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EXECUTIVE SUMMARY

The aim of this project was to gain deeper insights into the forest and wildfire dynamics within
the Greater Kafue Ecosystem for the Kafue Nature Alliance (KNA). Comprised of local and
international organizations, the KNA strives to enhance community forest management, mitigate
forest degradation, and understand the interconnectedness between climate change and human
health in Zambia's Kafue region. My involvement stemmed from Duke University's partnership
with USAID, the driving force behind the KNA. The KNA sought to obtain baseline metrics for
the forest, air, and water quality in the region, and to discover the determinants of human health
in the area. I was initially tasked with establishing the study in Zambia and training data
collectors, which started in the spring semester of 2023 and culminated in two weeks of on-site
training in May. Because of unforeseen delays in obtaining water quality, air quality, and human
health data, I focused on forest data in tandem with online remote sensing data. This study was
conducted in two Zambian Game Management Areas (GMAs), the Lunga Luswishi GMA and
Kasonso Busanga GMA.

To analyze burn severity, I obtained monthly burn area data from 2002 to 2022. I focused on
remote sensing data from 2016 to 2022. I used the MODIS satellite burn area detection to
estimate monthly burn area. Using Sentinel-2 multispectral data, I calculated the differenced
normalized burn ratio to assess pre- and post-fire vegetation quality, categorizing burn severity
into seven classes. Four of the seven classes were defined as burning (low to high severity). |
reclassified these four classes into 1-4, and then averaged the classes as a metric of monthly burn

severity. I also used weather data from CHIRPS and TerraClimate.

Using a linear model, I identified year, precipitation, and soil moisture as significant predictors
of burn severity variation. Notably, year and precipitation showed an inverse relationship with
burn severity, while soil moisture was positively correlated with burn severity. These results
provide a baseline for monthly burn severity trends, aiding the KNA in evaluating fire

management interventions.

To calculate aboveground biomass of woodlands, I used data from 30 25x250m plots (300
subplots 25x25 m) collected in the field. These data included tree height, diameter at breast



height (DBH), alive status, genus, and species. By combining DBH, height, and species-level
wood density, I calculated above-ground biomass for individual trees, subplots, and plots. To
assess the potential of predicting above-ground biomass using Sentinel-1 (S1) and Sentinel-2
(S2) satellite data, I gathered band information and 11 vegetation indices from S2 bands, along
with spatial data including slope, aspect, and elevation. Using multiple regression, I identified
VV (S1), B3 (S2), and NBR2 (S2) as the best predictors for above-ground biomass using

stepwise reduction.

Using a general linear model with a gamma distribution, I predicted above-ground biomass for
the entire forested region within the study area. Notably, spatial slope, aspect, and elevation

values did not exhibit significant relationships with above-ground biomass.

The key findings include:
1. Burn severity over the past 7 years has decreased in the study region.
2. Precipitation (-) and soil moisture (+) have significant explanatory power on the variation
in burn severity.
3. We can predict 27% of the variation in above-ground biomass using Sentinel-1 and

Sentinel-2 remote sensing data.

The key recommendations include:
1. This project should integrate the burn severity data with the ongoing health information
and look at the spatial variation as well.
2. If the community seeks forest carbon projects or forest management efforts, they should
concentrate them on the areas with higher above-ground biomass.
3. The community can also use the predicted above-ground biomass map to determine

where to focus wildfire management projects and interventions.
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I. INTRODUCTION

The 2022 United Nations Environment Programme's (UNEP) "Noise, Blazes, and Mismatches"
report highlighted a significant disparity in global wildfire occurrences, revealing that despite
widespread media coverage of fires in Australia, Europe, and North America, a staggering 67%
of the world's burned area occurred in Africa between 2002-2016 (UNEP, 2022). Additionally,
African forests have been experiencing dynamic changes due to factors including climate change
and human activities (Wei et al., 2023). This underscores the urgent need for local communities

in Africa to have access to accurate information for the sustainable management of their forests.

Within this context, our project zooms in on forests and wildfires in Zambia, specifically within
the Greater Kafue Ecosystem. Despite their critical role in carbon storage and livelihood support,
Zambia's dry tropical forests remain among the least studied globally (Ribeiro et al., 2021). Our
focus is twofold: examining the dynamics of burn severity in the region and estimating the

above-ground biomass within the Miombo woodlands.

Wildfires are a prevalent phenomenon in Zambia, occurring alongside cultural burns and other
human-induced fires. The significance of fire as an ecosystem process within the Miombo
woodlands spans millennia (Ribeiro et al., 2021). However, the effects of wildfires in the region
have not been extensively studied. Given the looming impacts of climate change, understanding
the existing fire regime is imperative for anticipating future wildfire patterns (ZAWA, 2007).
This urgency is compounded by the various health hazards associated with wildfires, including
direct exposure to flames, inhalation of smoke, and water contamination, primarily from
particulate matter such as PM2.5 (Finlay et al., 2012).While wildfires in Zambia underscore the
urgent need for comprehensive research and management strategies, understanding the broader
ecosystem dynamics, such as above-ground biomass (AGB), is equally vital for effective

conservation and climate change mitigation efforts.

