zimbabwe’s landscapes. The average AUC of 0.77 demonstrated good model accuracy.
Conclusively, results from this thesis reveal the utility of spatial statistics and machine learning
methods based on satellite fire data to understand spatiotemporal patterns of fire in Zimbabwe.
Specifically, the detection of spatiotemporal patterns of vegetation fires, fire intensity clusters and
their predicted hazard levels were successfully mapped. The information derived from this study
is valuable in improving fire management in Zimbabwe and other regions. The detection of
spatiotemporal patterns of fire, fire intensity and fire hazard levels result in new valuable
information important for the implementation of key fire management policies and strategies in

Savanna ecosystems.
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CHAPTER 1: GENERAL INTRODUCTION

1.1 Introduction

The African savanna ecosystems have been greatly shaped by the occurrence of vegetation fires.
While fires are key in the maintenance of such terrestrial ecosystems, they also pose a significant
natural hazard (Matz et al., 2020). Although fires are beneficial to some ecosystems, for example,
by controlling pests and diseases (Pereira et al., 2021), they can alter landscapes, increase erosion
risk and negatively affect hydrological processes (Wooster et al., 2021; Stefanos Stefanidis,
Alexandridis and Mallinis, 2022; Stefanidis et al., 2022). Changes in the fire regimes significantly
affect the landscape structure, species composition and various ecological processes (Herawati et
al., 2015; Semeraro et al., 2019). Despite the mitigation and prevention measures, vegetation fires
are still a major concern globally, threatening ecosystems and contributing to land degradation
(Armenteras et al., 2017a; Global Forest Watch, 2023; Mishra et al., 2023). Most parts of sub-
Saharan Africa, for example, is characterised by long, hot and dry seasons making them highly

prone to fire occurrence (Wei et al., 2021).

Vegetation burning transfers terrestrial carbon pools into the atmosphere hence contributing to
climate change (Eskandari, Miesel and Pourghasemi, 2020). Several atmospheric pollutants
including particulate matter (PM), carbon monoxide (CO), nitrogen oxides (NOx) and methane
(CH4) are contained in the smoke emitted from fires degrade atmospheric air quality hence

affecting public health (Matz ef al., 2020; Roberts and Wooster, 2021; Cobelo et al., 2023).

Fires are largely influenced by climatic, vegetation, topographic and anthropogenic factors (Agata
and Konrad, 2014). For example, the vegetation type and fuel load greatly determine the
occurrence of vegetation fires (Strydom and Savage, 2016). Vegetation flammability is greatly
determined by the characteristics of the vegetation. For instance, succulent vegetation generally
resists burning due to higher fuel moisture content and reduced leaf litter (Graham, Dube and
Mpakairi, 2023). Global climatic variability strongly alters the flammability and availability of
vegetation fire fuel (Herawati ef al., 2015). The projected increase in climate change risk poses an
anticipation for increased frequency of burning and fire season duration. The increased

temperatures and reduced rainfall in Zimbabwe greatly manifest climate change and promote the
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occurrence of vegetation fires. The topographic characteristics of a landscape greatly determine
the local temperature, and precipitation which controls the fuel flammability and availability
(Zhang, Lim and Sharples, 2017). Higher temperatures and precipitation levels increase the
likelihood of vegetation burning. Anthropogenic factors are also key in altering the natural fire
regimes and threatening biodiversity (Reddy et al., 2019). Effective fire management hence

requires a detailed understanding of the major factors driving fire regimes in a landscape.

The detection of vegetation fires using satellite sensors mostly utilizes the thermal and mid-
infrared bands of the electromagnetic spectrum (Bin Hao ef al., 2022). Earth observation methods
allow a repetitive and synoptic view of the spatial distribution of vegetation fire occurrence and
their impacts on various ecosystems (Semeraro et al., 2019; He, Shirowzhan and Pettit, 2022).
Remote sensing satellites provide cost-effective and timely data for local and global
spatiotemporal analysis of fire occurrence (Adab et al., 2018). While large satellite datasets may
be difficult to interpret, spatial statistics methods are critical in unveiling the spatiotemporal fire
patterns vital for fire management. For instance, maps showing the spatiotemporal fire patterns

can be used to decide on the implementation of fire management strategies.

Remotely sensed vegetation indices (VIs) are widely utilised in studies focusing on monitoring the
effect of fires on vegetation characteristics. For instance, the Normalized Difference Vegetation
Index (NDVI) and Normalised Burn Ratio (NBR) derived from satellite data are widely applied to
assess pre-fire and post-fire vegetation conditions. Due to the algebraic combination of satellite
spectral bands in the formulation of vegetation indices, they greatly detect changes in vegetation
associated with fires. The NBR specifically measures the impact of burning on vegetation due to
its utilization of the near-infrared and short-wave infrared spectral bands which are highly sensitive

to fire damage (Hartung ef al., 2021a).

Limited studies have focused on assessing fire as a threat to ecosystem services utilizing remote
sensing methods. The published reviews have mainly focused on methods in fire risk analysis
(Molaudzi and Adelabu, 2019; Szpakowski and Jensen, 2019; Vigna et al., 2021) and detection
and monitoring of fires (Kurbanov et al., 2022; Graham, Dube and Mpakairi, 2023). Although

previous studies have focused on analysing literature on post-fire impacts and regeneration
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(Chuvieco, 2019; Stavi, 2019; Montorio et al., 2020), to the best of our knowledge, no review
study has assessed the utilization of earth observation in evaluating the effect of vegetation fires
on ecosystem services. The first objective of this thesis focused on a systematic review of
published research articles dealing with the assessment of how vegetation fires threaten

ecosystems using remote sensing methods.

One of the key fire regime descriptors is the level of energy produced during burning, the fire
intensity (Keeley, 2009). The amount of vegetation biomass consumed during burning greatly
determines the level of fire intensity. Previous studies analysed the fire intensity clusters and how
they vary based on administrative boundaries. The few studies done in Zimbabwe have not
analysed the fire intensity hotspots and national-scale fire studies have been limited. The second
objective of this thesis focused on analysing the spatial variation in fire intensity across
Zimbabwe’s agroecological zones through incorporating topographic and climatic effects which
was lacking in previous studies. Analysing fire intensity across landscapes is critical for
developing effective management strategies as fire intensity is an important proxy for estimating
extend of damage in affected areas (Said, Zahran and Shams, 2017). The fire intensity hot spot
maps can be utilised for optimal allocation of resources towards fire management (Cizungu et al.,
2021). The findings for the second objective contributed to new information regarding the

identification of the spatial distribution of fire intensity clusters in Zimbabwe.

The spatiotemporal analysis of vegetation fires utilises various hotspot analysis methods.
Specifically, the Kernel Density and Moran’s I have been widely used in various fire studies (Getis
and Ord, 1992; Anselin, 1995; Vadrevu et al., 2012; Said, Zahran and Shams, 2017). Applying
local indicators of spatial autocorrelation (LISA) method in fire studies assesses where the fires
are randomly spread or clustered within the landscape. For instance, the Getis-Ord (G;*) statistic
detects spatially dependent local pockets which are usually difficult to identify using global spatial
autocorrelation methods (Getis and Ord, 1992). While hotspot analysis has been applied to study
the occurrence of epidemics (Wubuli et al., 2015), crime occurrence (Chainey, Tompson and
Uhlig, 2008), and vegetation fragmentation (Kowe et al., 2019, 2020), a few studies (Mpakairi et
al., 2018; Cizungu et al., 2021; Shekede, Gwitira and Mamvura, 2021) have utilized spatial

autocorrelation methods in fire studies. Outside Zimbabwe, studies that have utilised satellite-
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derived fire data and hotspot analysis methods to assess the spatial autocorrelation of fire intensity
are scanty (Keeley, 2009; Vadrevu et al., 2012). In India, fire intensity was analysed using the k-
means spatial clustering method (Vadrevu et al., 2012) while in northern Australia, Keeley (2009)

assessed the fire intensity hotspots in a savanna landscape using MODIS fire data.

Effective fire management requires accurate and current information for the monitoring of
spatiotemporal fire patterns especially in fire-prone regions such as the savanna ecosystems
(Argibay, Sparacino and Espindola, 2020). The strength of this study also lies in the utilisation of
spatial statistics and machine learning methods in analysing spatiotemporal variability of
vegetation fires based on remotely sensed data. The study also assessed the drivers of vegetation
fire occurrence and predicted the spatial variability of fire risk levels in Zimbabwe. This research
used a nationwide approach to analysing spatiotemporal fire dynamics and identifying factors
driving the fire occurrence. The research findings offer a wall-to-wall understanding of

spatiotemporal fire dynamics in the various landscapes in Zimbabwe.

Although not explicitly mentioned, sustainable fire management is critical for the attainment of
some of the United Nations Sustainable Development Goals (SDGs). The achievement of
environmental protection, for example, requires planning for the effects of fire on various
ecosystem services (Martin, 2018). Moreso, due to their contribution towards GHG emissions
affecting global air quality, fires contribute towards climate change. The emission reduction
strategies, for example, contribute to the achievement of the climate action group (Goal 13)
(Haines et al., 2017). The inclusion of a fire perspective in the SDG activities will greatly

contribute to the goals’ achievement (Martin, 2018).

1.3 Study Aims
The research aimed to analyse the spatial and temporal distribution of vegetation fires using

satellite data.

1.4 Study Objectives
The specific objectives of the study were to:



* Review the utility of remote sensing methods in assessing the impacts of vegetation fires on
ecosystem services;

» Explore the spatiotemporal patterns of vegetation fire occurrence in Zimbabwe;

» Determine the spatial distribution of vegetation fire intensity clusters in Zimbabwe;

* Develop a fire risk model for Zimbabwe using drivers of vegetation fire occurrence based on

multisource spatial data and MaxEnt modelling.

1.5 Study area description

The thesis was based on a study done in Zimbabwe, a Southern African country which lies between
25°00" - 33°10” E and 15°30" - 22°30" S (Figure 1.1). Zimbabwe’s elevation ranges from below
300 m to above 2500m above sea level, with lower areas distributed in the Southern regions and
higher levels in the Eastern regions (Moyo et al., 2019). Three distinct seasons characterise
Zimbabwe’s climatic conditions, the dry and cool (May-August), the hot and wet (November-
April) and the hot and dry (August-November) seasons. The fire season in Zimbabwe generally
coincides with the dry season (Moyo et al., 2019). Minimum temperatures in Zimbabwe are
usually observed in winter (June to July), while the highest annual temperatures are usually
recorded in October. The mean annual rainfall varies from lower than 400 mm in the southern and
western districts to over 1500 mm in the Zimbabwean eastern regions (Manatsa et al., 2020;
Shekede, Gwitira and Mamvura, 2021). Zimbabwe covers seven agroecological zones, with
decreasing mean annual rainfall from zone 1 (above 1250 mm) to Vb (below 400 mm).
Additionally, elevation decreases from Zimbabwe’s agroecological zones I to Vb (Manatsa ef al.,
2020). The savannah woodlands cover almost 95% of the forest cover in Zimbabwe, characterised
by grasses and trees co-existing and avail fuel for forest fire occurrence (Nyamadzawo et al.,

2013).
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1.6 Outline of thesis structure

This thesis covers six chapters, from the Introduction to the Synthesis. Chapter 1 gives a general
introduction to the thesis and highlights the research objectives. Chapters 2 to 5 are characterised
by research papers that address the study objectives outlined in section 1.4. Each paper includes

the literature review, methodology, and results.

Chapter 2 focuses on a review of literature on the effects of vegetation fires on various
ecosystem services. The effects of burning on various ecosystem services were identified using
the PRISMA method for a systematic literature review. The literature review chapter provides
evidence that fires significantly impact various ecosystem services. It hence justifies the
importance of spatiotemporal analysis of vegetation fires which assist fire managers in fire

management decision making.

Chapter 3 focuses on the spatial distribution of fire intensity in Zimbabwe. The analysis was based
on MODIS satellite-derived fire occurrence data. The spatial autocorrelation approach was utilized
to detect the spatial variability in fire intensity clusters. The spatial distribution of vegetation fire

intensity cold and hotspots in Zimbabwe was therefore mapped.

Chapter 4 assessed the spatiotemporal patterns of fire occurrence over 21 years based on spatial
pattern analysis. The historical MODIS satellite-derived fire data was utilised in the analysis which
incorporated both the spatial and temporal dimensions of the long-term distribution of vegetation

fires in Zimbabwe.



Chapter 5 explores the drivers of vegetation fire occurrence in Zimbabwe and predicts the level
of fire risk across the landscape. The historical MODIS fire data was utilised to model the fire risk
levels in Zimbabwe as determined by the topographical, climatic, vegetation and anthropogenic
factors. The Maxent model, a machine learning approach, was utilised in the analysis to map the
fire hazard zones and the main drivers governing the spatial occurrence of vegetation fires in

Zimbabwe.

Chapter 6 synthesises all the research findings from the four research objectives. The chapter
also provides conclusions and recommendations for future studies based on the study findings.

The limitations of the study are also highlighted.



CHAPTER 2: LITERATURE REVIEW: A SYSTEMATIC REVIEW OF THE
APPLICATION OF REMOTE SENSING IN ASSESSING THE IMPACT OF
VEGETATION FIRES ON ECOSYSTEM SERVICES

This chapter is based on:

Mupfiga, U.N and Mutanga, O., 2024. (Under Review) A systematic review of the application of
remote sensing in assessing the impact of fire on ecosystem services. (Manuscript submitted
as a book chapter to: Revealing Ecosystem Services through Remote Sensing: Beyond the
Surface)

Abstract
This paper focused on a systematic literature review of the current state of the utilization of remote

sensing methods in assessing fire's impact on ecosystem services. Specific search strategies were
used to search for the literature in Web of Science, Elsevier’s Scopus and PubMed databases. The
inclusion and exclusion of studies were done based on the Preferred Reporting Items for
Systematic Reviews and Meta-analysis (PRISMA) protocol resulting in 25 papers being analyzed.
The analysis of the retrieved research papers revealed a gradual increase in the publication of
papers on the utilization of remote sensing in assessing the impact of fire on ecosystem services
with most studies occurring in the United States of America. Landsat satellite data was mostly
used to analyze the effects of vegetation fires on ecosystem services while MODIS was mostly
used to detect fire occurrence in the landscape. The least utilized satellite data included
PlanetScope, AVIRIS, and ASTER. The review revealed that vegetation fires affect forest,
grassland, wetland, and soil ecosystems. Additionally, fires disturb the atmosphere through carbon
and particulate matter emissions. The forest ecosystems were the most widely studied ecosystem.
The study underscores the significance of remote sensing methods in assessing the effects of fires

on ecosystem services. The limitations and research gaps within the field were also identified.

Keywords: fire; vegetation; ecosystem services; ecosystems; remote sensing



2.1 Introduction
Vegetation fires are intrinsic to the Mediterranean and Savanna ecosystems, contributing to the

shaping of various ecological processes, determining species composition and ultimately
influencing the landscape structure (Kugbe et al., 2012; Herawati et al., 2015; Semeraro et al.,
2019). Uncontrolled fires can, however, disturb ecosystems leading to biodiversity loss, vegetation
cover loss, encouraging bush encroachment, and alien species invasion (Molaudzi and Adelabu,
2019; Semeraro et al., 2019; Mupfiga, Mutanga and Dube, 2024). Additionally, vegetation fires
are a significant natural disturbance threatening human life, economics, and public health (Chen

et al., 2023; Bin Hao et al., 2022).

Climate variability has been increasingly contributing to the occurrence of fires by altering the
vegetation flammability and fuel availability (Wasserman and Mueller, 2023). Recently, various
ecosystems have been affected by the increased frequency and intensity of vegetation fires with
likely environmental, economic, and health negative impacts (Souto-Oliveira et al., 2023).
Ecosystem services refer to ecosystem-derived social and economic benefits enabled by productive
and healthy ecosystems (Marambanyika et al., 2021). They can be classified as provisioning,
regulating, cultural supporting and ecosystem services (Millennium Ecosystem Assessment, 2005;
Paula et al., 2023). Global climate change projections predict an increase in fire events by up to
50% in fire-prone regions (Bowman et al., 2017). The increased risk of climate change across
biomes has greatly exacerbated the frequency of wildfires, extent, and severity, threatening various
ecosystem services (Qiu et al., 2023). Although wildfires can be beneficial, for example in pest
and disease control, they generally have detrimental effects on ecosystem services (Pereira et al.,

2021).

Remote sensing methods allow large-scale observation of forest fires at low cost (Graham, Dube
and Mpakairi, 2023). Specifically, the brightness temperature of thermal infrared and mid-infrared
radiation bands are useful in detecting vegetation fires (Bin Hao et al., 2022). Futhermore, earth
observation methods provide a way of repetitively measuring the effects of fires on ecosystems at
global, regional, and local scales in a synoptic view (He et al., 2021; Semeraro et al., 2019).
Satellite-derived vegetation indices have been widely used to monitor vegetation status before and
after fire occurrence. They are generally derived from the algebraic combination of different
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spectral band values. Although the use of individual spectral bands gives a simple method to
analyze vegetation status, it is difficult to detect the heterogeneous nature of vegetation. The
vegetation indices utilize the vegetation spectral properties such as the chlorophyll’s strong red-
light absorption capability and the ability to highly reflect the near-infrared spectra by the
mesophyll layer of the leaf. The Normalized Difference Vegetation Index (NDVI), for example, is
widely utilized in the assessment of vegetation conditions before, during, and after the fire. On the
other hand, the Normalized Burn Ratio (NBR), which utilizes the near-infrared (NIR) and the
short-wave infrared (SWIR) bands, strongly responds to fire but in the opposite direction of the
NDVI. The NIR and SW spectral bands have a strong response to vegetation burning hence the
NBR index is more useful for assessing the effect of fire on vegetation because it is highly sensitive
to fire damage and vegetation regeneration and hence greatly used for assessing the severity of

burning (Hartung et al., 2021a).