Above-ground biomass (AGB) serves as a crucial metric for forest analysis, representing live
stems, large branches, and coarse woody debris. In Zambia, forests harbor 90% of the country's

AGB (Vinya et al., 2011). AGB is not only instrumental in assessing carbon stocks but also in



mitigating climate change, as forests play a pivotal role in carbon sequestration (Ashton et al.,
2012). Utilizing remote sensing techniques to estimate AGB offers a cost-effective alternative to

traditional field methods (Timothy et al., 2016).

With this background serving as our catalyst, this project aims to address the following research
questions: (i) How do changing weather variables affect wildfire severity? (ii) How do spatial
attributes influence forest structure? (iii) Can remotely sensed data accurately estimate above-

ground biomass?

Using methods outlined in previous studies in other regions, the hypotheses for this study are
first, that temperature (+), soil moisture (-), and precipitation (+) all influence the variability in
burn severity. Second, that elevation, slope, and aspect are all significant predictors of above-
ground biomass. Lastly, that Sentinel-1 and Sentinel-2 data can accurately predict the

study areas forested above-ground biomass.

II. METHODS

We performed a comprehensive review of existing research conducted globally to inform the
methods employed in this study. Drawing upon a diverse range of studies, we have developed a
methodology tailored to address the specific objectives of our research. We aim to build upon
existing knowledge and contribute novel findings to the field by focusing on an understudied
region of the world. In all analyses conducted in our study, a significance level (alpha) of 0.05
was used to determine statistical significance. This threshold was chosen based on convention

within the field.

2.1 - Related Studies

Previous studies across the world have looked at the efficacy of using remote sensing for above-
ground biomass estimations and then using these estimations to quantify carbon. While it is

agreed that the traditional approach of extensive field measurements will result in higher



accuracies, these approaches are often limited by time, cost, and labor capacities (Timothy et al.,
2016). Comparatively, remote sensing data can provide landscape scale forest monitoring data
with enhanced monitoring capabilities when integrated with local forest management practices
(Fassnacht et al., 2024). There are many contrasting opinions about the best method for using
remote sensing to determine aboveground biomass (AGB) estimations. LIDAR data is one of the
newer technologies used for AGB estimation, specifically the GEDI satellite. Campbell et al.
(2021) found that in American western woodlands the multispectral (Landsat) satellite
outperformed the GEDI satellite in the AGB estimates. Still, the best estimate was from the
combined multispectral and GEDI satellite data (Campbell et al., 2021). While Muumbe et al.
(2021) found in Malaysia that the use of terrestrial laser scanning and quantitative structure
modeling tended to overestimate AGB by 30% when compared to field measurements (Muumbe
et al., 2021). Nesset et al. (2020) found that estimates of global canopy height and AGB maps
that did not utilize any local field data had substantial errors, which dramatically reduced with
calibration from local data. They stressed the importance of not only relying on global datasets,
but also the significance of local and regional data (Nesset et al., 2020). All of these studies
highlight the need for a combination of field measurements with remote sensing data to get the
most accurate results when conducting research without the capability to employ extensive field

methods.

In our study we utilize two types of remote sensing data, multispectral and radar, to determine
regional AGB for forests, reflecting previous analyses in similar regions. Macave et al. (2022)
used multispectral (Landsat-8/OLI and Sentinel-2A/MSI) and radar (Sentinel-1B and
ALOS/PALSAR-2) to run a multiple linear regression which related the ground data with the
satellite data to estimate AGB in the Miombo woodlands of Northern Mozambique (Macave et
al., 2022). Similarly, David et al. (2022) used Sentinel-1 and Sentinel-2 to conduct a multivariate
random forest regression estimate to predict AGB in southern African dryland forests (David et
al., 2022). Our study hopes to use similar methodology in a slightly different landscape to

determine the efficacy of this approach.

Studies have also used remote sensing to estimate burn severity after a fire. Notably, Konkathi

and Shetty (2021) found that both Sentinel-2 and Landsat-8 provided similar estimates of burn



severity. They also determined that relative difference normalized burn ratio (RANBR) was the
best method for determining burn severity, with the differenced normalized burn ratio (ANBR)
being the second best (Konkathi & Shetty, 2021). NBR is a widely accepted metric derived from
vegetation reflectance values in the near infrared (NIR) and shortwave infrared (SWIR) bands
(UN-Spider, n.d.). Cai and Wang (2020) showed the opposite citing that ANBR is more reliable
than RANBR while suggesting that RANBR is best utilized on homogenous landscapes but
otherwise tends to underestimate burn severity (Cai & Wang, 2020). We used the dNBR due to
the heterogeneity potential within our landscape to determine the burn severity trends in the

study area.

2.2 - Study Area

This study was conducted in two Game Management Areas (GMAs) in Zambia surrounding the
Kafue National Park: Kasonso Busanga GMA and Lunga Luswishi GMA (Figure 1). Zambia
has some of the largest protected areas in Southern Africa and contains 19 national parks and 34
GMAs (GRZ, 1994). The Game Management Areas are communally owned protected areas,
many of which have human settlements (GRZ, 2015). The Kaonde, Nkoya, and Lozi peoples all
inhabit the Lunga Luswishi GMA and the Kasonso-Busanga GMA (ZAWA, 2007).