Several studies have reviewed the utilization of remote sensing methods in mapping wildfire risk
in various landscapes (Molaudzi and Adelabu, 2019; Szpakowski and Jensen, 2019; Vigna et al.,
2021). Also, some reviews focused on utilizing remote sensing methods in detecting and
monitoring vegetation fires (Kurbanov et al., 2022; Graham, Dube and Mpakairi, 2023). Although
a few reviews have focused on the utilization of remote sensing in assessing post-fire effects and
forest recovery patterns in forest and grassland landscapes (Chu and Guo, 2014; Chuvieco, 2019;
Stavi, 2019; Pérez-Cabello, Montorio and Alves, 2021), limited studies have explored the use of
earth observation in assessing the effect of fire on ecosystem services. This study specifically
focuses on a comprehensive evaluation of published literature on the use of remote sensing in
assessing the effect of vegetation fires on ecosystem services. The current review is based on a

broad approach where all ecosystems that are possibly affected by burning were considered.

2.2 Methods

2.2.1 Literature search, inclusion, and exclusion strategy
The systematic review study was based on a thorough examination of research publications. An

extensive search for peer-reviewed journal articles was done using the Web of Science, Scopus
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and PubMed databases. The search terms which were used included: "fire" AND "remote sensing"
AND "ecosystem services", “fire” AND "remote sensing" AND "ecosystems" AND " threat”. To
capture all the relevant studies, the time when the research was done was not restricted. The
retrieved research articles were aggregated into a final count of research articles for each database.
A total 0f232, 19 and 100 references were collected from the Scopus, PubMed and Web of Science

databases respectively.

The inclusion and exclusion analysis of the research studies was guided by the Preferred Reporting
Items for Systematic Reviews and Meta-analysis (PRISMA) statement (Page ef al., 2021) due to
its comprehensiveness and its ability to follow the scientific method. Figure 2.1 shows the process
of the research article selection based on the PRISMA approach. The articles used in this
systematic literature review included all types of peer-reviewed published research papers,
including research articles, conference papers, book chapters, and review papers. The subject areas
covered by the search criteria included agriculture and biological science, environmental science,
computer science, earth and planetary science, and multidisciplinary. The review excluded papers
that were duplicated, unavailable as full texts, not written in English, not GIS or remote sensing-
based, and focusing on non-vegetation fires. Firstly, all 107 duplicated research papers
were removed. The screening of titles and abstracts of the remaining papers was done to exclude
133 irrelevant research articles. From the remaining research articles, 47 articles could not be
retrieved as full portable document files (pdf). A total of 25 research articles were finally

considered for data extraction.
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Figure 2.1: Schematic diagram of the papers selected based on the Preferred Reporting Items for
Systematic Reviews and Meta-Analysis (PRISMA) framework. (4dapted from Page et., al 2021)
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2.2.2 Data extraction and analysis
The papers identified using the search criteria in the databases were exported as Microsoft Excel

CSV files for quantitative and qualitative analysis. The references were exported to Zotero (version
6.0.36) reference management system. The VOSviewer software was utilized in the bibliometric
analysis of the research articles to visualize the networks of occurrences and co-occurrences of the
keywords identified in the research articles (Waltman, van Eck and Noyons, 2010; Perianes-
Rodriguez, Waltman and van Eck, 2016). This allowed for the identification of interconnections
of the keywords within a topic from the published research articles (Han et al., 2020). The
VOSviewer platform was used to create a map through a process of choosing the counting method,
calculating the similarity index, calculating and displaying the most relevant items, and displaying
a map created based on the extracted research articles. The input data for the bibliometric analysis
in VOSviewer included keywords, abstracts, and titles of the extracted research articles. The output

visualization was based on the co-occurrence of the key terms from the retrieved research articles.

The Microsoft Excel CSV file exported from the databases contained bibliographic data including
the name of the author/s, year of publication, the title of the research paper, the name of the journal,
the digital object identifier (DOI), the keywords, and the uniform resource locator (URL).
Additionally, information on the location of the research, in terms of the country and continent
was also collected. The quantitative analysis involved the determination of the frequency of
research articles published over the study period and the continent where the study was done. The
analysis also involved the classification of the studies extracted. The earth observation sensors and
remote sensing methods utilized in the assessment of the impacts of vegetation fires on ecosystem

services were also documented.

The structure of the review included two sections. The first one explores progress in the use of
remotely sensed data in assessing the effects of vegetation fires on ecosystem services. The
characteristics of the literature search, the temporal trend of the research studies, the satellite data,

and the methods applied in the field were detailed in the first section of the review. The second
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section of the review utilized the findings from the first section to identify research gaps in the

application of remote sensing in assessing the impact of vegetation fires on ecosystem services.

2.3. Results

2.3.1 Literature search characteristics
The analysis of literature in the VOSviewer software resulted in a network map shown in Figure

2.2 which grouped the retrieved literature into three clusters of key terms. The keywords within
the red cluster included ‘forest fires, ‘burn severity’, ‘remote sensing’, ‘vegetation recovery’ and
‘ecosystem services’. This cluster shows the link between remote sensing data and forest fires and
the utilization of remote sensing methods in assessing burn severity and vegetation recovery as
post-fire impacts on ecosystem services. The repetition of the term ‘forest fire’ in the red cluster
is evidence that the impact of fires on forest ecosystem services was highly studied in the reviewed
studies. The green cluster is characterized by key terms such as ‘wildfire’, ‘biomass burning’, ‘air
quality’, ‘particulate matter’, ‘air pollution’, ‘atmospheric pollution’, ‘ecosystem services’, and
‘forestry’. The interconnections between these keywords show that biomass burning is greatly
associated with particulate matter emission resulting in air pollution which eventually affects
ecosystem services such as air quality and biodiversity. The inclusion of the term ‘forestry’ in the
green cluster clearly shows that most studies under review focused on the forest ecosystems. The
blue cluster generally includes key terms such as ‘forest’, ‘fire’, ‘ecosystem’, ‘biodiversity’,

‘satellite imagery’, and ‘conservation’. The occurrence of these terms in the blue cluster implies
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that, from the retrieved studies, the effect of fires on ecosystem biodiversity can be analyzed using

satellite imagery and has conservation implications.
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Figure 2.2. Major concepts extracted from article titles, abstracts, and keywords

2.3.2 Spatial and temporal distribution of publications
There has been a gradual increase in the number of publications focusing on assessing the impact

of vegetation fires on ecosystem services (Figure 2.3) with recent years such as 2023 recording the
highest number (12) of publications in the field. Notably, the first research study was published in
2010 and there was no noticeable increase in studies before 2015. Between 2015 and 2020 there
was no consistent pattern in the trend of publications focusing on the impacts of fires on ecosystem

services.
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Figure 2.3. Temporal distribution of publications using remote sensing technologies to assess the

impact of vegetation fires

Results from the review show that studies were done across the world with most of the studies
generally coming from the United States of America (Figures 2.4a and 2.4b). It was observed that
one study was recorded in Africa (Ghana) and only three studies were done in South America
(Chile, Brazil and Bolivia), while the review recorded no study from Australia. In Asia, the studies
included in the analysis were done in China, India, Israel and Indonesia. In Europe, case studies
focusing on the impacts of fire on ecosystem services were done in Italy and Greece. Generally,
the included case studies came from 12 countries. The nature of ecosystem services affected by

fires in the case studies is highlighted in Figure 2.4c and Table 2.1.
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Figure 2.4a. Spatial distribution of studies on the application of remote sensing in the assessment

of the impact of vegetation fires on ecosystem services.

Figure 2.4b. Spatial distribution of studies on the application of remote sensing in the assessment

of the impact of vegetation fires on ecosystem service

18



= Regulating = Provisioning = Supporting

Figure 2.4c. Nature of the ecosystem services affected by vegetation fires as highlighted in the

case studies

2.3.3 Satellite sensors utilized to assess the impact of vegetation fires on ecosystem services
Some (38%) of the studies utilized Landsat satellite data to analyze vegetation fires' impact on

ecosystem services as shown in Figure 2.5. The Moderate Resolution Imaging Spectroradiometer
(MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) were used in the case studies,
mainly as sources of data on the spatiotemporal occurrence of vegetation fires. In some studies,
Landsat was used in combination with other datasets such as Sentinel (Tselka et al., 2021; He,
Shirowzhan and Pettit, 2022; Srivastava et al., 2023) and MODIS (Barrera et al., 2018; Hartung
et al., 2021a). PlanetScope, AVIRIS (Airborne Visible InfraRed Imaging Spectrometer), and
ASTER satellite data were the least utilized by the published studies. Interestingly, only two
studies utilized LIDAR data in their analysis (Souto-Oliveira et al., 2023).
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Figure 2.5: Earth observation sensors utilized in the studies on the assessment of the impact of

vegetation fires on ecosystem services

2.3.4 Impacts of fire occurrence on ecosystem services
The review of the literature revealed that vegetation fires affect various ecosystem services from

forests, grasslands, soil, and atmosphere. The analysis of the reviewed studies illustrated that
vegetation fires greatly affect various ecosystem services as shown in Table 2.1. Most of the
studies assessed the impacts of burning on forest ecosystem services. Vegetation indices such as
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Normalized
Difference Water Index (NDWI) and Normalized Burn Ratio (NBR) were widely utilized in the

case studies. The Landsat data was mostly utilized to analyze vegetation status.

20



Table 2.1. Summary of studies assessing the impact of vegetation fires on ecosystem services

Ecosystem services Impact of fire

References

Soil erosion regulation Increase in soil loss after a fire event

Sediment retention Increased water body sedimentation due to post-fire soil erosion

Air quality regulation Fire contributed about 1-2.7% of global C emission.
Contribution of fires to GHG emission.
Fire identified as the major contributor to PM> 5

Increased PM10 and PM2.5 associated with burning.

Primary productivity = Burning induced the regeneration of plants producing better ones

Reduced biomass and gross primary productivity

Biodiversity Burning transformed tall grassland ecosystems into shrubs
Assessment of the impact of fires on seasonally dry tropical forests.
Woody plants respond to fire by resprouting more than by seedling
regeneration

Transformation of forests to shrublands and grasslands
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(S. Stefanidis, Alexandridis
and Mallinis, 2022)
(Sankey et al., 2017; Tselka
etal., 2021)

Sankey et al., 2017

(Kugbe et al., 2012)
(Souto-Oliveira et al.,
2023)

(Barrera et al., 2018; Chen
etal.,2023)

(Semeraro et al., 2019)
(Pandit,  Dashti, A.T.
Hudak, ef al., 2021)
(Ratajczak et al., 2016)



Ecosystem services

Impact of fire

References

Forest disturbance

Identification of forest degradation hotspots due to fires

Strong correlation between forest loss and burned area

Creation of conservation priority zones based on forest loss
characteristics

Reduction in plant cover and low post-fire recovery

Burning has an impact on carbon sequestration

Assessment of forest susceptibility and rate of recovery to fires.
Transformation of forests to shrublands and grasslands

Fire resilience increases with an increase in fire frequency
Relationship between burn severity with carbon emission and
vegetation loss, postfire vegetation and carbon recovery. Higher
severity 1s linked to higher emissions and higher vegetation loss
Effect of fire on decreasing forest surface biomass and surface-to-
atmosphere water transfer and increased surface warming

Effect of fire on reduction of water use efficiency and growth of pine
trees

Assessment of vegetation regeneration after a major fire

Impact of fire severity and climatic factors on post-fire vegetation
regeneration. Areas which were most severely burnt had the fastest

recovery within 7-10 years
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(Reddy et al., 2016)
(Srivastava et al., 2023)

(Sutomo and van Etten,

2023)

(He et al., 2021)

(Reddy et al, 2016;
Percival et al., 2024)
(Mancilla-Ruiz et al., 2021)

(Hartung et al., 2021b)

(Michael et al., 2018; Ivo et
al., 2020; Niccoli et al.,
2023; Qiu et al., 2023)

(Stephens, Collins and
Rogan, 2020; Bin Hao et
al., 2022)



Ecosystem services Impact of fire References

Pest and Disease Fires increase pests and disease control (Pereira et al, 2021)
control Burning reduced tree disease spread and mortality. (Semeraro et al., 2019)
Natural hazards Detected increased post-fire flooding (Alamanos et al., 2024)
regulation
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The analysis of selected research papers revealed that the effects of vegetation fires greatly vary
among ecosystems. MODIS satellite-derived burned area data, for example, was utilized to
assess the impact of fire frequency on forest resilience over a 20-year period (Hartung et al.,
2021). Landsat-derived pre-fire and post-fire Normalized Burn Ratio (NBR) were used as a
proxy for vegetation conditions within the burned area. Research findings show that resilience
to burning increases with increasing frequency of burning. Burning was also associated with
the transformation of forests into shrublands and grasslands thereby affecting the provisioning

ecosystem services offered by forests.

Research also revealed that higher burn severity is greatly associated with higher carbon
emission and vegetation loss as observed in a study done in California (Qiu ef al., 2023). In the
study, MODIS-derived pre-fire and post-fire Enhanced Vegetation Index (EVI) was used to
assess the vegetation conditions. Similarly, findings from the review highlight that vegetation
burning increases the atmospheric concentration of particulate matter especially PMjo and
PMa> 5, and can have far-reaching air pollution effects on areas as far as more than 100km away
from the burned location (Barrera ef al., 2018). Based on the utilization of Landsat-derived
NBR, shrubs and forest ecosystems were mostly affected by the fires. Moreso, studies done in
Alaska and Brazilian forests indicated the association between fires and increased PM3s
concentration in the atmosphere (Chen et al., 2023; Souto-Oliveira et al., 2023) and also
contribute to GHG emissions. MODIS satellite fire data has been widely used in these studies.
Therefore, clean air as a provisioning ecosystem service is negatively affected by vegetation

fires.

According to the reviewed literature, fire occurrence reduces the primary productivity of
vegetation across the fire-affected landscape. A 15-year time series analysis of MODIS-derived
Enhanced Vegetation Index (EVI) and Normalized Difference Water Index (NDWI) revealed
fire as a significant threat to a Mediterranean wetland primary productivity in southern Italy
(Semeraro et al., 2019). The utilized vegetation indices were applied as proxy measurements of
the wetland photosynthetic activity and primary productivity. The resulting trend analysis
revealed a drop in both the vegetation indices during the fire event while an increasing trend

after the fire signified vegetation regeneration. This study also concluded that the fire-induced
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the regeneration of Phragmites and replaced the old individuals with new structurally and
functionally better ones. Additionally, a study on the effect of fire on black pine using an
integration of Landsat-derived NBR and NDVT and forest surveys in Italy revealed a decline in
post-fire pine growth and alteration in the water use efficiency of the burned trees (Niccoli et

al., 2023).

Burning has been greatly associated with decreasing forest surface biomass (Ivo et al., 2020).
The utilization of Landsat-derived NDVI in the mentioned study has shown that the burning of
forests decreases the surface-to-atmosphere water transfer and also tends to increase surface
warming. Some of the effects of burning also include increased risk of landslides and flooding

in areas outside the burned area as observed in the study by Barrera et al., 2018 in Chile.

Literature has revealed that the severity of burning greatly determines the rate at which post-
fire vegetation recovery occurs. Findings from a research study show that areas that were most
severely burnt had the fastest recovery (Hao et al., 2022). Vegetation spectral indices have been
utilized to measure the severity of burning in various ecosystems. Research done by Hao et al.,
2022, for example, utilized MODIS-derived Normalized Difference Vegetation Index (NDVI),
Normalized Burn Ratio (NBR), Enhanced Vegetation Index (EVI), and Normalized Difference
Moisture Index (NDMI) to detect the severe, moderate, and low severity of burning. High
spatial resolution satellite data such as PlanetScope and Sentinel have been utilized in the
assessment of urban forest burn severity (using NDVI, gNDVI, GCC) and the spatial
distribution of economic loss associated with the burn severity (Michael et al., 2018).
Elsewhere, a study done in Greece utilized the Normalized Burn Ratio (NBR) index derived
from Sentinel 2 satellite data to detect the vegetation conditions before and after the fire. Based
on the study results, burning has been associated with an increased likelihood of post-fire

flooding, affecting the regulating ecosystem services (Alamanos et al., 2024).

The assessment of vegetation regeneration after a major fire under different land management
systems was also done (Stephens, Collins and Rogan, 2020). The Landsat 5 TM and Landsat 7

ETM+ satellite data were utilized to assess forest regeneration, a regulating ecosystem service.



The results from the study revealed a higher transformation of forest to shrublands within
publicly owned land than in privately owned land. In contrast, greater regeneration of the forest
ecosystem was higher in the privately owned forests than in publicly owned ones. The review
has also shown that burning has the potential to transform grassland ecosystems (Ratajczak et
al., 2016) into shrubs. Utilizing the MODIS burned area maps research findings have shown

the impact of burning on grassland ecosystem services.

The review has revealed remotely sensed vegetation indices as key in monitoring changes in
wetland primary productivity pre- and post-fire. A study by Semeraro et al., 2019 showed that
fire can improve the primary productivity of a wetland ecosystem and regeneration produces
better plant individuals. The findings from this study have also shown the association between

fire occurrence and vegetation disease control.

While vegetation fires affect the available vegetation, soil-regulating ecosystem services are
also greatly affected, where burning can be associated with soil loss. For example, a study that
coupled Landsat satellite data analysis in a Google Earth Engine platform with the RUSLE
model to monitor soil erosion revealed an increase in soil loss after a major fire event in Greece
(Stefanidis et al., 2022). Similarly, the RUSLE model was also utilized in the assessment of
soil loss post-fire in a study by Tselka et al., 2021. Soil loss increased by 30% during the first
year after a major fire and doubled in Syears (Tselka et al., 2021). Landsat satellite data was
utilized for deriving NBR and dNBR to assess the impact of the fire. Sentinel and Landsat
satellite data were used to measure the vegetation cover management Factor (C) in the RUSLE

model.

2.4 Discussion, limitations and research gaps
The gradual increase in publications is associated with the availability of open-source satellite

data such as MODIS and Landsat. Moreso, the increase in expert knowledge enhances the
utilization of earth observation data in assessing the impact of vegetation fires on ecosystem

services. The common utilization of Landsat data may be attributed to its free availability and



high applicability in vegetation assessment in ecosystems generally affected by fires (Graham,

Dube and Mpakairi, 2023).

Most of the reviewed studies focused on the impacts of fire on forest ecosystems which
highlights their key importance (Sudhakar Reddy et al., 2015; Michael et al., 2018; He et al.,
2021; Niccoli et al., 2023; Srivastava et al., 2023; Sutomo and van Etten, 2023; Percival et al.,
2024). Forests offer important ecosystem services to many livelihoods including indirect and
direct ecosystem contributions to human and animal well-being including regulating,
supporting, provisioning, supporting, and cultural services (Buthelezi et al., 202 4). They are
key carbon sinks, mitigating negative impacts of climate change. Forests influence temperature
and precipitation hence act as global and local climate regulators. The uncontrolled occurrence
of fires therefore negatively affects these regulating, supporting, provisioning, supporting, and

cultural services.