We determined the study area for this project through a collaboration with an established
coalition focusing on assessing the short and long-term effects of climate change within Zambia.
To facilitate a comprehensive investigation, the two Game Management Areas (GMAs) were
identified as suitable regions for ongoing projects and were thus chosen as the primary study
area. Lunga Luswishi GMA was designated as the treatment region due to the future
implementation of interventions. Kasonso Busanga GMA was selected as the control region. We
employed a stratified random sampling approach to determine the specific locations within the
GMAs for data collection. Using a Sentinel-2 land use land cover classification from 2021, we
situated the 30 plots within forested areas (ESRI et al., 2021). To optimize data collection
logistics, a criterion of 5 km proximity to roads was enforced to facilitate accessibility for
fieldwork.



nnnnnn

MALI NIGER

NIGERIA

ETHIOPIA

TANZANIA

IIIIIIII

N

o S

AFRICA

INDIA MYANMAR
(BURMA)

Copperbelt

Legend

Lunga Luswishi
GMA

Kasonso Busunga
GMA

Kafue National
Park

h
0 500 1,000 2.000 Kilometers
4 0 25 50 100 Kilometers

===

Esri, TomTom, Garmin, FAO, NOAA, USGS, Esri,
TomTom, FAO, NOAA, USGS, Esti, USGS

Figure 1: Study area in the context of the African region.

2.2a - Greater Kafue Ecosystem

Kafue National Park encapsulates Zambia's diverse and abundant ecosystems, and it is the third
largest national park in Africa. The Greater Kafue Ecosystem (GKE) accounts for the national
park and its surrounding Game Management Areas (GMAs). In total, the GKE is 66,000 km? and
is primarily comprised of plains, riverine zones, and woodlands. This region is well known for its

host of megafauna species, stretching across three ecoregions (Panthera, 2022).

Zambia has expansive forest cover, with about 59% of the total land area under forest cover
(USAID, 2017). Zambia's forest is mainly open Miombo woodlands, making up ~40% of
Zambia's forest (Vinya et al., 2011). Within Sub-Saharan Africa, Miombo woodlands represent
the largest dryland forest ecosystem, with the range extending across seven countries (Macave et
al., 2022). Forests are a significant contributor to Zambia's economy and society while also
providing hotspots for biodiversity in the region (ZAWA, 2007). From 2000-2020, Zambian
forest cover decreased by 7.3% (GFW, 2023). According to the UN-REDD+ program, the
primary causes of deforestation in the region can be categorized into agricultural expansion,
wood extraction (charcoal, fuelwood, and logging), infrastructure development (settlements and
industrial and urban expansion), and fires. The underlying drivers of deforestation are socially

driven issues, including high poverty levels, low employment opportunities, brick-making,



tobacco curing, insecure tenure rights, low institutional capacity, and lack of cohesion in policies

(Vinya et al., 2011). In this study, we focused on wildfires as a deforestation driver in the region.

2.2b - Wildfires in Zambia

The prevalence of uncontrolled wildfires in Zambia is a significant concern for land managers
and communities dependent on the land for their livelihoods. Human activities are the primary
cause of wildfires in the region, with factors such as land cultivation, honey collection, charcoal
production, tourism activities (including hunting and safaris), cigarette smoking, and ZAWA
(Zambia Wildlife Authority) patrols identified as leading anthropogenic contributors (ZAWA,
2007). While environmental factors like lightning are not the primary ignition source, climate
change-induced longer and drier seasons increase forest susceptibility to fire and intensify fire

severity.

Protected areas like Kafue National Park often experience burns, influencing ecological
dynamics within the Miombo Woodlands. Distinct ecological groups—fire-dependent, fire-
sensitive, and fire-independent—respond differently to fire disturbances, resulting in varied
successional stages post-fire (Hollingsworth et al., 2015). Additionally, fires, combined with
elephant activity, can lead to woodland conversion to more open landscapes and eventually
grasslands, which enhances flammability and exacerbates fire severity (ZAWA, 2007; Saito et
al., 2014). Fire management in the study area is primarily overseen by the Zambia Wildlife
Authority (ZAWA) (ZAWA, 2007). Zambia's climate change management strategy aims to

address capacity limitations in wildfire management (Hollingsworth et al., 2015).

As temperatures rise due to climate change, the threat of uncontrolled fires escalates,
underscoring the need for effective fire management strategies. In the Greater Kafue Ecosystem
(GKE), fire occurrence aligns with distinct climatic seasons: hot and rainy, dry and cold, and hot
and dry. Burning seasons correspondingly follow these climatic patterns, with early, mid-dry,
and late burning periods observed (ZAWA, 2007). Late-season fires are particularly concerning
due to their detrimental impact on fire-intolerant species regeneration, potentially leading to

lasting effects on biodiversity. Some studies advocate for early dry-season burning as a



mitigation measure to prevent more severe late-season wildfires (Lipsett-Moore et al., 2018).
Proponents argue that early burning reduces fuel accumulation, mitigating the risk of larger late-
season fires, while others emphasize the need for overall stricter fire control and suppression

measures to sustain ecosystems (Saito et al., 2014).

2.3 - Burn Severity

Burn severity is defined as the level of soil and vegetation change after a fire. Land managers
and those who rely on the land use burn severity to understand trends and predict how climate
change and other factors may influence burn severity in the future. Researchers and land
managers utilize satellite imagery analysis to measure burn severity on a large scale. Because of
the change in vegetation and soil after a fire, the spectral signature of the reflected bands from
the satellite also changes. This change in spectrum allows for the detection of forest canopy loss
(Konkathi & Shetty, 2021). Burn severity is measured through different types of vegetation
indices to compare the changes before and after a fire event. Management primarily focuses on
decreasing burn severity from high to low due to the impracticality of full suppression, so it is

advantageous to understand burn severity trends (Ryan & Williams, 2011).

2.3a - Data Collection

We conducted burn severity assessments for 20 fire seasons (2002-2022) using established code
provided by UN-SPIDER in Google Earth Engine. Remote sensing data from Sentinel-2 (2016-
2022), Landsat-8 (2013-2015), and Landsat-7 (2002-2012) satellites were utilized for the initial
burn severity estimation, employing multispectral imagery for both before and after the fire
months. The time range for the pre- and post-fire imagery ranged from two months to two weeks,
aiming to minimize the duration while capturing sufficient satellite paths without cloud cover.
Although our original plan included using burn severity reports from all satellites, we
encountered inconsistencies in the available data. As a result, we opted to utilize only the most
recent Sentinel-2 data from 2016-2022 due to its higher spatial resolution and shorter data

collection timeframe surrounding the burn month. Sentinel-2's enhanced ability to differentiate
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vegetation conditions and detect variations and absence in vegetation cover was deemed

advantageous (Howe et al., 2022).

Importantly, burn severity calculations were restricted to known fire locations identified using
Moderate Resolution Imaging Spectroradiometer (MODIS) data (product
"MODIS/006/MCD64A1"), which detects active fires and burn scars. Burn severity was
quantified using the differenced Normalized Burn Ratio (INBR). The dNBR calculation, defined
as the difference between pre-fire and post-fire NBR values, facilitated the generation of burn

severity maps. The equations for NBR and dNBR are provided by UN-SPIDER and Konkathi &
Shetty (2021):

(1) NBR = (NIR - SWIR)/(NIR+SWIR)

(2) dNBR = NBR(pre-fire) - NBR(post-fire)

Equations 1-2: Equation (1) for Normalized Burn Ratio (NBR) with the variables: near-infrared
(NIR) and short-wave infrared (SWIR). Equation (2) for the differenced Normalized Burn Ratio
(dNBR) with the variables being the NBR before and after the fire month (UN-SPIDER, n.d.;
Konkathi & Shetty, 2021).

This approach allowed for the assessment of burn areas detected by MODIS, with each pixel in
the study area assigned a corresponding severity value (Table 1) (UN-SPIDER, n.d.).

Table 1: Burn severity classes and thresholds proposed by USGS taken from UN-SPIDER Step
by Step: Burn Severity Mapping in Google Earth Engine (UN-SPIDER, n.d).

Severity Level dNBR Range (scaled by 103) dNBR Range (not scaled)
[ Enhanced Regrowth, high (post-fire) -500 to -251 -0.500to -0.251
Enhanced Regrowth, low (post-fire) -250to -101 -0.250t0 -0.101
I Unburned -100 to +99 -0.100 to +0.99
Low Severity +100 to +269 +0.100 to +0.269
Moderate-low Severity +270 to +439 +0.270 to +0.439
B Miderate-high Severity +440 to +659 +0.440 to +0.659
H High Severity +660 to +1300 +0.660 to +1.300
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2.3b - Analysis Methods

After retrieving monthly burn severity data for burned areas within each Game Management
Area (GMA) over the seven-year period, we examined the influence of weather variations and
environmental factors on burn severity variation. We calculated the weighted average of burn
severity by assigning numerical values to the severity classifications (1-4), encompassing low
severity (1), moderate-low severity (2), moderate-high severity (3), and high severity (4). Soil
moisture and maximum temperature data for the entire study region were obtained from
TerraClimate: Monthly Climate and Climatic Water Balance for Global Terrestrial Surfaces,
University of Idaho, with a resolution of 4638.3 meters (Abatzoglou et al., 2018). Precipitation
data for the entire study region were sourced from CHIRPS Daily: Climate Hazards Group
InfraRed Precipitation With Station Data, with a resolution of 5566 meters (Funk et al., 2015).
Utilizing this data, we conducted a series of linear regression models on the logged response

variable to assess the explanatory power of environmental variables on burn severity.

2.4 - Plot- Level Above-Ground Biomass

2.4a - Field Data Collection :
2

Forest data collection took place between September 25 - November 3, 3

2023, and was carried out by a local forester and two forestry 4

technicians. We provided coordinates for the corner of each plot. In

cases where the plots were not accessible or were outside of forest ‘4‘2 >

habitat, the team randomly selected a cardinal direction and walked to 2 6

the nearest forested area. 7
8

The field team sampled 30 (25 x 250 m) plots divided into 10 (25 x 25

m) subplots (Figure 2). In each plot, the forest team tagged and ?

measured all trees with a diameter-at-breast-height (DBH) greater than 10

10 cm. For each tree, they measured the DBH and recorded tree status 25 meters

(alive or dead), genus, species, and the tree tag number. To determine

orientation.

Figure 2: Forest plot
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tree heights, the team used a laser finder to take three height measurements for around ten trees
within each plot, but the total tree height measurements varied between plots. The sampling plan
criteria were adapted from the RAINFOR Field Manual for Plot Establishment and
Remeasurement (Phillips et al., 2001).