The review has shown that the ecosystem's primary productivity can be affected by the
occurrence of fires. The primary productivity of wetland, forest and grassland ecosystems, for
example, tends to drive the regulation and provisioning of ecosystem services. While several
studies have shown fire occurrence as a threat to forest and grassland ecosystems, a study by
Semeraro et al., 2019 revealed that fire induces the regeneration of the wetland ecosystem and
replaces old plants with better ones. Contrary to other studies, the wetland primary productivity
was higher after the fire than before the disturbance by fire occurrence. The occurrence of fire
has a major effect on the primary productivity of such ecosystems and therefore disturbs the
flow of the ecosystem services (Semeraro et al., 2019). A study by Semeraro et al., 2019
revealed the utilization of remote sensing methods in monitoring the pre- and post-fire primary

productivity of a wetland ecosystem.

The literature review has also shown that vegetation indices are widely used in the assessment
of the impacts of fires on ecosystem services. Vegetation indices have been widely utilized as
indicators of pre- and post-fire vegetation conditions (Graham, Dube and Mpakairi, 2023).

While NDVI is widely utilized in fire monitoring, its value increases when regeneration occurs



soon after the fire but quickly saturates due to its high sensitivity to leaf-related changes. The
Normalized Burn Ratio (NBR), on the other hand, gradually increases with post-fire vegetation

regeneration and thus becomes more suitable for this application (Hartung et al., 2021a).

Information about the resilience forests to burning is critical for proper management. For some
forest types, resilience increases with a higher frequency of fire occurrence. For example, a
study carried out in the Chiquitania dry forest showed a decreasing resilience initially then
increased after the third fire (Hartung ef al., 2021a). This is associated with the ecological
transition from the usual vegetation type to increased abundance in fire-resilient species with
the recurrence of burning. Recurrence of fires in such ecosystems tends to increase fire-tolerant
plant species (Hartung et al., 2021a). Such information on the impacts of fire on specific

ecosystems is essential for conservation managers.

Research findings also show that the occurrence of fires induces increased soil loss. This agrees
with observations by Pereira et al., 2021 who highlighted that when the available vegetation is
burned, soil protection is reduced. This may lead to the transportation of the produced ash,
sediments and soil nutrients into nearby water bodies. Furthermore, reduced soil protection after
burning increases the risk of flash floods and landslides (Brogan, Nelson and MacDonald, 2017;
Wall, Roering and Rengers, 2020). The combination of soil organic carbon consumption and
vegetation removal during burning greatly reduces the soil and water regulatory services by the

ecosystem.

The review has also shown that vegetation fires greatly impact the ecosystem regulatory
services. The occurrence of vegetation fires globally greatly affects the carbon cycle through
carbon and particulate matter emissions (Qiu et al., 2023). Specifically, burning emits carbon
in the form of carbon dioxide and greatly influences atmospheric greenhouse gas concentration.
The removal of vegetation during burning decreases the vegetation’s carbon sequestration
capacity. On the other hand, the occurrence of fires negatively affects local and global climate
regulation as the soil becomes a source of greenhouse gases (Ribeiro-Kumara et al., 2020). The

occurrence of fires has been associated with increased atmospheric pollutant emissions as



emphasized by Pereira et al., 2021. Furthermore, the contribution of fires to atmospheric
pollution and its damaging impacts on ecosystems, highlighted by the research findings is in
line with the literature (Nowell et al., 2018; Matz et al., 2020). The atmospheric pollutants
associated with fire extinguishing during fire suppression may contain hazardous pollutants
which can be persistent in the environment. The post-fire transportation of such materials into

water bodies may decrease water quality (Emmerton ef al., 2020; Pereira et al., 2021).

The findings from this review have also shown the association between fire occurrence and
vegetation disease control (Semeraro et al., 2019). This is not surprising because several studies
have also observed that the occurrence and transmission of diseases are greatly reduced after a
fire event (Gleim et al., 2019; Simler-Williamson et al., 2021). Fires are widely known to

control the occurrence of pests and reduce forest diseases.

The findings from this review are key to understanding how vegetation fires threaten various
ecosystem services. This information is important for ecosystem and fire managers to make
decisions regarding the protection of ecosystems. The research findings also highlight the
importance of remote sensing methods in the long-term monitoring of the effects of burning on
ecosystem services. The utilization of remote sensing methods to assess the impacts of fire on
ecosystem services is greatly determined by the availability of satellite data. For example, Chu
and Guo (2014) assessed the application of remote sensing techniques in modelling post-fire
effects and forest recovery patterns in forest regions. The study findings revealed that remote
sensing post-fire effects and forest recovery are mainly affected by gaps in data and the

complications of fire regimes, and climatic conditions.

While this review study generally focused on all ecosystems, future review studies should focus
on specific ecosystems to deepen the understanding of how fire affects the particular ecosystem.
On the other hand, although ecosystem transitions have been associated with fire occurrence,
the influence of changing climatic conditions has not been analyzed. Further studies should
therefore look at the impact of a combination of fire occurrence and varying climatic conditions

on ecosystem characteristics.



The research findings pointed to gaps in knowledge including the spatial coverage of research
done and the satellite data utilized. Specifically, Africa was understudied while the Sentinel
satellite data was underutilized in the studies reviewed with most studies covering Asian and
American states. There is a need therefore for larger geographic coverage and utilization of a
variety of satellite data by future studies. Even in geographical locations that were well studied,
most studies concentrated on the forest ecosystem. The study findings are key in allowing
ecosystem managers to make informed decisions in ecosystem management. The observations
enabled by the utilization of remote sensing methods are important for guiding ecosystem
conservation initiatives and the adequate allocation of resources. Finally, the findings from this
literature review are critical to ecosystem managers in understanding the resilience and

vulnerability of ecosystems.

The review clearly shows the controversy regarding the impact of fires on ecosystem services.
For example, some terrestrial ecosystems are greatly shaped by fire and sustainable fire
management ensures the support of ecosystem services. Although the occurrence of fire is
intrinsic to ecosystems such as the Mediterranean and Savanna biomes, the high frequency and
severity of human-caused fires can greatly harm ecosystems and disturb the proper functioning

of ecosystem services.

2.5 Conclusions
In conclusion, the current study aimed to review literature focusing on the utilization of remote

sensing in assessing the effects of vegetation fires on various ecosystems and the flow of
ecosystem services. The findings from the review underscore the utility of remote sensing
methods in assessing the impacts of fire on ecosystem services. There has been a gradual
increase in research papers on the topic and the most utilized satellite data included Landsat
and MODIS. The vegetation indices, such as the NDVI and NBR have been widely used to
assess the vegetation conditions before and after fire occurrence. The study has shown that the
African continent is understudied hence researchers should focus on Africa. Notably, the spatial

distribution of the studies was biased towards the Asian and American continents. Furthermore,



the review has shown that fire affects ecosystems including forests, wetlands, grasslands, soil,

and the atmosphere and most studies focused on forests.

2.6 Summary and link to the next chapter

The chapter focused on systematically reviewing published research articles to analyse the
effects of vegetation fires on various ecosystem services. The research findings indicate that
while the occurrence of vegetation fires may benefit some ecosystems, it generally threatens
several ecosystem services. The evidence from the reviewed literature is therefore a backbone
for justifying the need for the objectives covered in this thesis. The analysis of the
spatiotemporal distribution of vegetation fires is therefore critical to understanding how they
affect various ecosystem services. For example, the intensity of burning determines the extent
to which fire damages any ecosystem. The next chapter therefore focuses on detecting fire
intensity clusters, one of the descriptors of fire regime, using satellite data and spatial
autocorrelation methods. The association between the fire intensity clusters and the various
ecosystems is also covered in the next chapter which is critical for the development and

implementation of fire management strategies.



CHAPTER 3: SPATIAL CLUSTERING OF VEGETATION FIRE INTENSITY
USING MODIS SATELLITE DATA
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Abstract

This work analyses the spatial clustering of fire intensity in Zimbabwe, using remotely sensed
Moderate Resolution Imaging Spectroradiometer (MODIS) active fire occurrence data. To
investigate the spatial pattern of fire intensity, MODIS-derived fire radiative power (FRP) was
utilized. A local indicator of spatial autocorrelation, the Getis-Ord (G;*) spatial statistic, was
applied to show the spatial distribution of high and low fire intensity clusters. Analysis of the
relationship between topographic variables, vegetation type, agroecological zones and fire
intensity was done. According to the study's findings, the majority (44%) of active fires detected
in the study area in 2019 were of low-intensity (cold spots), and the majority (49.3%) of them
occurred in shrubland. High-intensity fires (22%) primarily occurred in the study area’s eastern
and western regions. The study findings demonstrate the utility of spatial statistics methods in
conjunction with satellite fire data in detecting clusters of high and low-intensity fires (hot spots

and cold spots).
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3.1 Introduction

Fire has always been utilized as a useful management tool in maintaining ecosystem diversity
mainly in semi-arid environments (Mupangwa, Walker and Twomlow, 2011; Andela and Van
Der Werf, 2014; Rouget et al., 2016; Benali et al., 2017; Li et al., 2018; Filipponi, 2019;
Kganyago and Shikwambana, 2020). The occurrence of uncontrolled vegetation fires can,
however, threaten the environment, economy and human safety (Gambiza et al., 2005; Said,
Zahran and Shams, 2017). Landscape fires produce significant amounts of particulate matter
globally (Dwyer et al., 2000), affecting air quality and hence leading to negative human health
impacts (Roberts and Wooster, 2021). The loss of vegetation due to wildfires tends to alter
landscape structure, with devastating effects on erosion dynamics (S. Stefanidis, Alexandridis
and Mallinis, 2022; Stefanidis ef al., 2022) and ecosystem services footprint thereby affecting
essential ecological and hydrological processes (Vadrevu et al., 2012; Wooster et al., 2021).
Fires also contribute to climate change by transferring terrestrial to atmospheric carbon pools
(Eskandari, Miesel and Pourghasemi, 2020). Although fires are largely due to anthropogenic
factors, climatic conditions tend to greatly influence increased extreme fire events globally
(Agata and Konrad, 2014). On the other hand, forest fires influence global climate change by

emitting greenhouse gases such as CO2 and CO.

Fire intensity is the energy which is released by a fire during combustion (Keeley, 2009) and is
influenced by the fuel content (Drewa, 2003). The biomass which is consumed during burning
influences fire intensity which is one key fire regime descriptor used by fire scientists (Lentile
et al., 20006). Fire intensity is usually confused with fire severity which focuses on the impacts

of fire on the ecosystem.

The widely used hot spot analysis methods include Kernel Density (Getis and Ord, 1992; Getis,
2007; Vadrevu et al., 2012; Said, Zahran and Shams, 2017) and Moran’s I (Getis and Ord,
1992; Anselin, 1995). The Kernel density analysis usually generalizes point-based spatial data
into continuous spatial data and considers search radius and cell size. On the other hand, the
Getis-Ord (Gi*) statistic utilizes the magnitude of each spatial feature in relation to its
neighbour’s values to form clusters of the features in form of cold spots and hot spots (Getis
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and Ord, 1992). Local indicators of spatial autocorrelation (LISA) methods such as the Getis-
Ord (Gi*) statistic, therefore, help in the determination of whether fires are clustered or
randomly spread within a landscape. The Getis-Ord (Gi*) statistic allows for the detection of
local pockets of spatial dependence which may be difficult to detect using global spatial
autocorrelation methods (Getis and Ord, 1992). In other fields, hot spot analysis methods have
been used to analyse the clustering of crimes (Chainey, Tompson and Uhlig, 2008), pulmonary
tuberculosis incidences (Wubuli ef al., 2015), and vegetation fragmentation (Kowe et al., 2019,

2020).

Currently, fire monitoring in Zimbabwe is done using both ground-based and satellite data,
where the detected active fires and burned area are generally documented. Fire intensity is not
measured and, therefore, not incorporated into the fire management system in Zimbabwe.
Currently, no study has assessed the fire intensity in Zimbabwe. Previous studies such as
(Mpakairi et al., 2018; Kowe et al., 2019, 2020; Shekede, Gwitira and Mamvura, 2021) focused
on identifying hotspots and cold spots, which denoted areas with high and low fire occurrence.
A study by Shekede et al., 2019, for example, assessed the spatial distribution of fire hot spots
within districts in Zimbabwe using the location (coordinates) of MODIS active fire data. In
Zimbabwe again, Mpakairi et al., 2018 analyzed the spatial clustering of active fires in a
protected area using satellite data. These previous studies (Cizungu et al., 2021; Shekede,
Gwitira and Mamvura, 2021) generally utilized the geographic location of MODIS active fires
to determine the spatial clustering of fires based on administrative boundaries. Administration
boundaries generally do not follow any environmental gradient. Such studies lacked the

analysis of critical fire variables such as fire intensity.

Across the globe, very few studies have been done on the spatial clustering of fire intensity
based on satellite data and spatial autocorrelation methods. For instance, (Vadrevu ef al., 2012)
utilized the k-means clustering method to detect fire intensity clusters based on MODIS fire
radiative power (FRP) data in India, Asia. A study by Keeley (2009) utilized MODIS FRP to
study forest fire activity and intensity in the tropical savanna of northern Australia. A study by
Mohd Said et al., 2017 used ground-based fire data in a study where the spatial distribution of
high and low-intensity fires in Brunei-Muara District Brunei Darussalam, Southeast Asia was

examined. This is time-consuming, expensive, and does not cover large areas. On the other
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hand, satellite remote sensing allows for synoptic coverage, the ability to take repetitive

measurements, and the ability to cover large areas.

Zimbabwe, for example, supports seven agroecological regions which are characterized by
different climatic and topographic conditions. By analysing the variability of fire intensity
clusters in the different agroecological zones, this study incorporates the effect of varying
climatic, vegetation, and topographic conditions on fire intensity in the study area. Further, the
study also analysed the contribution of topography, land cover, and agroecological zones to fire
intensity which was not incorporated in previous studies (Wubuli et al., 2015; Kganyago and

Shikwambana, 2020; Shekede, Gwitira and Mamvura, 2021).

In Zimbabwe, climate change has manifested itself with an increase in temperatures and a
decrease in rainfall (Mushore et al., 2021) which is associated with a high recurrence of fires.
With the risks of climate change becoming more real in Zimbabwe (Shoko, Masocha and Dube,
2015), information on fire intensity clusters becomes very critical for fire management
strategies. This is because it gives fire managers an indication of the propagation of fire and
how difficult or easy it will be to stop the fire. Information on fire intensity clusters also helps
in identifying areas prone to fires of high-intensity, posing high risks to vegetation,
infrastructure, and people (Said, Zahran and Shams, 2017). Fire managers can utilize fire hot
spot maps to assist in decision-making for the appropriate allocation of fire management
resources to priority areas (Zhang, He and Yang, 2008; Cizungu ef al., 2021). Findings from
this study contribute novel knowledge in terms of utilizing spatial autocorrelation methods and

earth observation data to identify fire intensity clusters in Zimbabwe, Southern Africa.

3.2 Materials and methods

3.2.1 Study Area

This study was carried out in Zimbabwe, Southern Africa and located between the coordinates
15°30" - 22°30" S and 25°00” - 33°10" E as shown in Figure 3.1. The elevation varies from
below 300 m for the Southern districts to more than 2500 m above mean sea level for the Eastern
regions of the study area. The climate is divided into three distinct seasons where the hot and
wet season occurs from November to April while the cool and dry season occurs from May to
around August. The hot and dry season which coincides with the fire season generally occurs
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from August to November (Shoko, Masocha and Dube, 2015). In Zimbabwe, minimum
temperatures usually occur around June to July, while maximum temperatures are usually
experienced in October. Annual rainfall in the study area varies from below 400 mm in the
western and southern regions to above 1500 mm in the eastern regions of the study area
[Shekede, Gwitira and Mamvura, 202], and this has been categorized into seven agroecological
zones, as shown in Figure 1. Mean annual rainfall decreases with the transition from
agroecological zones 1 (about 1250 mm) to Vb (below 400 mm). The study area is defined by
decreasing elevation and increasing temperature from agroecological zones I to Vb (Manatsa
et al., 2020). Savannah woodlands characterize approximately 95% of Zimbabwe’s forest
cover, where trees and grasses co-exist and provide fuel load for forest fires (Archibald et al.,
2010; Nyamadzawo et al., 2013). The peak fire season in the study area span from August to
October, which is a period characterized by hot and dry conditions (Mpakairi et al., 2018).

Figure 3.1. Location of study area showing agroecological zones: (Adapted from Manatsa et

al., 2020)

3.2.2. Satellite Data
The daily active fire product (MCD14DL) from MODIS was used. MODIS Terra and Aqua
satellites have a 1 to 2-day revisit time and pass over the equator at around 1030 am and 1.30

pm. The data has a spatial resolution of 1 km at the nadir, but it is worth noting that the MODIS
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sensor tends to detect fires as small as 50 m? (Vadrevu et al., 2012; Vadrevu and Lasko, 2018).
Each detected active fire depicts the center of a 1 km pixel where one or more fires are burning
during the time the satellite overpasses (Giglio, Randerson and van der Werf, 2013). In this
context, an active fire is defined as any fire identified by the MODIS satellite sensor while
burning is still active (Soro et al., 2021). The factors that determine the probability of a fire
being detected include the temperature of the fire, the area covered by the fire spread, the

satellite’s angle, and the prevailing weather conditions (Giglio et al., 2003).

Data for the daily active fires detected by the MODIS sensor from January to December 2019
were freely downloaded from the Fire Information Management System (FIRMS) website

(https://earthdata.nasa.gov/earth-observation-data/near-real-time/firms/active-fire-data

(accessed on 10 March 2022)) in shapefile (*shp) format. The geographic coordinates (latitude
and longitude) of the fire, brightness temperature (Kelvin), acquisition date and time,
confidence (0—100%), and fire radiative power are all included in the MODIS active fire data
(FRP). A description by (Giglio ef al., 2003) provides details on the acquisition of MODIS data.
MODIS active fire data was chosen for analysis in this study because it is free and covers a
large area (Chen and Yang, 2018; Mpakairi et al., 2018). Several studies have used MODIS
active fire data in fire studies (Giglio, Csiszar and Justice, 2006; Ichoku et al., 2008; Vadrevu
etal.,2012). To date, the MODIS sensors have been extensively utilized in the detection of fire
because of the presence of channels specifically designed for fire monitoring and their high

temporal resolution.

3.2.3 Pre-Processing of Data

The active fires utilized in the analysis had a confidence level greater than 30% (Giglio et al.,
2003; Cizungu et al., 2021) to minimize false alarms (Giglio, Schroeder and Justice, 2018). Fire
points of less than a 30% confidence level are considered unreliable (Giglio, Schroeder and
Justice, 2018; Cizungu et al., 2021). Using ArcMap 9.5’s Projection and Transformations tool,
all the datasets in Table 1 were projected to the UTM coordinate system using the Project tool

in a GIS environment to ensure compatibility.
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Table 3.1. Datasets used in the study.

Dataset Source

MODIS (MCD14DL) active fire  https://earthdata.nasa.gov/earth-observation-data/near-real-
data time/firms/active-fire-data (accessed on 10 March 2022

Digital Elevation Model (DEM)  https://earthexplorer.usgs.gov/ (accessed on 15 March 2022

https://viewer.esa-worldcover.org/worldcover/ (accessed

Land cover map on 27 March 2022)

3.2.4 Data Analysis: Spatial Clustering of Fire Intensity

The presence or absence of spatial clustering in the fires detected by the MODIS sensor was
tested using Moran’s I (Anselin, 1995) spatial autocorrelation statistic, which was computed
using the Spatial Statistics tool in a GIS environment. The fire radiative power extracted from
the MODIS fire data was used as a measure of fire intensity (Giglio, Csiszar and Justice, 2006).
The FRP, in this context, refers to the rate of radiative energy emitted by the fire at the time of
the observation (Giglio, Csiszar and Justice, 2006). It is a good approximation of the total
amount of energy released during burning and can be used to assess the destructive power of

the detected fire (Giglio, Csiszar and Justice, 2006).

Fire intensity cold spots and hot spots were computed using Getis-Ord (G1*) (Getis and Ord,
1992) statistic based on Equation (1):

it wi X — XL, wij

Gi* =
Sj[n w2 — (O, wiy)]

n—1

(1)
Where,
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x; is the attribute value for feature j, wj; is the spatial weight between feature i and j, and n is
the total number of features in the dataset. This spatial autocorrelation statistic assessed the
extent to which fires exhibit spatial patterns in space as high-intensity hot spots or cold spots,
which are areas of statistically high or low fire intensity concentration, respectively. The Gi*
statistic identifies spatial clusters of high and low values which are statistically significant hence
creating hot spots and cold spots. Hot spots form when points of high values are surrounded by
high values, while cold spots form when points of low values are surrounded by low values
(Getis and Ord, 1992). This study utilized the default distance thresholds of the Gi* statistic
because the specific details on the spatial relationships within the fire dataset were not clear

(Getis and Ord, 1992).

In this study, the fire radiative power extracted from the MODIS fire data was utilized in the
analysis to detect fire intensity clusters in the form of low fire intensity (cold spots) and high
fire intensity (hot spots). MODIS active fire data is globally accessible and can be used at
various scales, which is beneficial to data-poor regions such as southern Africa (Shekede,
Gwitira and Mamvura, 2021). The Hot spot Analysis tool in ArcMap 10.5 was utilized in the
identification of fire intensity clusters. The derived Getis-Ord (Gi*) values were classified into
hot spots and cold spots where high values of the Z-score in association with low p-values
indicate a hot spot (Zufiiga-Vasquez et al., 2017). In this context, fire-intensity hotspots were
formed when points of high FRP were surrounded by high FRP values, while fire-intensity cold
spots were formed when points of low FRP values were surrounded by low FRP values. The
spatial distribution of high-fire-intensity (hot spots) and low-fire-intensity (cold spots) areas in

the study area were presented in the form of a map.

3.2.5 Data Analysis: Analysis of Fire Intensity within Clusters

The number of active fire points within the fire intensity clusters (hot spots and cold spots) was
calculated. The paired t-test was calculated using the GraphPad Prism version 6.04 for
Windows (www.graphpad.com: accessed on 27 March 2022) to test for the difference in the

mean FRP within the fire intensity clusters.
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3.2.6 Data Analysis: Correlation of Fire Intensity Clusters with Topographic Factors
Correlation between topographic variables (elevation, slope, aspect) given in Table 2 and FRP

was done.

Table 3.2. Topographic variables.

Variable Source
Slope Extracted from the Digital Elevation Model
using Spatial Analyst tool in ArcMap 10.6
Aspect Extracted from the Digital Elevation Model
using Spatial Analyst tool in ArcMap 10.6
Elevation Digital Elevation Model

Elevation explains the changes in temperature while aspect determines the amount of solar
radiation available for the fuel, hence affects the moisture content of the fuel. Steep slopes are
associated with greater preheating of fuels. Topographic derivatives such as aspect, slope, and
elevation also influence the amount of solar radiation reaching any location (Ruecker,
Leimbach and Tiemann, 2021). The vegetation type is also influenced by slope and altitude and
hence affects the fire intensity. To test for the significant difference in topographic variables

within fire intensity clusters, the paired t-test was utilized.

3.2.7 Data Analysis: Association between Fire Intensity and Vegetation Cover Types

The association between fire intensity and vegetation cover types was also examined to assess
the susceptibility of the various vegetation types to burning. The 10 m resolution land cover
map from the European Space Agency (ESA) initiated WorldCover project was downloaded
from https://viewer.esa-worldcover.org/worldcover/ (accessed on 27 March 2022) as indicated
in Table 1. The specific vegetation cover type for each fire point data was extracted using the

Extract tool in ArcMap 10.5, and the FRP for each fire point was determined.

3.2.8 Data Analysis: Association between Fire Intensity and Agroecological Zones

The association between FRP and the agroecological zones was examined to determine which
agroecological zones are characterized by hot or cold fires. The agroecological zone map
produced by Manatsa et al., 2020 was utilized. The Zimbabwe agroecological zones were

delineated based on mean annual precipitation and temperature. The Extract tool in ArcMap
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10.5 was utilized to determine the agroecological zone for each fire point. The chi-square test

was used to test for the association between fire intensity clusters and agroecological regions.

3.3 Results

3.3.1. Spatial Distribution of Active Fires

A total of 35,342 active fires were detected in 2019 in the study area (Figure 3.2). High fire
activity was detected in agroecological regions Ila, IIb, and IV (Figure 3.3), which are
characterized by high rainfall and increasing temperatures (Manatsa et al., 2020). The highest
fire activity was detected in Mashonaland West province (Figure 3.2), while low activity was
recorded in the southern and south-western districts. Nyanga, Mutasa, Chimanimani, and
Chipinge districts in Manicaland province also experienced a considerable number of fire

incidences.
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Figure 3.2 Spatial distribution of active fires in 2019
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3.3.2. Spatial Distribution of fire Intensity
The test for clustering using the Moran’s [ statistic revealed that the occurrence of active fire

clusters in the study area was statistically significant (p < 0.05; z-score = 35.17). The map
showing the spatial occurrence of high and low fire intensity clusters (Figure 3.3) shows that
most of the fires under study were of low intensity. Based on the results shown in Figures 3.3
and 3.4, agroecological zones I and ITA and parts of agroecological zones III, IV, and VA are
significantly (p <0.05) associated with high-intensity fires. Although these zones are associated
with lower temperatures than other regions, they are characterized by higher altitudes which
could result in high-intensity fires. Agroecological zone I is characterized by plantations that
burn intensely. High fire intensity clusters (hot spots), as detected using the Getis-Ord statistic
(Gi*), have shown to be distributed in parts of the eastern (Mutasa, Nyanga, Chimanimani),
northern (Centenary), and western (Tsholotsho, Hwange) districts as shown in Figure 3.3. The
research findings also show that fires of low-intensity (cold spots) occur mostly in the northern

districts such as Hurungwe, Kariba, Rushinga, Guruve, and others shown in Figure 3.3.

19



20 A9 o A48 '} 2R A6

.21 EREE

22 (rrnx

25 26 27

Legend

— Agro-ecological
’_J zones

Clusters
¢  Cold Spct- 99% Confidence
¢ Cold Spot- 95% Confidence

Cold Spat- 90% Confidence
Net Significant
¢ Hot Spet- 90% Confidence
¢  Hot Spat- 95% Confidence
®  Hot Spat- 99% Confidence
Zimbabwe

46

22 0

25

1
26 27

Figure 3.3. Spatial distribution of fire intensity clusters

20



6000
5000
4000

3000

2000
N I II ! 1 il
| IA 1B 1 v VA

Agro-ecological zones

Fire counts

o

o

VB

W cold spots W hot spots
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According to Giglio et al., 2006, the mean FRP in hot spot clusters is generally around 40 MW,
indicating moderate to high fire intensity. This fire intensity class accounted for 20% of all the
fire points detected by the MODIS satellite sensor in the study area in 2019. Table 3.3 shows
that 44% of the detected fires had low fire intensity (cold spots), describing the majority of fires
detected in Zimbabwe as cold fires. The fire intensity within cold spots ranges from 26 to 35
MW. Table 3.3 also shows that 36% of the active fires detected do not show significant

clustering, indicating spatial randomness.

Table 3.3. Characteristics of fire intensity clusters.

Number of Mean FRP Fire Intensity class
Class Fire Counts Percentage % (MW) [49] Y
Cold spot (99% CI) 10,309 29 26.33 Low
Cold spot (95% CI) 3503 10 28.93 Low
Cold spot (90% CI) 1657 5 34.49 Moderate
Not significant 12,580 36
Hot spot (90% CI) 427 1 40.39 High
Hot spot (95% CI) 805 2 39.10 Moderate
Hot spot (99% CI) 6035 17 40.39 High
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The statistical distribution of fire intensity (FRP) in the study area is shown in the box plots in
Figure 3.5. The fire intensity as approximated by FRP i1s significantly (p < 0.05) higher within
the hot spots than in the cold spots. This implies that although the greater proportion of fires
under study was characterized by low fire intensity, the difference in the FRP between the fire
intensity clusters is significant. It is important to note that most fires had fire intensity (FRP) of

less than 50 MW although there exist outliers with FRP higher than 80 MW.
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Figure 3.5. The distribution of FRP within fire intensity clusters.

3.3.3. Correlation of Fire Intensity with Topographic Variables
The results of the correlation analysis (Table 3.4) show a significant weak negative correlation

between fire intensity (FRP) and slope, while a weak positive correlation exists between fire
intensity and elevation. This is shown in Figure 3.3, where high-intensity fires occur in the
eastern region (agroecological zone I) of Zimbabwe, which is characterized by high elevation

and mountainous terrain. The correlation between fire intensity and aspect was not significant.

Table 3.4. Correlation between FRP and topographic variables.

FRPvs. prp vs. Aspect FRP vs. Elevation
Slope
r -0.0186 -0.0008 0.0718
p value 0.0005 0.8843 <0.0001
Significant? (alpha = 0.05) Yes No Yes
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Findings from the t-test show that high fire intensity (hot spots) are associated with higher

elevation, as illustrated in Table 3.4.

3.3.4. Association between Fire Intensity and Vegetation Type

Analysis of the association between vegetation type and the burning intensity is shown in Table
3.5, which shows that shrubland is affected by fire more than the other vegetation types. The
highest proportion (49%) of cold fires occurred within shrublands and grasslands, whilst most
hot fires were detected in shrublands, forests and grasslands. For example, within the high fire
mtensity class (hot spots), 12% of the detected fires occurred in the shrubland, while almost
half (49.3%) of the fires within the low fire intensity class (cold spots) were detected in this
vegetation type. The sparse vegetation was least affected by burning. Grassland, forests, and

croplands also experienced burning mostly of low intensity.

Table 3.5. Distribution of fire intensity in vegetation types.

Hot Spot Cold Spots
Number of Fire Number of Fire Percentage
o Percentage (%) Counts (%) 8
Forests 1540 7.8 2250 14.5
Grassland 2326 6.6 3275 21.2
Cropland 847 4 1791 11.6
Shrubland 2381 12 7627 49.3
Sparse vegetation 112 0.6 462 3

3.4. Discussion

This study demonstrates the heterogeneity of fire intensity as affected by various factors. It 1s
the first time that clusters of fire intensity have been characterized using remotely sensed fire
data in Zimbabwe. The highest fire activity was detected in northern districts, while low activity
was recorded in the southern and southwestern districts. Eastern districts such as Nyanga,
Mutasa, Chimanimani, and Chipinge districts also experienced a considerable number of fire
incidences. These findings agree with findings from a study by Shekede et al., (2021), where
high fire activity was observed in similar areas. The positive relationship between slope and

fire occurrence has been observed in rugged terrains, such as those found in the eastern districts.
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High fire incidences were detected in agroecological regions Ila, IIb, and IV (Figure 3), which

are characterized by moderate rainfall and increasing temperatures (Manatsa et al., 2020).

The FRP derived from satellites is an indicator of the strength of fire which is directly related
to the amount of biomass consumed by the fire (Kganyago and Shikwambana, 2019). The
majority (44%) of the fires detected in 2019 were classified as cold spots meaning that they
were of low to moderate intensity with mean FRP ranging from 26 to 34 MW. This observation
corroborates with findings from Cizungu et al., 2021, who observed low fire intensity fires
within dense forest and agricultural areas. A study by Agata (2014) in Poland also observed
mean FRP of 36.3 and 35.1 in grasslands and forests, respectively. Zimbabwe is largely
characterized by savannah grasslands, so the findings from this study are not surprising. A very
small proportion (20%) of the clusters of high-intensity fires were mainly concentrated in the
eastern regions of Zimbabwe. However, even though high-intensity fires are few, they possess
great destructive power (Cizungu et al., 2021), so appropriate precautions should be taken in

such areas.

The study also assessed the association between fire intensity clusters and the various
vegetation types and agroecological zones within the study area. Low fire intensity was detected
in sparse vegetation and cropland, which is agrees with findings by Giglio et al., 2006, who
observed low FRP in croplands. On the other hand, Agata (2014) observed highly intense fires
in arable lands and grasslands. Zimbabwe is largely characterized by savannah grasslands hence
general findings of low fire intensity (Scholes and Archer, 1997; Archibald, Scholes, ef al.,
2010a; Nyamadzawo et al., 2013). The least effect of burning on the sparse vegetation could

have resulted from low fuel loads since the vegetation is sparsely distributed.

High fire activity was detected in agroecological regions Ila, IIb, and IV, which are
characterized by moderate rainfall and increasing temperatures (Global Forest Watch, 2023).
High fire occurrence and intensity were observed in several districts in Manicaland province.

This observation agrees with the findings mentioned in (Zimbabwe Climate, Weather By Month,
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Average Temperature - Weather Spark, no date), where from 2001 to 2021, Manicaland had
the highest rate of tree cover loss due to fires. The study shows that agroecological zones I and
ITA and parts of agroecological zones III, IV, and VA are associated with high-intensity fires.
Although agroecological zone I is associated with lower temperatures than other regions, the
area is characterized by higher elevation and rugged terrain, which can contribute to high fire
intensity (Zhang and Kondragunta, 2008; Cizungu et al., 2021; Shekede, Gwitira and Mamvura,
2021). High fire intensity clusters detected in parts of agroecological zone I could also be
associated with plantations of fire-prone eucalyptus-related vegetation and heavy fuel load
(Cizungu et al., 2021), which burn intensely and result in hot fires. High-intensity fires in the
other regions could be attributed to warmer temperatures and the presence of flammable

biomass (Manatsa et al., 2020).

The Gi* statistic was utilized to characterize both the type of clustering and its location and
uses probability to determine fire intensity clusters (Peeters et al., 2015) which is imperative
for the reliable and informed delineation of fire management zones. Although MODIS fire data
does not show the source of ignition, this study has shown its utility in detecting fire intensity
clusters in the study area. The dense canopy of forests also affects the detection of fire intensity
by satellites. The study, however, did not account for the effect of spatial dependence. Future
studies should consider applying tests such as Bonferroni corrections or False Discovery Rate
(FDR) to account for the problem of multiple testing and effect of spatial dependence on the

data. This 1s important for the Getis-Ord Gi* local indicator of spatial autocorrelation.

Future studies should also assess burn severity which is positively correlated with fire intensity
(Keeley, 2009). This is critical because it gives information on the effects of fire intensity levels
on vegetation. In this research, fire intensity was analysed at a larger scale; hence future studies
should additionally look at a local scale to gain more finely-tuned information, which will
improve fire management. Future studies should also utilize higher spatial resolution satellite
data considering that the level of detection of active fires is highly determined by sensor
differences such as resolution, swath width, and along scan aggregation (Liu et al., 2012, 2018;
Ruecker, Leimbach and Tiemann, 2021). The temporal distribution of fire intensity clustering
as a function of climatic drivers should be prioritized in future studies. More variables should

be considered to explain the spatial distribution of fire intensity. Since global climate warming
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may result in the increasing impact of fires on ecosystems (Brotons et al., 2013), more fire

studies have become relevant.

3.5 Conclusions

The research findings have shown the utility of a combination of MODIS fire data and spatial
autocorrelation methods in mapping spatial patterns of fire intensity in Zimbabwe. The results
suggest that most fires detected by the MODIS satellite in the study area were of low intensity
(cold spots), while high-intensity fires (hot spots) were associated with mountainous areas of
the study area. The study has, therefore, produced critical information which can be used in the
management of fires in Zimbabwe. This information will assist fire management agencies to
better allocate the limited resources to high-fire-intensity areas and hence plan appropriate fire
management activities. Measures should be taken in areas where high fire intensity was
observed, such as strict monitoring of fires. Information on fire intensity clusters will assist
authorities responsible for fire management to intervene before (for prevention), during (for
detection of fire intensity levels), and after the occurrence of fire (for mapping fire intensity).
For example, real-time fire monitoring of fire intensity can be implemented by the fire managers
to minimize damage by fire on various vegetation types. Areas with similar vegetation
characteristics as in areas where high-intensity fires were detected will be given high priority.
In addition, areas with high fire intensity clusters will receive the appropriate fire suppression
during the fire. Well-equipped firefighting teams can also be set up when a fire occurs in fire-
intensity hotspot areas. The research findings, therefore, show extended knowledge about the
association between fire intensity and agroclimatic zones, topographic factors, and vegetation
types. The global accessibility of MODIS active fire data has enabled the analysis of fire

intensity at a broad spatial scale which is beneficial for data-poor regions like Zimbabwe.