2.4b - Above-Ground Biomass

To interpolate the above-ground biomass (AGB) estimations across the region, we first
calculated the AGB for each tree using the BIOMASS package in the R program. We summed
each tree’s AGB to calculate overall AGB for each subplot and plot. Diameter at breast height
(DBH), height, and wood density were used for the AGB calculation (Réjou-Méchain et al.,
2017). Because not all trees were measured for height per plot, we built a landscape-scale height-
diameter model to predict the heights of unmeasured trees. We compared four height-diameter
models and selected the model with the lowest residual standard error (RSE). The r-squared
value of the model is 0.39, meaning that 39% of the variance in height is explained by the
relationship with DBH (Figure 3).

Model comparison

20
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—~
E v
I
10 . . .
. T o ] — log1
PEa ) . log2
8 et g - weibull
s ‘ -=- michaelis
10 20 50
D (cm)

Figure 3: Height-diameter model showing the log2 model we used for our height-diameter

prediction.
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Wood density was calculated as the oven-dry mass divided by the green volume of a tree,
ranging from 0 to 1.5 g cm™ (Chave et al., 2009). We assigned species-level, or where necessary
genus-level, wood density values sourced from the global wood density (GWD) database (Chave

et al., 2009).

With DBH, height, and wood density for each tree, we estimated AGB using the allometric
equation 4 derived by Chave et al. (2014), converting the plot-level AGB estimates to
Megagrams (Equation 3). To convert AGB to carbon, we multiplied the AGB by 0.476
(Thomas & Martin, 2012).

3) AGB.., = 0.0673 x (pD?H)0°76
( est P

Equation 3: Allometric equation used to determine plot above-ground biomass (p = Wood

density (g cm™); D = Diameter at breast height (cm); H = Height (m)) (Chave et al., 2014).

2.5 - Remotely Sensed Above-Ground Biomass

Using the AGB derived from plot-level data, we estimated the AGB for the entire forested
portion of our study area. We followed the methods of David et al. (2022) who estimated AGB
in Southern Africa drylands forests using tree measurements and Sentinel-1 and Sentinel-2

satellite data (David et al., 2022).

2.5a - Satellite Image Data Collection

For the remote-sensing component of above-ground biomass calculations and analysis, we used
Sentinel-1 and Sentinel-2 data obtained from Google Earth Engine (GEE) due to their advanced
pre-processing capabilities and ease of extraction. Plot boundaries were delineated using latitude
and longitude points collected in the field, with subplots established by dividing each large plot

into 10 equal squares. We extracted reflectance values from both satellites for areas overlapping

14



the plots during the same month as data collection. For each subplot, median reflectance values
for all pixels were extracted. These values along with slope, aspect, and elevation were used to
establish relationships with subplot-level AGB (David et al., 2022). The spatial data were
derived using NASA Digital Elevation 30m resolution data (NASA JPL, 2020).

2.5b - Pre-Processing Sentinel-1 and Sentinel-2

The pre-processing of Sentinel-1 (S1) C-band SAR satellite data was conducted using Google
Earth Engine (GEE). Radar data is minimally affected by cloud cover but can be influenced by
wind and rain (David et al., 2022). We acquired imagery for the entire year (2023) to ensure we
had images for each subplot. If any subplots had more than one reflectance value associated with
a particular band, we took the median value to ensure continuity in the data. The bands extracted
from Sentinel-1 were VV and VH, which represent the vertical and horizontal polarization
values, respectively. Polarization values can reveal unique characteristics of the earth’s surface,

and because of this they are often employed in forest analyses (ESA, n.d.).

The pre-processing for the Sentinel-2 satellite multispectral reflectance values was completed in
GEE as well. GEE was utilized because of the programs ability to mitigate cloud cover. We
collected Sentinel-2 data for the field data collection time frame (09/25/2023 — 11/03/2023) and
took the median values of each band for each subplot. We used both the bands reflectance values
and different vegetation indices created from these bands as determinants of AGB as outlined by
other studies (David at al., 2022, Hawrylo et al., 2018). The bands used from the Sentinel-2
satellite were bands 1-8A and bands 11-12, which were then used to create 11 vegetation index

values (Table 2).
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Table 2: Vegetation indices

and the equations used to calculate them (David at al., 2022).

Vegetation Index

Formula

Band 8 — Band 4

(Green Normalized
Difference Vegetation

NDVI
(Normalized Difference
Vegetation Index) Band 8 + Band 4
GRVI
Band 3 - Band 4
(Green-Red Vegetation an an
Index) Band 3 + Band 4
EVI
(Enhanced Vegetation 2.1 X Band 8- Band 4 X (Band 8+ 6 X Band 4 — 7.5 X Band 2) +
Index) 1
GNDVI
Band 8 - Band 3

Band 8 + Band 3

(Modified Soil-Adjusted
Vegetation Index 2)

Index)

NBR Band 8 - Band 12
(Normalized Burn Ratio) Band 8 + Band 12

NBR2 Band 11 - Band 12
(Normalized Burn Ratio 2) Band 11 + Band 12

Soil Adjunted Vegetati (Band 8- Band4) ) ;¢

(Soi Jﬁigex) cectation (Band 8 + Band 4 + 05)) ~

MSAVI2

SAV 2><Band8+1—\/(2><Band8+1)2—8><(Band8—Band4—)