3.6 Summary and link to next chapter

In this chapter spatial statistics was used to detect the spatial clusters of vegetation fire intensity
in Zimbabwe. The historic MODIS satellite-derived fire data was used in the analysis.
Additionally, the environmental and vegetation characteristics associated with low and high-
intensity fires were also detected. The mapping of areas of low and high fire intensity is critical
for fire management in Zimbabwe. For instance, stricter fire management strategies would be
implemented in regions where high-intensity fires were detected. This novel information

unveiled in this chapter determines the appropriate allocation of fire management resources.
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The objective addressed in this chapter covers one important fire descriptor, the fire intensity
(hotness or coldness), and gives room to the analysis of the spatiotemporal distribution of fire

occurrence which is covered in the next chapter.
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CHAPTER 4: NATIONAL-SCALE SPATIOTEMPORAL PATTERNS OF
VEGETATION FIRE OCCURRENCES USING MODIS SATELLITE
DATA
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Abstract

As the risk of climate change increases, robust fire monitoring methods become critical for fire
management purposes. National-scale spatiotemporal patterns of the fires and how they relate
to vegetation and environmental conditions are not well understood in Zimbabwe. This paper
presents a spatially explicit method combining satellite data and spatial statistics in detecting
spatiotemporal patterns of fires in Zimbabwe. The Emerging Hot Spot Analysis method was
utilized to detect statistically significant spatiotemporal patterns of fire occurrence between the
years 2002 and 2021. Statistical analysis was done to determine the association between the

spatiotemporal patterns and some environmental variables such as topography, land cover, land
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use, ecoregions and precipitation. The highest number of fires occurred in September,
coinciding with Zimbabwe’s observed fire season. The number of fires significantly varied
among seasons, with the hot and dry season (August to October) recording the highest fire
counts. Additionally, although June, July and November are not part of the official fire season
in Zimbabwe, the fire counts recorded for these months were relatively high. This new
information has therefore shown the need for revision of the fire season in Zimbabwe. The
northern regions were characterized by persistent, oscillating, diminishing and historical
spatiotemporal fire hotspots. Agroecological regions Ila and IIb and the Southern Miombo
bushveld ecoregion were the most fire-prone areas. The research findings also revealed new
critical information about the spatiotemporal fire patterns in various terrestrial ecoregions, land
cover, land use, precipitation and topography and highlighted potential areas for effective fire

management strategies.

Key words: climate change; emerging hot spot analysis; fire management; hot spot; fire

occurrence

4.1 Introduction

In semi-arid savannas of Southern Africa, veld fires have maintained the balance between
grassy and woody vegetation (Archibald, Scholes, ef al., 2010a; Pricope et al., 2015). While
distinct wet and dry seasons in sub-Saharan Africa influence fire activity, the occurrence of
fires is affected by several factors including anthropogenic activities and climate variability
(Mbanze et al., 2013). Although fire is vital in the existence of savanna ecosystems, the effect
of anthropogenic activities has altered the natural fire regimes, threatening biodiversity (Reddy
et al., 2016, 2019). While the release of greenhouse gases (GHG) by forest fires significantly
contributes to climate change, the higher temperatures associated with climate change influence
the drying of forests, increasing their vulnerability to fires (Brivio ef al., 2013). Air pollution
associated with persistent fires poses a health risk to both humans and ecosystems (Chen ef al.,
2022; Cobelo et al., 2023).

Due to the recurrent nature of fires in the savanna ecosystems, monitoring their spatiotemporal
patterns is inevitable for effective fire management (Argibay, Sparacino and Espindola, 2020).
Fire monitoring systems should produce timely and accurate information about the

spatiotemporal behaviour of fires. Sustainable management of fire activity requires access to
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information not only on the location of historical fires but also information on spatiotemporal
trends detected early enough to influence future fire trajectory. Remotely sensed data has been
useful in fire monitoring (Marsha and Larkin, 2022). The Moderate Resolution Spectral
Radiometer (MODIS) active fire product, for example, has greatly enhanced the analysis of fire
occurrence in the landscape by providing spatially detailed, timely and cost-effective
information on fire dynamics of global and local importance (Adab et al., 2018). The patterns
of recorded fire data can be difficult to visually evaluate at different spatiotemporal scales. In
addition, a critical bottleneck exists in an attempt to unveil the patterns and trends in the
available large and complex fire datasets obtained from remote sensing platforms. There is,
therefore, a need for methods to explore and interpret spatiotemporal patterns of fire data for
effective fire management and policy decision-making. Spatiotemporal pattern analysis has the
potential to rapidly and accurately identify areas where specific fire management interventions
should be prioritized (Harris et al., 2017). Spatial statistics greatly assist in the quick
identification of spatiotemporal trends of fire activity without the need for pre-existing

information on the underlying causal factors (Harris et al., 2017).

Emerging hotspot analysis is an approach used for statistical spatiotemporal analysis of
phenomena. Recently, the approach has been used to detect spatiotemporal patterns of COVID-
19 cases (Tabarej and Minz, 2022), landslides (Wu, 2022), invasive species (Pasha and Reddy,
2022) and forest loss (Harris ef al., 2017; Tran et al., 2020; Singh and Yan, 2021; Boubekraoui
et al., 2023). A few studies were done in Australia (Visner, Shirowzhan and Pettit, 2021) and
southeast Asia (Reddy et al., 2019, 2020), utilizing the emerging hotspot analysis method to
understand the spatiotemporal patterns of fires. In Zimbabwe, limited studies have analysed the
spatial distribution of fire occurrence (Shekede, Gwitira and Mamvura, 2021) and its intensity
(Mupfiga, Mutanga and Dube, 2024) at a national scale. Shekede et al., (2021) assessed the
spatial clustering of remotely sensed fire points while Mupfiga et al., 2022 utilized the Getis-
Ord (Gi*), a spatial autocorrelation method, to detect the spatial hotspots of fire intensity in
Zimbabwe. With the few studies done, mainly focusing on the spatial nature of fire occurrence,
little is still known about the spatiotemporal patterns of the fires occurring in the study area.
Fire management in the study area observes a distinct fire season from 31 July to 31 October,
as gazetted in the national statutory instrument of Zimbabwe (Government of Zimbabwe, 2007).
It, however, remains unclear whether there have been changes in the fire season over the years.

The occurrence of fires largely depends on the physical characteristics of the fuel load and the
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vegetation type (Strydom and Savage, 2016). The characteristics of vegetation determine the
fuel load and its flammability. Succulent vegetation, for example, is less likely to burn due to
moisture content and less leaf litter. Topography and land use/land cover are also important

factors contributing to fire occurrence (Graham, Dube and Mpakairi, 2023).

This study utilized a combination of remotely sensed data and spatial statistics, enabling the
solving of complex location-based fire monitoring problems (Younas et al., 2022). Specifically,
the objective of this study was to detect both the spatial and temporal patterns of forest fire
occurrence in Zimbabwe. The study utilized both the Getis-Ord (Gi*) (Getis and Ord, 1992)
statistic, which determines spatial clustering, and the Mann-Kendall trend test which detects
the temporal trends across the timeseries (Harris et al., 2017). This more robust approach
improves on the traditional hotspot analysis methods which usually analyse the spatial
dimension (space-based hotspot analysis) without incorporating the temporal dimension into

the hotspot analysis of fire occurrence.

4.2 Materials and Methods

4.2.1 Study area

The study was done in Zimbabwe which is located between 15°3000 to 22°3000 S and 25°3000
to 33°3000 E in Southern Africa as indicated in Fig 4.1. The mean sea level of the study area
ranges from below 300 m for Southern regions to above 2500 m for the Eastern parts.
Zimbabwe is generally characterized by three main seasons, hot and wet (November to April),
cool and dry (May to August) and hot and dry (August to November). The mean annual rainfall
in Zimbabwe varies from below 400 mm to above 1500 mm (Shekede, Mupandira and Gwitira,
2021). Zimbabwe is classified into seven agroecological zones which are characterized by
decreasing mean annual rainfall from agroecological zone 1 (about 1250mm) to zone Vb (below
400mm). Temperatures in the study area increase from agroecological zones I to Vb while
elevation decreases. About 95% of the study area’s forest cover is covered by savannah
woodlands where there is a mixture of trees and grasses which offer fuel for fires. Fire is a
major forest ecosystem disturbing factor in Zimbabwe and contributes to deforestation and land
degradation (Global Forest Watch, 2023).
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Fig 4.1. Location of the study area and ecoregions (Adapted from Olson et al., 2001)

4.2.2 Datasets used for fire occurrence assessment

The MODIS daily active fire data product (MCD14ML) was utilized due to its free
accessibility, large area coverage and effectiveness in fire monitoring (Graham, Dube and
Mpakairi, 2023). The MODIS Terra and Aqua satellite, with a revisit period of 1 to 2 days,
detect active fires at 1 km spatial resolution at nadir but can also detect fires smaller than 1 km2.
The detection of a fire is dependent on the fire temperature, the angle of the satellite and the
prevailing weather conditions during the detection time (Giglio et al., 2003). Despite the course
spatial resolution, fire data from the MODIS sensor was preferred in this study because of the
channels on the MODIS sensor that are specifically designed for fire monitoring (Ying ef al.,
2019). In addition, the MODIS sensor has long-term fire records, high temporal resolution as
well as high precision of the fire points (Wei ef al., 2019). The MODIS collection 6 (MODIS
C6.1) fire product, used in this study, has been improved to give low commission and omission

errors (Wei et al., 2019).

The fire events (between 2002 and 2021) utilized in the study were downloaded for free from

Fire Information Management System (FIRMS) website (https://earthdata.nasa.gov/earth-

observation-data/near-real-time/firms/active-fire-data) (accessed on 4 March 2023) as a

shapefile (*shp). Attributes associated with the dataset include location (latitude and longitude),

date and time of data acquisition, fire radiative power and the confidence level. The acquisition
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of MODIS data is clearly described in Giglio and Justice (2003). Additionally, based on the fire
data attributes, only presumed vegetation fire points were utilized in the data analysis. The
variables shown in Table 4.1 were also utilized in the analysis based on their association with

fire occurrence (Guo et al., 2017; Piralilou et al., 2022).

Table 4.1: Datasets used in the study

Data Source Resolution
Modis (MCDI14DL) https://earthdata.nasa.gov/earth-observation-data/near-real- 1 km
active fire data time/firms/active-fire-data (accessed on 4 March 2023))

Land cover map https://viewer.esa-worldcover.org/worldcover/ 10m

(accessed on 27 March 2022)

Land use map Environmental Management Agency N/A

Agroecological zones Zimbabwe National Geospatial and Space Agency (ZINGSA) N/A

(Manatsa et al., 2020)

Topography https://earthexplorer.usgs.gov/ (accessed on 15 March 2022) 30m

Precipitation https://climateknowledgeportal.worldbank.org (accessed on 24 N/A
March 2023)

Ecoregions/ biomes https://www.worldwildlife.org/publications/terrestrial - N/A

ecoregions-of-the-world (accessed on 15 March 2023)

4.2.3 Satellite data pre-processing

All the data (Table 4.1) used in this study was projected to the UTM coordinate system in
ArcMap 10.5 using the Projection and Transformation tool. To minimize false fire alarms and
maximize reliability, only fire points with a confidence level greater than 30%, were utilized in

the analysis (Giglio, Schroeder and Justice, 2018; Cizungu ef al., 2021).

4.2.4 Data analysis: Annual, monthly and seasonal fire trends.

The fire counts were extracted from the fire point map and the total number of fires detected
for each year was calculated. To test whether fire data was normally distributed, the Shapiro-
Wilk test of normality (Royston, 1982) was performed using the “shapiro.test” function in the

R programming software. The normality test results indicated that the fire data utilized in this
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study did not follow a normal distribution hence non-parametric statistical methods were used.
To test whether total annual fire counts were statistically different over the 20-year study period,
the Kruskal-Wallis rank sum test, a non-parametric test, was applied to the data, using the
“kruskal.test” function in R studio. To determine the correlation between the annual fires and
annual rainfall acquired from https:// climateknowledgeportal.worldbank.org (accessed on 24
March 2023), the Spearman’s rank correlation method was utilized using the "cor.test()"

function in the R studio programming package.

The monthly average fire counts detected in the study area from 2002 to 2021 were calculated.
The Kruskal-Wallis rank sum test was used to test whether the monthly fire counts were
significantly different over the study period. The “kruskal.test” function in R studio was used
to calculate the number of fire counts detected during the three seasons (wet and dry, cool and
dry, hot and dry) and to analyse the seasonal variation of fire occurrence in the study area, the

Kruskal Wallis rank sum test was also applied to the fire data.

4.2.5 Data analysis: Emerging hot spot analysis

The emerging hotspot analysis was used to identify spatial and temporal trends and patterns of
fire occurrence in the study area. The spatial statistic method combines the utilization of the
Getis-Ord (Gi*) (Getis and Ord, 1992) statistic to determine the location and level of clustering
and the Mann-Kendall trend test to evaluate the temporal trends across the time series (Harris
et al., 2017). The Mann-Kendall test, a rank correlation method, analyses whether there is a

decreasing or increasing trend in a given time series data.

One important component of the emerging hotspot analysis method is the space-time cube,
which is a descriptive statistic contained in bins, where the geographic location (x and y) is
represented by the base of every bin while the height (z) represents time (Singh and Yan, 2021;
Younas et al., 2022). Before running the emerging hotspot analysis, the Space Time Pattern
Mining Tool in a GIS environment was used to create the space-time cube, using the MODIS
fire data from 2002 to 2021. This tool utilizes the non-parametric Mann-Kendall (Mann, 1945;
Kendall and Gibbons, 1990) trend test to estimate the temporal trends for each fire location.

The trend analysis is based on a comparison of the assumed result of having no significant trend
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over time against the observed result. The trend for each bin is shown by a z-score where a

positive and negative z-score indicates an increasing or decreasing trend respectively.

The space-time cube was then used as an input into the emergence hotspot analysis to determine
the spatiotemporal pattern of the fires from 2002 to 2021. The Getis-Ord Gi* (Getis and Ord,
1992) statistic analyses spatial clustering and determines variability within clusters, assigning
z scores for all bins. The neighbourhood distance and neighbourhood time step parameters
define how many surrounding bins in space and time are considered during the calculation of
the statistic for a specific bin. For this study, the neighbourhood distance was set at 1km and

the neighbourhood time step interval was set at one year.

For every feature in the input feature file, the emerging hotspot analysis makes a new output
feature class with a z-score, p-value and the significance of the trend is shown by the p-value.
A statistically significant hotspot, for example, with a z-score greater than 1.96 and p-value less
than 0.05 has a higher clustering intensity. The emerging hotspot analysis results in seventeen
categories (Harris et al., 2017). In this study, an emerging hotspot refers to locations where the
observed spatiotemporal patterns are not due to random, but represent areas where underlying
spatiotemporal processes are at play (Getis and Ord 1992). The emerging hotspot analysis
method, using the Mann-Kendall statistic, tests whether there exists a significant temporal trend

within the 20-year fire data.

4.2.6 Data analysis: Association between spatiotemporal patterns of fire and agroecological
regions.

The fire spatiotemporal patterns map was overlaid with the agroecological regions map to
analyse their association. The agroecological zone map utilized in the analysis was developed
based on the spatial distribution of temperature and rainfall conditions in the study area
(Manatsa et al., 2020). The association between the spatiotemporal patterns of fire and the

agroecological regions was statistically tested using the chi-square test in R programming.
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4.2.7 Data analysis: Association between spatiotemporal patterns of fire and terrestrial
ecoregions.

The occurrence of fires largely depends on the physical characteristics of the fuel load and the
vegetation type (Strydom and Savage, 2016). Terrestrial ecoregions data from the World
Wildlife Fund (WWF) (Olson et al., 2001) was therefore included in the analysis to determine
the association between the fire occurrence pattern and vegetation types. The ecoregions data
showing distinct biotas was downloaded from

http://www.worldwildlife.org/publications/terrestrial-ecoregions-of-the-world (accessed 15

March 2023). The association between the terrestrial ecoregions and the spatiotemporal fire
patterns was analysed using overlay analysis in a GIS environment and a chi-square test was

used to statistically test the significance of the association.

4.2.8 Data analysis: Association between spatiotemporal patterns of fire and land use and
land cover types.

Land cover types derived from the land cover map acquired from
https://viewer.esaworldcover.org/worldcover/ (accessed on 27 March 2022) shown in Table 4.1
were used in this study to analyse their association between the spatiotemporal fire patterns.
The land use and the land cover maps were each overlaid with the spatiotemporal fire patterns
in a GIS. The chi-square test was used to analyse the association between the spatiotemporal

patterns of fire and the landcover types in the study area.

4.2.9 Data analysis: Association between spatiotemporal patterns of fire and topography.

The association between the spatiotemporal patterns of fire and topographic variables was
analysed. Topographic variables, slope and aspect were derived from the digital elevation
model downloaded from https://earthexplorer.usgs.gov/ (accessed on 15 March 2022). Overlay
analysis in a GIS was done to relate topography and the spatiotemporal fire patterns in
Zimbabwe. The statistical significance of the association was analysed using the chi-square test.