2

Band 5 - Band 4

(Normalized Difference Red

NDI45
(Normalized Difference
Index 45) Band 5 + Band 4
(Infi H;ERCE Ed Band 7 — Band 4
nfrared-Re ge
Chlorophyll Index) Band 5 / Band 6
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2.5¢ - Methods and Models

We conducted a comprehensive analysis utilizing all available bands (VV, VH, B1-B8A, and
B11-12), vegetation indices, and spatial variables such as slope, elevation, and aspect as
explanatory variables. Through simple linear regressions for each individual variable with
subplot AGB as the response variable, we identified the explanatory variables with the highest r-
squared values, indicative of stronger explanatory power. Subsequently, we assessed Pearson’s
correlation coefficients to avoid multicollinearity when selecting explanatory variables for our
model. To ensure model integrity, we employed VIF scores to gauge multicollinearity within the
initial model comprising all predictor variables (David et al., 2022; Lu, 2006). Lastly, employing
a generalized linear model with a gamma distribution, we conducted a stepwise regression to

select our final prediction model (Equation 4).

(4) AGB = (VV x —0.14 + B3 x 0.00985 + NBR2 X 4.53) — 6.34
Equation 4: Above-ground biomass prediction model for estimating forested AGB in study area.

Using the final prediction model, we then collected the VV, Band 3, and NBR2 values for each
pixel in the forested area of our greater study region and input these new values to predict
landscape scale above-ground biomass. The forested area was derived using the tree cover
percentage data from Global Forest Watch which was developed by Brandt & Stolle (2021). We

used a threshold of 50% tree cover to determine forested area.

III. RESULTS

3.1 - Burn Severity

The exploratory analysis of burn severity reveals temporal trends of burn severity from the
Sentinel-2 satellite (Figure 4). Across the typical fire season in Zambia, spanning from 2016 to
2022, our analysis revealed a consistent decline in burn severity for all months, with the one

exception being November.
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Equation: y = -0.04 x + 81.63

18

@
i

Weighted Average Bum Severity

.
a a¥
* ®

%4

Gl p
RS <
0 ®

Year

Average Burn Severity for Pixels were Burned in November
R-squared: 0.055

p-value: 0.656

Equation:y = 0.02 x + -42.74

a

Weighted Average Bum Severity

Year

Figure 4: The trends for burn severity for each month within the typical fire season between
2016 — 2022 based on the weighted average burn severity per year for the pixels that were

burned within the study area.

We investigated the average burn severity for each year's fire season, aiming to test the

hypothesis that variations in soil moisture, temperature, and precipitation correlate with changes

in burn severity. Our analysis revealed significant relationships between burn severity and both

18



soil moisture and precipitation. Surprisingly, temperature did not exhibit a significant association

with burn severity (Table 3).

Table 3: Statistical summary of the linear model run on the log of the burn severity response

variable.
Coefficient Std Error T-Value P-Value
(Intercept) 82.2166 24.4422 3.3637 0.0017
Year -0.0412 0.0121 -3.3974 0.0015
Precipitation -0.0006 0.0002 -2.3709 0.0225
log(Soil) 0.1859 0.0424 4.3814 <0.001

We found that, for every additional year, burn severity decreased by approximately 4% (P =
0.0015). We also found that for every unit increase in precipitation, average burn severity
decreased by approximately 1% (P = 0.0225). Interestingly, we found that for every 1% increase
in soil moisture, while holding all other variables constant, burn severity increased by
approximately 0.1859% (P < 0.001). These results are based on a general linear model that met
all necessary assumptions, including normality of residuals (p > 0.05, Shapiro-Wilk test),
homogeneity of variances (p > 0.05, Levene's test), and absence of multicollinearity (Variance
Inflation Factor [VIF] < 10). With this model we were able to explain 41.39% of the variance in
burn severity (R? = 0.4139, F-statistic: 11.36, DF =41, P-value <0.001).

3.2 - Above-Ground Biomass

3.2a — Plot-Level Above-Ground Biomass

The forest plot-level above-ground biomass analysis provided insights into the species
composition of the region, as well as the above-ground biomass and carbon stock within the
plots. Our study revealed that the study area is predominantly characterized by Julbernardia
paniculata, Isoberlinia angolensis, and Brachystegia boehmii, which form a common dominant

species complex in Miombo woodlands (Ribeiro et al., 2021) (Table 4).
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Table 4: Species counts for the tree species found across the two GMAs.

Species Count Species Count Species Count
Julbernardia paniculata 810 Brachystegia longifolia 18 Combretum zeyheyri 2
Isoberlinia angolensis 726 Julbernardia globiflora 17 Cryptosepalum exfoliantum 2
Brachystegia boehmii 662 Ximenia americana 15 Faurea saligna 2
Diplorhynchus condylocarpon 295 Albizia versicolor 10 Faurea salignana 2
Brachystegia speciformis 210 Hymenocardia acidaa 10 Kigelia Africana 2
Pseudolachynostylis maprouneifolia 185 Acacia polyacantha 9 Piliostigma thonningii 2
Brachystegia floribunda 177 Albizia adianthifolia 9 Uapaca nitidula 2
Monotes africanus 159 Brachystegia allenii 8 Ziziphus abyssinica 2
Pericopsis angolensis 156 Ficus sycomorus 8 Annona senegalensis 1
Erythrophleum africanum 135 Strychnos cocculoides 8 Autranella congolensis 1
Combretum fragrans 124 Lonchocarpus capassa 7 Boscia salicifolia 1
Terminalia mollis 117 Zanha africana 7 Brachystegia stipulata 1
Albizia anthunesiana 110 Albizia amara 6 Brachystegia taxifolia 1
Pterocarpus angolensis 86 Balanites aegyptiaca 6 Combretum NA 1
Lannea discolor 80 Bauhinia pertesiana 6 Commiphora mossambicensis 1
Swartzia madagascariensis 77 Bridelia micrantha 6 Dalbergia nitidula 1
Uapaca kirkiana 71 Olax obtusifolia 6 Dalbergiella nyasae 1
Diospyros batocana 59 Cassia abbreviata 5 Diospyros NA 1
Ochna pulchra 58 Oldfieldia dactlophylla 5 Entada abyssinica 1
Combretum collinum 56 Strychnos spinosa 5 Faidherbia albida 1
Parinari curatelifolia 56 Brachystegia manga 4 Ficus NA 1
Anisophylea boemii 53 Sclerocarya caffra 4 Isunde NA 1
Combretum molle 52 Strychnos pungens 4 Kafulamume NA 1
Sysygium guineense 48 Uapaca sansibarica 4 Kashushu NA 1
Crossopteryx febrifuga 40 Vitex doniana 4 Kigelia africana 1
Uapaca nitida 38 Erythrina abbysinica 3 Marquesia macroura 1
Dichrostachys cinerea 30 Hexalobus monopetalus 3 Monotes glaber 1
Diospyros mespiliformis 29 Hymenocardia acida 3 Moyeye B 1
Brachystegia bussei 27 Mukondefufu NA 3 Sangaluyembe NA 1
Brachystegia utilis 27 Oncoba spinosa 3 Steganotaenia araliacea 1
Maprounea africana 26 Pterocarpus antunesii 3 Sterculia africana 1
Monotes elegans 26 Azanza garckeana 2 strychnos spinosa 1
Phyllocosmus lamaireanus 23 Baikiaea plurijuga 2 Sungwa NA 1
Afzelia quanzensis 19

The inputs utilized to derive the above-ground biomass results included individual tree height

(m), diameter at breast height (DBH) (cm), and wood density (kg/m3). Importantly, the ranges of

individual values for all subplots fell within the expected ranges for this region (Table 5).

Table 5: Ranges for inputs to individual tree
biomass allometric equation.

DBH (cm) Height (m) W°Z‘:g;);:‘)s'ty
Min 10 7.1 0.28
Max 93.7 19.3 0.99
Mean 20.97 12.73 0.67
St Dev. 10.45 1.74 0.08
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The above-ground biomass ranges from 28.25 Mg ha-1 in plot 9 (Kasonso Busanga) to 132.17

Mg ha-1 in plot 24 (Lunga Luswishi). Notably, these estimates align with the ranges reported in

previous studies utilizing various methodologies (Handavu et al., 2021) (Table 6).

Table 6: Above-ground biomass estimates from the plot level measurements using Chave et al.

allometric equation (2014).

Plot AGB (mg) AGB (mg/ha) GMA Plot AGB (mg) AGB (mg/ha) GMA
1 33.33 53.32 Kasonso Busanga 16 27.14 43.42 Kasonso Busanga
2 28.50 45.61 Kasonso Busanga 17 61.92 99.08 Kasonso Busanga
3 34.14 54.62 Kasonso Busanga 18 51.92 83.07 Lunga Luswishi
4 48.67 77.88 Kasonso Busanga 19 69.14 110.62 Lunga Luswishi
5 26.16 41.86 Lunga Luswishi 20 58.18 93.09 Kasonso Busanga
6 36.83 58.93 Lunga Luswishi 21 49.47 79.16 Kasonso Busanga
7 35.41 56.65 Kasonso Busanga 22 50.39 80.62 Kasonso Busanga
8 34.20 54.71 Kasonso Busanga 23 50.74 81.19 Lunga Luswishi
9 17.66 28.25 Kasonso Busanga 24 82.61 132.17 Lunga Luswishi
10 62.36 99.78 Lunga Luswishi 25 66.69 106.70 Lunga Luswishi
11 67.20 107.52 Lunga Luswishi 26 57.48 91.97 Lunga Luswishi
12 28.17 45.08 Lunga Luswishi 27 41.10 65.75 Lunga Luswishi
13 21.37 34.18 Kasonso Busanga 28 45.26 72.41 Lunga Luswishi
14 62.94 100.71 Kasonso Busanga 29 60.28 96.45 Lunga Luswishi
15 28.79 46.07 Kasonso Busanga 30 62.51 100.02 Lunga Luswishi

3.2b - Remotely Sensed Above-Ground Biomass

We hypothesized that we would be able to predict above-ground biomass for the region using
Sentinel-1 (S1), Sentinel-2 (S2), vegetation indices, and spatial variables (slope, aspect, and
elevation) from a 30m DEM. To test this hypothesis, we used a general linear model with a

gamma distribution to run a stepwise regression on the predictor variables that did not show

multicollinearity and had the highest predictor power. These variables included: VV, VH, Band
3,Band 11, MSAVI2, NBR2, slope, aspect, and elevation.