The methods used in the study are outlined in Fig 4.2.
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Fig 4.2. Outline of the methods for data processing and analysis used in the study
4.3. Results

4.3.1 Annual, monthly and seasonal fire trends

The results from the analysis of the MODIS fire data from the study area have shown (Fig 4.3a)
that fires were detected every year during the study period. Each box plot in Fig 4.3a shows the
summary of all the fires that occurred in the respective year. The highest total number of fires
was detected in 2008, while the lowest total fire incidents occurred in 2020. There was an
upward trend in the total annual fire counts from 2002 to 2010, while from 2011 to 2021 there
was a general downward trend as clearly shown in Fig 4.3a and 4.3b. The Mann-Kendall trend
test revealed a downward trend (tau = -0.2) which was, however, not statistically significant
(p>0.05). The results of the Spearman’s rank correlation test revealed that in the first 10 years
of the study period, there was a weak non-significant correlation (rho = 0.224 and p>0.05)
between total annual fire occurrence and rainfall. On the other hand, in the last 10 years of the
study period, the correlation between total annual fire occurrence and annual rainfall was

negative (rho = 0.44) and not statistically significant (p>0.05).
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Table 4.2: Kruskal-Wallis rank test results

Kruskal-Wallis chi? statistic p-value Significance
Mean annual fire counts 2.698 | *
Mean monthly fire counts 219.84 <2.2e-16 ok
Mean seasonal fire counts 46.974 6.305e-11 ok

NB asterisks * depicts not significant ** depicts significant fires

Fig 4.4 clearly shows the average monthly fire counts over the 20-year study period based on
the detection of fires by the MODIS sensor. Each box plot represents a summary of all the fires
that occurred in each month over the 20 years. It is evident from Fig 4.4 that over the study
period fire activity was experienced in every month of the year. Fire activity significantly
increases from June, with a peak in September, then declines from October as shown in Fig 4.4.
The higher monthly fire counts coincide with the legally defined fire season which spans from
31 July to 31 October (Government of Zimbabwe, 2007) in Zimbabwe. Although June, July

and November are not included in the official fire season, the fire activity during these months

is relatively high.
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Fig 4.4. Monthly distribution of fire counts from 2002—2021
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The temporal distribution of fire counts based on climatic seasons in Zimbabwe during the
study period is clearly illustrated in Fig 4.5. The hot and dry season is characterized by
significantly higher fire activity than the other seasons. During the hot and wet season, the fire
counts detected in the study area were generally below 2000. The least number of fires were
detected during the cool and dry season. The Kruskal Wallis rank test results showed a

significant difference (Table 4.2) in the number of fire counts among seasons.
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Fig 4.5. Number of fires occurring during the hot and wet (November to April), cool and dry
(May to July) and hot and dry (August to October) seasons from 2002 to 2021

4.3.2 Spatiotemporal fire pattern analysis

4.3.2.1 Emerging hotspot analysis.

The analysis of the spatiotemporal pattern of fire incidents which occurred in Zimbabwe during
the study period is illustrated in Figs 4.6 and 4.7 with over 60% of the fires showing an
oscillating cold spots pattern. Only 10% of the fires did not show any spatiotemporal pattern.
The oscillating fire cold spots are dominant in the central and north-western parts of the study
area. The fire hot spots detected in the northern districts such as Bindura, Chinhoyi, Kariba,

Karoi and Muzarabani, exhibited oscillating, sporadic and persistent patterns.
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Fig 4.6: The spatiotemporal pattern of fire occurrence from 2002 to 2021

Interestingly some of the spatiotemporal fire hot spots detected in the northern parts of the study
area exhibited historical and diminishing spatiotemporal patterns. A few fire incidents were
classified into sporadic fire hot spot pattern in the eastern and western parts of the study area.
The proportions of the various spatiotemporal fire patterns detected in the study area are
illustrated in Fig 4.7. Generally, most of the fires detected in Zimbabwe during the study period

are characterized by an oscillating pattern.
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Fig 4.7: The proportions of the spatiotemporal fire patterns

To give a clear visualization of the distribution of only the spatiotemporal hotspots detected in
the study area Fig 4.8 has been presented. The map shows that besides the distribution of the
different patterns of hotspots in the northern parts of the study area, there were patches of
oscillating hotspots in the eastern and western parts of the study area specifically in Chipinge

and Hwange areas.
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Fig 4.8: The spatiotemporal patterns of hot spots only from 2002 to 2019

4.3.2.2 Association between spatiotemporal fire hotspots with agroecological zones.

The oscillating and the persistent hotspots are the most prevalent patterns of temporal fire
clusters in the study area as shown in Fig 4.9a. Regions Ila and IIb are the most fire-prone areas
in the study area. The oscillating spatiotemporal pattern was exhibited by the fire hotspots
observed in the agroecological zone I which lies in the eastern mountainous part of Zimbabwe.
Fig 4.9b shows that the Southern Miombo bushveld is the most fire-prone ecoregion in
Zimbabwe as shown by the prevalence of persistent and oscillating hotspots. Historical,
diminishing and sporadic spatiotemporal patterns of fires were also observed in the Southern
Miombo woodlands. There was also fire activity observed in the Zambezian Mopane

woodlands and the Eastern Montane Forest ecoregions over the study area as evidenced by the

detection of oscillating, persistent and sporadic fire hot spots.
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4.3.2.3 Association between spatiotemporal patterns of fire and land use types and
topography.

The spatiotemporal patterns of the detected fires and their association with the various land use
types are shown in Fig 4.10. It is evident that the large-scale commercial areas were highly
affected by fire over the 20-year study period with the oscillating fire hotspot pattern being
most prevalent. Persistent and historical fire hot spots were also detected in the study area.

Interestingly, there is evidence of persistent, diminishing and oscillating hot spots within
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protected areas which is highly unexpected. The association between the spatiotemporal

patterns of fire occurrence and land use types and topography was statistically significant.
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Fig 4.10. Association between spatiotemporal patterns of fire and land use types

The spatiotemporal pattern of fires and their occurrence in different slope conditions shown in
Fig 4.11 significantly (p<0.05) show that most fires in Zimbabwe occur in areas on gentle slope
with persistent and oscillating fire hotspots constituting 45% and 28% of the fire hot spots
respectively. There was also a small proportion of the persistent and oscillating fire pattern
occurring in areas lying on moderately steep slopes. There were no fires detected in very steep

areas (>45°).
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4.3 Discussion

The study assessed the utility of satellite data and emerging hot spot analysis to detect the
spatiotemporal patterns of fires that were detected by the MODIS satellite sensor from 2000—
2019. The general analysis of the average annual fire occurrence data reveals that there was a
slight non-significant downward trend (Kendall Tau = -0.2 and p>0.05) in the fire activity in
the study area over the 20-year study period. The study findings show an upward trend in the
occurrence of fires from 2002 to around 2010 while a downward trend in fire occurrence was
observed from 2010 to 2021. The upward trend in fire occurrence observed in this study
however agrees with findings by (Maponga, Ahmed and Mushore, 2018) who observed an
increasing trend in fire occurrence in one district of Zimbabwe from 2001 to 2009. The research
findings however contrast with findings from Shekede et al., 2021 where an increasing trend in
fire counts was observed over Zimbabwe but within a different period (2000 to 2019). This
variation could be due to the differing start and end times of the fire data analysis. The
downward trend observed in this study from 2000 to 2019 could be associated with improved

fire management strategies being implemented by responsible authorities.

This study has shown that high fire activity predominantly occurs during the dry and hot season.
The seasonality of fire occurrence in Zimbabwe is influenced by the country’s two distinct
rainfall-related seasonal patterns, the wet season from November to March and the dry season

from April to October (Manatsa et al., 2020). During the wet season, for example, vegetation
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in Zimbabwe grows due to the abundant rainfall, and the susceptibility to fire occurrence is
generally low. The dry season coincides with the fire season in Zimbabwe which is associated
with the drying up of vegetation due to high temperatures and lack of rainfall and becomes
highly combustible. Fire occurrence is significantly (Table 2) high between July and September,
which is the driest and windiest of the year. The number of fire incidents tends to decline
towards the end of the dry season as the first rains begin to fall, and the vegetation becomes

moister and less prone to fires.

The research findings have also shown that although June, July and November are not included
in the official fire season, the fire counts recorded for these months are relatively high. This
newly unveiled information is critical for fire management decisions which may lead to
considering the shifting of the fire season in Zimbabwe. This information from the study
findings strengthens the perception highlighted in (Nyakudanga, 2022) to change the fire season
dates and the amendment of statutory instrument provisions. A detailed study on the analysis
of possible shifts in fire seasonal occurrence over a long period may be required. Understanding
the seasonality of fire occurrence is crucial for the development of timely and effective fire

management strategies in Zimbabwe.

The study has revealed that, based on the analysis of the 20-year MODIS fire occurrence data,
the spatiotemporal patterns vary from oscillating cold spots in the southern and central parts to
persistent, oscillating, diminishing and historic hot spots in the northern parts of the study area.
Persistent hotspots pattern refers to the occurrence of fire in all the time steps (Harris ef al.,
2017)]. The sporadic hot / coldspots, for example, represent areas where fires disappear and
reappear over time while diminishing hot or cold spots are those areas which have become less
of a fire hotspot over the years (Visner, Shirowzhan and Pettit, 2021). The occurrence of
diminishing and historical spatiotemporal fire patterns could be associated with changes in the
extent and quality of vegetation in these areas. The reduction in vegetation cover results in
reduced fuel available for burning hence the potential reduction in fire occurrence. New
hotspots are areas which were never hotspots until the final time step which is the 2021 fire
season (Harris ef al., 2017). These emerging spatiotemporal fire patterns are expected to guide
the allocation of resources for fire monitoring and management by responsible authorities in

Zimbabwe. Local investigations could also be done in areas where persistent hot spots were

47



observed to determine the drivers of the spatiotemporal pattern. The spatiotemporal fire pattern

analysis therefore assists in identifying priority areas for conservation (Harris et al., 2017).

The research findings unveil new information on the patterns of temporal fire clusters in the
various ecoregions indicating the risk that fires pose on the ecoregions within the study area.
The persistent and oscillating fire hot spot patterns were associated with Southern Miombo
Bushveld which has shown to be prone to fire. Ecoregions are characterized by different
vegetation and climatic conditions which affect the fire occurrence patterns (Singh, Sood and
Collins, 2022). Miombo woodlands are generally susceptible to fire and burn mainly during the
dry season. The occurrence of the persistent fire hot spot in the Southern Miombo Bushveld
ecoregion is not surprising because the biome is highly associated with persistent fires (Ryan
and Williams, 2010). The information on the association between ecoregions and
spatiotemporal fire clusters supports the development of effective fire management policies
which benefit economic, social and ecological objectives (Nyamadzawo et al., 2013; Maponga,

Ahmed and Mushore, 2018).

Agroecological zones Ila and IIb, characterized by moderate rainfall and high temperatures, are
the most fire-prone regions with oscillating and persistent hotspots being more prevalent. This
concurs with literature which indicates the high occurrence of fires in such regions (Mupfiga et
al., 2022; Global Forest Watch, 2023). The oscillating fire hotspots detected in the eastern
region (Agroecological zone I) could be associated with burning occurring in forest plantations.
While higher elevation may be associated with less probability of fire occurrence due to cool
and moist conditions, local factors can influence this relationship. The higher fire activity within
the large-scale commercial farms could be associated with the Fast Track Land Reform
Program where burning was a common practice as the farmers prepared their new land

(Nyamadzawo et al., 2013; Maponga, Ahmed and Mushore, 2018).

The research findings have clearly shown a significant association between fire occurrence and
gentle slopes. This can be highly associated with human contribution to fire occurrence where
most agricultural activities are done in flat areas (Piralilou ef al., 2022). Most farmers utilize
fire during land preparation in Zimbabwe (Nyamadzawo et al., 2013; Maponga, Ahmed and
Mushore, 2018).
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This study has shown the utility of remote sensing in assessing a past fire regime, which is
useful in fire management policy formulation. There could however be limitations on the
MODIS fire detection where cloud cover, smoke or dense forest canopies could have obscured
the detection of some fires (Nieman, van Wilgen and Leslie, 2021). With a spatial resolution of

1km, the MODIS sensor could also have a chance of missing too small fires.

Ground truthing for validation was not possible because of the historical nature of the fire data
used in the analysis. The detailed process of validating MODIS active fire data has, however,
been provided by (Morisette et al., 2005). To improve the observational accuracy of the data,
the techniques used by the Fire Information Resource Management System (FIRMS) to validate
the active fire data are provided by Justice et al., 2011.

Although this study analysed how terrestrial ecoregions, agroecological zones and topography
are associated with fire occurrence, the causes of fire occurrence were not within the scope of
this study as remote sensing methods cannot assess such information. Although the temporal
scale of this study was restricted by the availability of the MODIS sensor, the timescale used is
adequate to study a fire regime of the study area (Nieman, van Wilgen and Leslie, 2021).

The research findings from this study provide valuable information for the evaluation of the
fire management policies and plans implemented in Zimbabwe over the study period. The
research findings also add new information for decision-making regarding resource allocation
for fire management. The study findings can also assist in identifying areas where incentives
should be provided to the responsible communities for improvement in fire management. With
the rise in climate warming and population, it is important to understand the long-term
spatiotemporal patterns in fire occurrence (Pricope et al., 2015; Argibay, Sparacino and
Espindola, 2020).

This study focused on the whole country of Zimbabwe and resulted in a valuable but coarse
map of the spatiotemporal fire patterns throughout the study area. The causes and drivers of the
spatiotemporal patterns such as persistent and diminishing hotspots, which were out of this
study’s scope, should be investigated in future studies. The contribution of climate change, land
use changes and human activities on the spatiotemporal distribution of fires in the study area

could also be explored in future studies.
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4.5. Conclusion

This paper has unveiled the utility of the emerging hotspot analysis detecting the spatiotemporal
patterns of fire occurrence in Zimbabwe using MODIS fire data over 20 years. The research
findings have shown that based on MODIS fire data and emerging hot spot analysis, significant
spatiotemporal patterns of fires were detected. In addition, fire occurrence in Zimbabwe is
largely seasonal, with the highest frequency of fires occurring during the dry season from April
to October. The spatiotemporal fire pattern in Zimbabwe is related to variations in vegetation
types and topography. Overall, the study has shown the utility of the emerging hot spot analysis
method as a robust tool in detecting spatiotemporal patterns of fires. The results hence provide
timely information to fire management decision-makers. Informed fire management strategies
such as resource allocation can therefore be implemented. The revision of the current fire season

could also improve the effectiveness of the fire management strategies in the study area.

4.6 Summary and link to the next chapter

This chapter focused on the analysis of the spatiotemporal dynamics of fire occurrence in
Zimbabwe. The objective addressed in this chapter was to detect how the distribution of
vegetation fires varied both spatially and temporally in Zimbabwe from 2002 to 2021. The
Emerging hotspot analysis algorithm used to detect the spatiotemporal fire patterns utilizes
both the Getis-Ord (Gi*) statistic and the Mann-Kendall trend test. This robust spatiotemporal
method revealed new information about vegetation fires in Zimbabwe. For example, based on
the results the study recommends the review of the fire season observed in Zimbabwe.
Following the research findings from this chapter, there is a need to assess the major factors
that drive the occurrence of vegetation fires in Zimbabwe. The following chapter therefore
utilized the Maxent machine learning model and historical satellite fire data to assess the

drivers of vegetation fire occurrence
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CHAPTER 5: ASSESSING DRIVERS OF VEGETATION FIRE OCCURRENCE
IN ZIMBABWE - INSIGHTS FROM MAXENT MODELLING AND
HISTORICAL DATA ANALYSIS
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Abstract
Vegetation fires are known to profoundly impact ecosystem structure and composition, posing

threats to ecosystem stability and human safety. In Zimbabwe, uncontrolled fires have been
recurrent, yet a rigorous analysis of the key drivers is still lacking. Previous studies in
Zimbabwe have predominantly focused on spatio-temporal dynamics of the occurrence of
vegetation fire, leaving a gap in understanding the underlying drivers. Accurate prediction of
fire occurrence and identification of the major drivers is imperative for effective fire
management strategies. The study employs the Maxent model, a machine-learning approach, to
analyze historical MODIS fire data alongside bioclimatic, topographic, anthropogenic, and

vegetation variables, to assess the likelihood of fire occurrence in Zimbabwe. The research also
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aims to elucidate the major factors that influence fire occurrence within the region. The
independent contributions of predictor variables to the model's goodness of fit are evaluated
using a jackknife test, while model accuracy is assessed using the AUC (area under the receiver
operating characteristic curve). Results indicate that elevation, precipitation seasonality,
temperature annual range and human footprint emerge as the major factors influencing fire
occurrence in Zimbabwe. The model demonstrates an acceptable accuracy, with an average
AUC of 0.77. This study underscores the utility of the Maxent model in elucidating the
contributions of various environmental factors to vegetation fire occurrence. Moreover, the
ability of the model to predict the probability of fire occurrence offers valuable insights for fire
managers, facilitating the assessment of the spatial vulnerability of vegetation to fire
occurrence. Overall, this research contributes to an improved understanding of the drivers of
vegetation fires in Zimbabwe and provides a practical tool for enhancing fire management

efforts in the region and beyond.

Keywords: fire risk; Maxent; MODIS,; probability; vulnerability; Zimbabwe

5.1 Introduction
Although vegetation fires have greatly shaped the savanna ecosystem, they are a major

disturbing factor in global forest ecosystems, contributing to land degradation (Global Forest
Watch, 2023). Although many prevention and mitigation strategies have been put in place, fires
remain a major global concern, degrading forested areas (Armenteras ef al., 2017b; Mishra et
al., 2023) and disturbing biodiversity and ecosystem services (Zhang, Lim and Sharples, 2017;
Piralilou et al., 2022). Additionally, fires significantly contribute to greenhouse gas emissions,
hence, becoming an important contributor to global climate change, which in turn influences
the increase in fire occurrence incidents and their severity (Mishra et al., 2023; Wasserman and
Mueller, 2023). Uncontrolled fires can result in major disasters and have devastating effects on

human lives and may lead to economic losses (Zhang, Lim and Sharples, 2017).

Effective fire management greatly depends on a clear understanding of the dynamic
spatiotemporal distribution of and the factors driving fire occurrence in a landscape. Variability
in the spatiotemporal distribution of vegetation fire occurrence is greatly controlled by several

factors including fuel type, topography, precipitation and temperature (Zhang, Lim and
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Sharples, 2017). Anthropogenic factors are also important predictors of fire occurrence.
Topography influences the local climatic variations, especially the spatial distribution of
precipitation and temperature, hence, controlling fuel type distribution and flammability
(Zhang, Lim and Sharples, 2017). Temperature and precipitation control fire occurrence by
determining fuel availability and moisture (Graham, Dube and Mpakairi, 2023). Higher
precipitation and temperature conditions increase the probability of fire occurrence (Archibald,

Nickless, et al., 2010).

Despite being highly accurate, traditional methods of collecting fire data in a landscape, such
as mapping burned areas using handheld GPS receivers, have proven to be expensive, labour-
intensive, time-consuming and difficult to carry out, especially over large and inaccessible areas
(Wang et al., 2023). Earth observation and geospatial methods have proven to offer practical
and cheap means to predict and quantify the occurrence of fires both locally and globally.
Satellite-borne sensors are widely used in fire monitoring studies, and they utilise the thermal,
shortwave, mid-infrared, and visible parts of the electromagnetic spectrum. Fire detection
sensors such as the Moderate Resolution Imaging Spectroradiometer (MODIS), for example,
utilize the brightness temperature in the fire detection algorithm. The free availability of
remotely sensed data has allowed the easy generation of topographic derivatives such as aspect
and slope, from digital elevation models (DEM). Rainfall and temperature data are also freely
available from databases such as the WorldClim which provides bioclimatic data (Fick and
Hijmans, 2017). The modelling of fire occurrence with limited ground observations greatly

benefits from the availability of satellite-derived variables (Odebiri et al., 2020).

Globally, several studies have assessed the spatiotemporal occurrence of fires in differing
ecosystems (Guo et al., 2017; Oliveira et al., 2021; Mishra et al., 2023). In Southern Africa, a
few studies (Makhaya et al., 2022; Mishra et al., 2023; Mpakairi et al., 2018) have utilized
spatial techniques to determine the factors that drive fire occurrence. For instance, Makhaya et
al., 2022, utilized topographic and bioclimatic variables to assess key drivers supporting the
occurrence of vegetation fires in Ethekwini Municipality, KwaZulu Natal, South Africa.
Studies carried out in Zimbabwe mainly focused on the spatial and temporal occurrence of fires

(Mpakairi et al., 2018; Shekede, Gwitira and Mamvura, 2021; Mupfiga et al., 2022) and the
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influence of tenure systems on areas burned (Maponga, Ahmed and Mushore, 2018). Although
the previous studies provided valuable information on fire occurrence using various methods,
the main influential environmental and human-related factors which influence the occurrence
of vegetation fires in Zimbabwe are still poorly understood. While Mpakairi et al., 2018
predicted the occurrence of vegetation fires as a function of factors such as elevation, air
temperature, biomass and population density in a protected area in Zimbabwe, the study was
done on a small scale. The current study analyzed the key environmental and anthropogenic
factors that influence the occurrence of vegetation fires at a much larger scale such as country
level. It also includes a more diverse set of environmental variables, incorporating the human
footprint variable, a more robust indicator for anthropogenic effect on fire occurrence and at a
larger scale. The study presents new information on predicting the likelihood of vegetation fire

occurrence within a landscape.

In the past few decades, a high number of cases of vegetation fires have been experienced in
Zimbabwe despite the availability of several legislative frameworks (Shekede, Gwitira and
Mamvura, 2021; Mupfiga et al., 2022; Shekede et al., 2024). The temperature rise, the fall in
precipitation levels and the recurrence of vegetation fires clearly show the reality of climate
change (Mushore et al., 2021; Mupfiga et al., 2022). This study focused on a nationwide
analysis of the factors driving the spatiotemporal occurrence of vegetation fires in Zimbabwe,
Southern Africa. The study covers a larger area, characterized by diverse climatic, topographic,
vegetation, and anthropogenic conditions. The nationwide approach employed in this study
offers a wall-to-wall analysis of the predictor variables that drive the occurrence of vegetation
fires in Zimbabwe. To fill the research gap, this study employed Maximum Entropy model
(Maxent), a widely used species distribution model, in predicting the likelihood of vegetation
fire occurrence across the landscape and assessing the relative contribution of the factors to the

spatial occurrence of vegetation fires.

The results from the study are important for informed fire management decisions to minimize
the impacts of fire. The identification of major drivers that influence the occurrence of
vegetation fires and prediction of the likelihood of fire occurrence assists in providing a

framework for proactive measures for the reduction of the risk of fire occurrence thereby
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contributing to the formulation of effective strategies for the prevention and management of
vegetation fires. The findings from the study avail valuable insights which assist decisions

towards national fire prevention and mitigation strategies.

5.2. Materials and Methods

5.2.1. The study area characteristics
This national scale study covered Zimbabwe (figure 5.1), a country situated in sub-Saharan

Africa between 15°30” to 22°30" S and 25°30" to 33°30" E, covering an area of about 390,757
km?. Zimbabwe is characterized by topography which varies from below 300 m in southern
parts to above 2000 m in Eastern regions. Annual rainfall in Zimbabwe decreases from
agroecological zone I to zone Vb with temperatures increasing from zone I to Vb. Most of the
precipitation which varies spatially in Zimbabwe, falls during summer from late Nov to April.
There is variation in temperature along elevation zones. Being a savanna ecosystem, fire
frequently occurs in the study area and contributes to deforestation and land degradation
(Global Forest Watch, 2023). About 95% of forest cover in Zimbabwe is characterized by
savanna woodlands with a fire season generally occurring from around August to October

(Archibald, Scholes, et al., 2010b; Mupfiga ef al., 2022).
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Figure 5.1: Topographic characteristics (slope) which was used to model vegetation fire

vulnerability in Zimbabwe
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5.2.2 Data

5.2.2.1 Dependent variables: Fire occurrence data
Due to the unavailability of historic field data on fires, MODIS Collection 6 fire data (January

to December 2018) was used. The MODIS fire data product (MCD14ML), is recognized as one
of the most accurate and effective satellite data systems for fire monitoring (Justice et al., 2011;
Zhang, Lim and Sharples, 2017; Graham, Dube and Mpakairi, 2023) and was used in several
fire occurrence studies (Zhang, Lim and Sharples, 2017; Mupfiga et al., 2022; Mishra et al.,
2023). The presence of a thermal band within the MODIS, specifically developed for fire
monitoring, makes the MODIS data the most suitable dataset for fire monitoring studies. The
fire data which was acquired from the Fire Information for Resource Management System

(FIRMS) platform (https://earthdata.nasa.gov/earth-observation-data/near-real-

time/firms/active-fire-data) (accessed on 4 March 2023), includes information on the location,

the time and the date when the fire data was acquired, the confidence level and the brightness
of the fire. The MODIS algorithm identifies pixels containing fires that are actively burning
during the satellite’s overpass (Justice et al., 2011; Giglio, Schroeder and Justice, 2018). Only
fires occurring within vegetated areas and with confidence levels higher than 30% were utilized

in the analysis.

5.2.2.2 Predictor Variables
The wvariables used in the analysis included topographical, climatic, vegetation and

anthropogenic, which are the common factors influencing the spatiotemporal distribution of
vegetation fires (Makhaya, Odindi and Mutanga, 2022; Graham, Dube and Mpakairi, 2023;
Mishra et al., 2023).

Bioclimatic variables
The probability of fire occurrence largely depends on climatic conditions which influence the

availability of fuel load and moisture and determine the level of fire fuel such as forest litter,
grasses, and leaves. Long-term dry conditions influence the drying of fuels thereby increasing
the susceptibility of vegetation to burning. Warmer temperatures between 20°C and 27°C result
in the drying of fuels in the savanna, thereby increasing the likelihood of fire ignition. Similarly,

precipitation influences the amount of moisture available for vegetation growth and eventually
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determines the amount of dry-season biomass that will be available for burning (Archibald et

al., 2010).

The study considered 19 bioclimatic variables (1km spatial resolution), freely extracted from

https://www.worldclim.org/data/bioclim.html (accessed on 28 April 2023). Detailed

information on the development of the bioclimatic data is found in Fick and Hijmans, 2017 and
listed in Table 1. The bioclimatic variables, computed from long-term rainfall and temperature
averages, were preferably used in this study compared to raw monthly rainfall and temperature
data because they were fine-tuned into more ecologically meaningful variables (Moyo et al.,
2019). These 19 variables, which show the annual and seasonal temperature and precipitation,
have been successfully used in other studies globally (Makhaya, Odindi and Mutanga, 2022;

Mishra et al., 2023) as governing factors for fire occurrence.

Topographic variables
Elevation, slope, and aspect greatly determine the local climate variations, especially the spatial

distribution of precipitation and temperature, controlling fuel type distribution and flammability
(Zhang, Lim and Sharples, 2017; Graham, Dube and Mpakairi, 2023). The digital elevation
model (DEM) utilized in the analysis was extracted from the Advanced Space-borne Thermal
Emission and Reflection Radiometer (ASTER) and downloaded from the www.usgs.gov
platform at 30m spatial resolution. The aspect and slope variables were derived from the DEM
in ArcGIS 10.5 using the Spatial analyst tool. The topographic variables were resampled to 1km

spatial resolution to match the fire data and other predictor variables.

Fuel variables
Due to variability in combustibility and fuel load characteristics, vegetation types are affected

differently by fire. Some specific land cover types such as shrubs and conifers tend to be more
fire-prone than other land cover types such as wetlands, burned areas, and agricultural areas
(Adab et al., 2018). Vegetation flammability is greatly influenced by its moisture content and
structure which affect fuel load. Vegetation which is generally dry, woody, and has higher oil

content tends to be more flammable compared to other vegetation types. On the other hand,
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succulent vegetation, with higher moisture content and less litter is less flammable. The highest
probability of fire occurrence is associated with high NDVI values ranging from 0.5 to 1
(Mpakairi et al., 2018). The MODIS NDVI product was used in this study as a proxy for

biomass and representing the fuel variable.

Anthropogenic variables
There is a close relationship between the occurrence of fire and the presence of humans and

their activities. Human activities increase the probability of fire occurrence by providing
possible sources of fire ignition (Zhang, Lim and Sharples, 2017). The susceptibility to fire
occurrence tends to increase with proximity to populated settlements and accessibility of forests
to roads (Armenteras, Gonzalez and Retana, 2013; Guo et al., 2017, Piralilou et al., 2022). The
human footprint map, developed by Venter et al., 2016 was used as a proxy for the
environmental disturbance caused by human pressures. This anthropogenic data set was
developed based on overlaying of eight anthropogenic factors, population density, built-up area,
croplands, pasture land, roads, railways, navigable waterways and electric infrastructure. The

details of the variables used in the modelling are given in Table 5.1.

Table 5.1: Predictor variables which were used for modelling fire occurrence

Variable Source

Bioclimatic Annual mean temperature (Biol) https://www.worldclim.org/data/worldclim?21.ht
Mean monthly temperature range (Bio2) ml .
Isothermality (Bio3) (Fick and Hijmans, 2017)

Temperature seasonality (Bio4)
Maximum temperature of warmest month
(Bio5)
Mean temperature of coldest month (Bio6)
Temperature annual range (Bio7)
Mean temperature of wettest quarter (Bio8)
Mean temperature of driest quarter (Bio9)
Mean temperature of warmest quarter (Bio10)
Mean temperature of coldest quarter (Biol1)
Annual precipitation (Bio12)
Precipitation of wettest month (Biol3)
Precipitation of driest month (Bio14)
Precipitation seasonality (Biol5)
Precipitation of wettest quarter (Bio16)
Precipitation of driest quarter (Biol7)
Precipitation of warmest quarter (Biol8)
Precipitation of coldest quarter (Bio19)
Vegetation NDVI
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Topographic Elevation https://www.worldclim.org/data/worldclim21.ht

Slope ml (accessed 15 September 2023)
Aspect (Fick and Hijmans, 2017)
Anthropogenic Human footprint map https://sedac.ciesin.columbia.edu/data/s

et/wildareas-v2-human-footprint-
ighp/data-download (accessed 15
September 2023)

(Venter et al., 2016)

5.2.3 Data preparation
The processes done on the collected data are clearly shown in Figure 5.2. The multisource input

data was resampled to 1 km spatial resolution to match the resolution of the fire data. The study
area map was used to clip the topographic, human footprint, NDVI, bioclimatic and fire data
using the spatial analyst tool in ArcMap. After the predictor variables, in raster format, were
stacked in R Studio, the fire data was used to extract raster values for each fire point. The values

of the predictor variables for each fire point were recorded in a Microsoft Excel csv file.
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5.2.4 Selection of predictor variables
Multicollinearity is detected when two or more predictor variables are highly correlated and

negatively affect models. To avoid instability in the Maxent model’s performance, testing for
multicollinearity among the predictor variables was done using the variance inflation factor
(VIF) in R Studio. The predictor variables with VIF less than 10 (Dormann et al., 2013; Makori

et al., 2022) were selected for predicting fire occurrence using Maxent (version 3.3.3).

5.2.5 Modeling the likelihood of fire occurrence
The probability of fire occurrence was predicted using the Maxent model (Phillips, Anderson

and Schapire, 2006) as a function of topographic, climatic, anthropogenic and vegetation
factors. Maxent is a machine learning model broadly applied in suitability and ecology studies.
It correlates explanatory variables with the locations of species presence to predict suitability
(Fitzgibbon, Pisut and Fleisher, 2022). The model utilizes presence-only data together with
raster covariates to predict the suitability of a specific phenomenon and calculates the
probability of occurrence ranging from 0 to 1 (Adab et al., 2018). Modelling the suitability of
the occurrence of a phenomenon using Maxent does not require verification of the absence-
only data which is usually difficult to acquire (Adab et al., 2018). In this study, the MODIS
presence-only active fire data was utilized as the dependent variable in modelling the likelihood
of fire occurrence using the Maxent model. The contribution of each predictor variable to the
model results was determined using the jackknife tool within the Maxent 3.3.3. The Maxent
model runs several repetitions until there are no further changes in the spatial estimation of
the probability of fire occurrence and identifies the maximum likelihood of fire occurrences
within the study area (Rahmati, Pourghasemi and Melesse, 2016). For this study, a map showing
the fire risk level was developed by reclassifying the map showing the probability of fire
occurrence into 4 classes very low risk (0-0.25, low risk (0.25-0.5), high risk (0.5-0.75), and):
very high risk (0.75-1) (Chen et al., 2015).

For best model results, the calibration of the model is essential. In the Maxent model, fire data
was divided into training (70%), for building the model and test datasets (30%), for the
validation of the model (Phillips, Anderson and Schapire, 2006; Odebiri et al., 2020) using the

random test percentage setting. The model was run using the default Maxent settings. To check
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for overfitting, the difference between values of the training area and the test area under curve
(AUC) was assessed. Since overfitting was not detected, the default regularization was utilized
in the model. To generate a map showing the likelihood of fire occurrence in Zimbabwe, the
10-percentile limit was utilized in the Maxent model. The threshold assumed that the omission
error of the occurrence is less than 10%, and 90% of the fire data was modelled as present

(Odebiri et al., 2020).

The Maxent model produces the receiver operating characteristic (ROC) curve as output which
gives and AUC (area under curve) as a measure of the model accuracy. The receiver operating
characteristic (ROC) curve, which describes the model performance (Rahmati, Pourghasemi
and Melesse, 2016), was utilized to evaluate and validate the Maxent model. It shows the
probability that fire occurrence (sensitivity) is correctly explained by the predictor variables as
compared to the absence (specificity) of fire occurrence. It is generated through the plotting of
sensitivity on the y-axis against specificity on the x-axis. For highly accurate models, the AUC
value will be close or equal to 1, while, a model performing no better than random will have a
value less than or equal to 0.5 (Phillips, Anderson and Schapire, 2006). The ROC curve has
been widely used in several previous studies for the evaluation and validation of probability
modelling (Odebiri et al., 2020; Makhaya, Odindi and Mutanga, 2022; Mishra ef al., 2023).
The chi square test was used to assess the association between the resulting fire risk zones and

the fire intensity clusters identified in Section 3.32.

5.3. Research Findings

5.3.1 Selection of the Predictor Variables
Multicollinearity test results given in the form of the variance inflation factor (VIF) of the non-

collinear predictor variables are shown in Table 5.2. As indicated in Table 5.2, 11 out of 23
predictor variables had VIF values less than 10, implying that they had a low degree of
correlation and were therefore selected to be used in the Maxent model. This makes the
predictor variables listed in Table 2 the best subset for use in predicting the spatial variability

of fire occurrence using Maxent.
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Table 5.2. The VIF value for the selected predictor variable used in the Maxent model

Predictor Variables VIF
Annual mean temperature (Biol) 6.5
Isothermality (B103) 1.9
Temperature seasonality (Bio4) 3.0
Temperature annual range (B107) 54
Precipitation seasonality (Biol5) 22
Precipitation of warmest quarter (Bio18) 2.1
Elevation 5.0
Aspect 1.0
NDVI 1.2
Human footprint 1.0
Slope 1.5
5.3.2 Maxent model

5.3.2.1 Analysis of Maxent model results
Figure 5.4a shows that the omission on test samples (turquoise is close to the predicted omission

rate (black) signifying a good Maxent model. Based on the AUC value of 0.77 (Figure 5.4b),
the Maxent model can be said to have performed better in predicting fire occurrence than a

random model (Jiang et al., 2018).
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Figure 5.4. a. The omission analysis of the test and training data sets for the Maxent model. b.

The ROC curve for training and test data sets as shown by AUC

5.3.2.2 Analysis of Variable Contributions

The Maxent model allows for assessing each variable’s influence on the model results. The

higher percentage contribution of any predictor variable implies that it has a higher effect on

predicting the likelihood of vegetation fires. Table 5.3 shows the ranking of the estimated

relative contributions of the variables towards predicting fire occurrence. Predictor variables

with higher values tend to present greater importance in model prediction.

Table 5.3: The percentage contribution of the variables towards fire occurrence modelled using

the Maxent model.

Predictor variables

Percentage contribution

(%)
Elevation 31.2
Temperature annual range (Bio7) 26.5
Human footprint 16.4
Precipitation seasonality (Biol5) 13.9
Precipitation of warmest quarter (Bio18) 6.6
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NDVI 2.6

Temperature seasonality (Bio4) 1.8
Isothermality (Bio3) 0.5
Slope 0.3
Aspect 0.1

Table 5.3 shows that the predictor variable with the highest percentage contribution (31.5%)
towards the occurrence of vegetation fires in Zimbabwe is elevation followed by temperature
annual range (Bio7) (26.5%). The human footprint and precipitation seasonality (Bio 15) also
had a considerable predictive contribution to fire occurrence with percentage contributions of
16.4% and 13.9% respectively. The total contribution of elevation, temperature annual range,
human footprint and precipitation seasonality (Bio 15) to fire occurrence was over 88%.
Variables like slope, aspect and isothermality (Bio 3) had very low contribution to fire

occurrence in Zimbabwe as shown in Table 5.3.

Findings from the assessment of the contribution of predictor variables towards the occurrence
of vegetation fires using Maxent’s jackknife test are shown in Figure 5.5. The bars in turquoise
colour reveal the Maxent model’s overall accuracy excluding the individual predictor variable.
On the other hand, the blue bars illustrate the individual predictor variable’s performance and
accuracy if applied in isolation. The model’s overall gain, calculated when all the predictor

variables are used, is shown by the red bar.

Figure 5.5 shows that when applied alone, the annual mean temperature (Bio 1) variable, has
the highest gain implying that this predictor variable contains the most important information
which is independent of the other variables. Temperature annual range (Bio 7) is the predictor
variable which caused the reduction of the model’s overall gain if it is excluded. This, therefore,
implies that the ‘temperature annual range’ variable contains more information which is absent

in the other variables.
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Figure 5.5: The results of the analysis of the importance of the variable using the jackknife

test.

5.3.2.3. Spatial Distribution of Fire Risk
The map in Figure 5.6 showing the spatial distribution of fire occurrence in Zimbabwe was

generated from the Maxent prediction model. The map shows the probability of fire occurrence,
reclassified into fire risk levels, based on MODIS fire points as a function of bioclimatic,
topographic, fuel and anthropogenic factors as predictor variables. As shown in Figure 5.6,
areas with a very high probability of fire occurrence are presented in red colour, while areas
with a very low likelihood of fire occurrence are shown in darker green. Areas of low and high
risk of fire occurrence are shown in light green and orange colours, respectively. The areas
characterized by a high to very high probability of fire occurrence cover more than 50% of

Zimbabwe.
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Figure 5.6. Spatial distribution of predicted fire occurrence risk level for each province in
Zimbabwe. (The two metropolitan provinces (Harare and Bulawayo) and other major towns

were masked as these a mostly urban).

Based on the Maxent probability model results, the very high risk of fire occurrence
characterizes the central, northern and eastern regions which generally include the
Mashonaland west, east and central provinces of Zimbabwe as shown in figures 6 and 7. Figure
7 clearly shows the percentage area covered by the predicted fire risk levels for each province
in Zimbabwe where 63% of the area covered by Mashonaland West province presents a very
high fire risk. The southern regions and some western parts characterized by the low-lying areas
of Gonarezhou (Masvingo province) and parts of Hwange National Parks (Matabeleland North
province), respectively had over 40% area characterized by a very low risk of fire occurrence.
There was a significant (p<0.05) association between the fire risk zones and the fire intensity
clusters presented in Section 3.3.2. The high fire risk zones, for instance, were generally

identified within areas where the fire was of high intensity.
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Figure 5.7. Percentage level of the fire risk for each province based on MaxEnt modelling

5.4. Discussion
Although fire is an intrinsic phenomenon within the savanna ecosystem, understanding the

various factors driving the occurrence of vegetation fires is vital for sustainable fire
management within ecosystems. The study reveals the utility of geospatial and earth
observation tools in predicting and mapping the heterogeneity of fire occurrence as determined
by fuel, topographic, climatic and anthropogenic factors. The study also determined the
contribution of the various predictor variables to fire occurrence. Findings from the study have
revealed that the variability in fire occurrence can be effectively predicted using fuel,
topographic, climatic and anthropogenic factors in a Maxent environment with a satisfactory

accuracy of 0.77 (Lissovsky and Dudov, 2021).
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The study findings show the utility of the widely used Maxent as a rigorous fire prediction
model. Fire occurrence data is generally presented as presence-only data and Maxent is highly
suitable for handling such data (Mlambo et al., 2024). The strength of the method utilized in
the study is that we managed to exclude highly correlated predictor variables from the model
fitting which greatly improved the model performance (Dormann et al., 2013). This key step
removes mutually dependent predictor variables from other model inputs. The multicollinearity
test revealed that 11 out of 23, shown in Table 2 proposed predictor variables were not collinear
and were therefore the best set of variables to be used in predicting the occurrence of vegetation
fires using the Maxent model. The excluded variables were considered to be useful but similar

information was contained in other variables.

Fire occurrence is largely influenced by topographic, vegetation, climatic and anthropogenic
characteristics of a landscape. Topographic and climatic conditions which influence fuel load
were the major contributing variables towards fire occurrence. Areas with higher precipitation
and temperature are characterized by a higher probability of fire occurrence. Fires have been
observed to occur largely in areas of precipitation ranging between 500 mm and 700 mm
(Archibald, Scholes, et al., 2010b). While high precipitation influences the level of fuel
moisture during the fire season thereby decreasing fire ignition probability, high precipitation
levels promote the accumulation of biomass during the pre-fire season, which increases the
likelihood of burning during the fire season (Guo et al., 2017). In this study, elevation had the
highest percentage contribution (31.5%) towards the occurrence of vegetation fires in
Zimbabwe followed by temperature annual range (Bio7) (26.5%). In this context, the
temperature annual range shows the difference between the maximum and minimum
temperatures over the year and gives the seasonal variation in temperatures over an area. The
research findings are not surprising because Makhaya et al., 2022 in KwaZulu Natal, South
Africa also indicated that a correlation between rainfall and temperature affects biomass and
hence fuel characteristics which generally influence the occurrence of vegetation fires. The
study findings also corroborate findings by Guo et al., 2017 where temperature was also
identified as an important factor in influencing fire occurrence by increasing evaporation from

vegetation and decreasing the moisture content of potential fire fuels.
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Moreso, the observation of the association between elevation and fire occurrence agrees with
findings from several studies (Guo et al., 2017; Mupfiga et al., 2022; Mishra et al., 2023) where
fire occurrence was high in regions of higher elevation. Contrary to a study by Guo et al., 2017,
in this study, high fire risk was associated with areas of higher elevation. The eastern regions
characterized by high elevation and exotic forest plantations were also predicted as having a
high risk of fire occurrence. This observation agrees with previous studies (Makhaya et al.,
2022; Mpakairi et al., 2018; Mupfiga et al., 2022; Strydom and Savage, 2016) where fire
occurrence was observed to be highly correlated with elevation where there is an association
between higher elevation and higher probability of fire occurrence (Graham et al., 2023). The
research findings are not surprising because topographic factors such as elevation determine
the local climate variations, especially the spatial distribution of precipitation and temperature,
hence, controlling fuel type distribution and flammability (Graham et al., 2023; Zhang et al.,
2017).

The human footprint variable was utilized in this study as a proxy for the contribution of human
activities to vegetation fire occurrence. This anthropogenic data set was developed based on
overlaying eight factors, built-up environment, population density, pasture land, croplands,
railways, roads, waterways and electric infrastructure. The combination of all these factors
makes the human footprint, a more robust measure of human activities. This predictor variable
had a considerable contribution (16.4%) to fire occurrence, showing the significant contribution
of human activities to the occurrence of vegetation fires in the study area. This agrees with
previous research (Armenteras et al., 2013; Guo et al., 2017; Piralilou et al., 2022) where
anthropogenic factors were highlighted as highly contributing to fire occurrence. Related
studies have also emphasized that the likelihood of occurrence of vegetation fires increases
when human activities are common in a landscape (Guo et al., 2017; Piao et al., 2022). The
strength of this research lies in the use of a more robust measure of human activities and their
association with fire occurrence. This is also the first study in Zimbabwe which incorporates

anthropogenic factors in modelling fire occurrence at a national scale.

The Normalized Difference Vegetation Index (NDVI), applied as a proxy for biomass, and an

indicator of the fuel amount had low predictive power (2.6%). This finding is consistent with
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previous studies which indicated a lack of linear relationship between NDVI and fire occurrence
in most ecoregions (Zhang et al., 2017). Research by Mishra et al., 2023 in Nepal, also
highlighted that vegetation-related predictor variables had a lower contribution to fire
occurrence. In a study by Guo, et al., 2017, vegetation which had a positive influence on fire

occurrence gives an indication of the available fuel for fire ignition.

Based on the Maxent probability modelling, the study findings show that the central, eastern
and northern regions of Zimbabwe had a very high risk of fire occurrence. The northern and
central regions of the study area are characterized by resettlement areas which are associated
with burning activities (Mupfiga et al., 2022). This region of high likelihood of fire occurrence
also coincides with tobacco-producing farming areas where timber from the miombo
woodlands is used for tobacco curing (Zinyowera, Ndagurwa, and Muvengwi, Justice, 2021).
The southern region and western parts, characterized by protected areas such as Gonarezhou
and Hwange National Parks, respectively had a very low fire risk. Although these areas are
characterized by high temperatures and high biomass content, protected areas are also
associated with strict fire management strategies which minimize fire ignition as observed in

the study. (Guo et al., 2017).

The study findings contribute to the improved understanding of fire patterns and the drivers of
fire occurrence. This valuable information assists fire managers and communities in decision-
making related to fire management strategies. For sustainable fire management, the spatially
varying fire risk zoning may result in the development of fire management strategies which are

specific to local areas.

Although Maxent is a valuable model for predicting the occurrence of phenomena using
presence-only data, the performance of Maxent may be limited by the difficulties associated
with defining true/false fire during model fitting. This is because fires do not always occur in
every fire-prone area. This, therefore, implies that there are chances of classifying highly
vulnerable areas as characterised by low vulnerability to fire occurrence if no fire is detected in

areas of high vulnerability (Mishra et al., 2023). Further studies should also assess the
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importance of predictor variables under varying conditions such as agroecological zones,
seasons and vegetation types. Future studies should also compare the prediction capacity of

Maxent to other presence only models.

5.4. Conclusion

Uncontrolled fires disturb vegetation and threaten biodiversity. This national-scale fire
prediction study has unveiled the interaction between climatic, topographic, vegetation and
anthropogenic variables to predict the potential fire vulnerability at a national scale in
Zimbabwe using the maximum entropy method (Maxent). The model evaluation, with a good
level of accuracy (AUC of 0.77), shows the utility of the Maxent model in predicting the
probability of fire occurrence. The most important variables influencing the occurrence of
vegetation fires in the study area included elevation, precipitation seasonality, temperature
annual range and human footprint. The research findings are critical for understanding the major
driving factors of vegetation fire occurrence in Zimbabwe and, hence, provide valuable
information for the fire managers’ decision-making. The availability of MODIS remotely
sensed data at no cost enables cheap and highly accurate fire prediction. Additionally, mapping
fire risk levels produces critical information for vegetation fire management in Zimbabwe. The
identification of the key factors driving fire occurrence is important for the implementation of
proactive strategies aimed at minimizing future fire incidents. Fire management authorities can,
for example, allocate resources to ‘very high hazard’ zones. This study has unveiled the utility
of remotely sensed fire data coupled with spatial modelling in the prediction of fire vulnerability
and can be upscaled in other landscapes. The detrimental socioeconomic and environmental

effects of fire occurrence can therefore be minimized.

5.5 Summary and link to the next chapter

This chapter has shown the utility of Maxent, a machine learning model, and historical satellite
fire data to model vegetation fire occurrence and identify the major factors driving the
occurrence of fires across Zimbabwe. Bioclimatic, topographic and anthropogenic variables
were utilised as predictor variables in the Maxent model while the MODIS satellite-derived fire

data was used as the dependent variables. The novelty of this study involves the inclusion of the
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robust anthropogenic variable, the human footprint, in the model and generally the
identification of major predictors of vegetation fire occurrence in Zimbabwe. The findings from
the study revealed that elevation, temperature annual range, precipitation seasonality, and
human footprint greatly influence the distribution of vegetation fires in the Zimbabwean
landscape. Furthermore, the Maxent modelling resulted in the prediction and mapping of fire
hazard zomes across Zimbabwe based on the topographic, bioclimatic, vegetation and
anthropogenic factors. The research results for this objective are critical for the development
and implementation of fire management strategies in Zimbabwe. The next chapter of this thesis
synthesises all the research results from the study objectives and makes conclusions based on

the research results. Recommendations for further research are also made in the final chapter.
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CHAPTER 6: SPATIOTEMPORAL ANALYSIS OF VEGETATION FIRES
USING SATELLITE DATA: A SYNTHESIS

6.1 Introduction and Synthesis
Fire occurrence is common in biomes such as the savanna and the Mediterranean and has been

responsible for their structure (Semeraro et al., 2019; Pereira et al., 2021). The increased
occurrence of uncontrolled fires threatens such ecosystems resulting in biodiversity loss, alien
species invasion and bush encroachment (Molaudzi and Adelabu, 2019). The global climate
change projections predict a doubling of the impacts of vegetation fires in fire-prone regions
threatening several ecosystem services (Bowman et al., 2017; Qiu et al., 2023). Consequently,
the occurrence of vegetation fires greatly threatens public health, economies and human life

(Bin Hao et al., 2022; Chen et al., 2023).

Earth observation methods enable the low-cost analysis of large-scale spatiotemporal fire
analysis (Graham, Dube and Mpakairi, 2023). For example, the MODIS sensor utilises the
thermal and mid-infrared spectral bands in detecting fires. The effective monitoring of
vegetation fires requires repetitive and synoptic measurements of fire locations, which is greatly
offered by remote sensing methods. The utilisation of the satellite-derived fire data coupled
with spatial autocorrelation methods enables the detection of spatiotemporal fire patterns across

landscapes (Harris ef al., 2017).

6.2 Conclusions

The development of effective fire management strategies requires accurate, up-to-date and
large-scale fire data and use of robust spatiotemporal analysis algorithms. This thesis was based
on a retrospective analysis of spatiotemporal vegetation fire dynamics utilising the historical
MODIS satellite fire data. The main essence of the research was to analyse the spatiotemporal
dynamics of vegetation fires across Zimbabwe’s landscape through the utilisation of spatial
autocorrelation methods. The study also utilised machine learning methods, the Maxent model,
to predict the spatial variation in the fire risk levels across Zimbabwe. The modelling in Maxent
also assessed the contribution of topographical, bioclimatic, vegetation and anthropogenic
factors towards vegetation fire occurrence in Zimbabwe. The key drivers of fire occurrence in

Zimbabwe were identified from the analysis.
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Based on the research findings for each objective, the study concluded that:

1.

The impacts of vegetation fires on various ecosystems were assessed based on a
systematic literature review utilising the PRISMA approach. The research findings from
the systematic literature review revealed the utility of earth observation methods in
analysing the impacts of vegetation fires on the flow of various ecosystem services.
Specifically, vegetation indices such as NDVI and NBR were widely used in the
reviewed literature to assess the vegetation condition before and after burning. The
review also revealed that most studies were biased towards the Asian and American
continents while Africa has been understudied. While the review showed that vegetation
fires are a threat to grassland, forests, soil, wetlands and the atmosphere ecosystems,

most studies were carried out in forest ecosystems.

Spatial autocorrelation methods, specifically the Getis-Ord (Gi*), applied on MODIS
fire data are useful in detecting the spatial distribution of fire intensity hence identifying
cold- and hotspots across Zimbabwe. The information generated by this study is useful
for fire management in Zimbabwe. The fire management agencies in Zimbabwe, may
utilize the available resources in high fire intensity areas for planning fire management
activities appropriately. The results are important for fire management authorities for
intervention measures before, during and after fire occurrence. The real-time monitoring
of fire intensity, for example, may be useful in minimizing the damage by fire in various

ecosystems.

The results for the third objective elucidated the utility of the spatial autocorrelation
method, the emerging hotspot analysis, in mapping the spatiotemporal fire occurrence
patterns in Zimbabwe. Using the MODIS satellite fire data, fire occurrence was
observed to be seasonal, occurring mostly from April to October. The emerging hotspot
analysis algorithm was successfully used for the detection of spatiotemporal patterns of
fire occurrence. The research findings offer valuable information relevant to developing
and implementing fire management strategies. The redefinition of the fire season from
the analysis is imperative for the reconsideration of Zimbabwe’s current fire season

which may enhance fire management decision-making.
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4. The research findings for the fourth objective unveiled the incorporation of climatic,

anthropogenic, topographic and anthropogenic factors into predicting fire occurrence
using the Maxent model with a good model accuracy (AUC=0.77). The fire risk model
developed based on the Maxent model results together with the information about the
key drivers is critical to fire management decision-making. For example, areas which
are highly prone to fire occurrence can be identified and appropriate measures put in

place.

6.3 Limitations, Recommendations and Future Possibilities

This study was based on a retrospective analysis of spatiotemporal vegetation fire
dynamics utilising the historical MODIS satellite fire data. The study revealed that the
African continent has been understudied in terms of assessing the utilisation of remote
sensing methods in detecting the impacts of fires on ecosystems and the flow of
ecosystem services. Furthermore, the study unveiled the importance of spatial clustering
in mapping the spatial clusters of fire occurrence in Zimbabwean landscapes. The
MODIS daily active fire data offers an opportunity for monitoring fire occurrence across
local, regional and global landscapes. Additionally, the capability of the MODIS sensor
to measure the fire intensity in the form of fire radiative power (FRP) provides key
information for fire monitoring. Overall, the combination of spatial clustering
techniques and spatial modelling results in generation of important information for fire
management decisions. While the MODIS data provides critical fire monitoring
information, its coarse spatial resolution (1km) limits its accuracy for local applications.
There was also limited incorporation of anthropogenic factors in the analysis. In this
regard, the study therefore recommends the following for future research. While remote
sensing allows for the analysis of spatial and temporal dynamics of fire occurrence,
there is a need for further explanation which can be enhanced by incorporating the socio-
economic factors. Remote sensing methods fail to detect the political, socioeconomic
and cultural influence on fire occurrence. There is therefore need for further
investigation based on approaches that integrate earth observation and field survey data

to enhance the understanding of the spatiotemporal fire dynamics.

While this thesis focused on analysing the spatiotemporal fire dynamics at the national

scale, there is a need for local-scale future studies to better understand the factors
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governing fire occurrence. For instance, future studies should focus on understanding
the drivers contributing to the occurrence of high-intensity fires observed in the Eastern
highlands of Zimbabwe and the very high fire risk zones detected in the Mashonaland
provinces. More spatially detailed studies will provide more useful information for

local-scale fire management decision-making

Due to the free availability of the MODIS fire occurrence data and the Maxent model,
further research can explore the prediction of fire hazard zones at a smaller scale, for
example, district of ecoregion level. This will provide finer-scale information which
may be useful to the local fire management teams in their decisions for local fire

management.
New studies should focus beyond just the prediction of the spatial and temporal

occurrence of vegetation fires and also assess the impacts of fires on ecosystem services

within the predicted fire hazard zones.
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