Table 7: Statistical summary of the general linear model with a gamma distribution run on the

subplot level above-ground biomass response variable.

(Intercept)
\'AY
Band 3
NBR2

Coefficient
-6.3366
-0.1393
0.0099
4.5277

Std Error
1.3946
0.0777
0.0014
2.5620

T-Value

-4.5438
-1.7926
7.0580
1.7673

P-Value

<0.001
0.0752
<0.001
0.0793
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We fitted a general linear model (gamma family with inverse link) to predict above-ground
biomass (Mg ha-1), and through a stepwise regression, we found a model that predicted
approximately 27% of the variation in AGB (R? = 0.27, DF = 141, P-value <0.001). Our analysis
revealed that the V'V polarization from Sentinel-1 was inversely associated with AGB, while
Band 3 and NBR2 were positively associated with AGB (Table 7). Diagnostic checks confirmed
that the assumptions of the gamma distribution model were met, including examination of
residual plots for linearity, homoscedasticity, and the absence of outliers, as well as tests for

multicollinearity and goodness-of-fit assessments.

Using our model, we predicted above-ground biomass for the entire forested area within the
study region (Figure 5). The predicted AGB values ranged from -12.17 to 220.11 Mg ha-1, with
a mean of 43.94 Mg ha-1. It's important to note that these values were initially calculated at the
subplot level (25x25m). To facilitate comparison, we scaled up the calculated values by a factor
of 16 to represent them on a standardized Mg ha-1 scale. The negative values are likely due to

rounding errors which are compounded when applying the conversion factor.
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Figure 5: Predicted above-ground biomass values for the forested area within the study region.
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Histogram of Predicted AGB Values
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Figure 6: Histogram of predicted above-ground biomass values for the forested area within the

study region.

IV. DISCUSSION

4.1 - Interpretation of Findings
4.1a — Burn Severity

Our analysis aimed to investigate the relationships between burn severity, soil moisture,
precipitation, and temperature in the study area. Contrary to our initial hypotheses, we found
unexpected positive associations between soil moisture and burn severity, while precipitation
showed the expected negative relationship. Despite its hypothesized influence, temperature did
not emerge as a significant explanatory variable. This unexpected finding regarding soil moisture
may suggest either a complex interplay between variables or the possibility of soil moisture
serving as a proxy for other factors not captured in our analysis. The soil moisture is calculated
using a one-dimensional soil water balance model from the TerraClimate data. While this data is

effective on a macroscale, it may be too coarse for this analysis (Abatzoglou et al., 2018).
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Additionally, contrary to expectations based on climatic trends, we observed a decrease in burn

severity over the study period, challenging previous assumptions (ZAWA, 2007).

These findings are somewhat consistent with other burn severity studies within sub-Saharan
Africa. Many have found that burn area in Africa overall has been declining, but there are not
many conclusions about burn severity trends (Zubkova et al., 2019). Ferndndez-Garcia and
Alonso-Gonzalez (2023) did not find significant temporal trends in burn severity within Africa
(Fernandez-Garcia & Alonso-Gonzalez, 2023). Similarly, within the conterminous US, while
they are seeing larger and more frequent wildfires, burn severity has not changed significantly
over time (Picotte et al., 2016). The consensus among studies on the relationship between soil
moisture and burn severity suggests a decrease in soil moisture with increasing fire intensity,
influenced by factors such as soil type, organic matter content, and soil nutrient levels (Strydom
et al., 2019). These findings underscore the conclusion that there is still a lot more to learn about

environmental climate variables and their relationship with burn severity in this region.

We were able to account for roughly 41% of the variability in burn severity, indicating that
additional factors beyond those considered in our analysis may be contributing to changes in
burn severity within the region. Further investigation is warranted to identify and understand the

full spectrum of variables influencing burn severity in the area.

4.1b — Above-Ground Biomass

We initially hypothesized that above-ground biomass (AGB) could be effectively predicted for
the region using a combination of Sentinel-1 (S1) and Sentinel-2 (S2) data, vegetation indices,
and spatial variables derived from a 30m Digital Elevation Model (DEM), including slope,
aspect, and elevation. Contrary to our expectations, we did not observe any significant
relationships between these spatial variables and variations in AGB. Previous regional studies
have highlighted the utility of incorporating topographic variables in explaining AGB variations,
particularly for the development of REDD+ (Reducing Emissions from Deforestation and Forest
Degradation) projects (Salinas-Melgoza et al., 2018). However, our findings suggest that the lack

of landscape variation within the region may have limited the explanatory power of these
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topographic predictors. Consequently, these variables may not be optimal for informing REDD+

projects in the study region.

In addition to exploring the influence of topographic variables, we aimed to leverage remote
sensing data for predicting above-ground biomass. Our analysis revealed that when employing a
generalized linear model with a gamma distribution, we could utilize specific data inputs,
including VV from Sentinel-1, Band 3 from Sentinel-2, and NBR2 from Sentinel-2 to account
for approximately 27% of the variability in AGB. While this explained variance of 27% might
appear modest, it underscores the utility of these variables in AGB predictions. Despite not
capturing the entirety of AGB variability, this percentage serves as a valuable indicator of the

predictive power of the selected remote sensing data inputs.

The AGB values that we predicted for the entire study region ranged from -12.17 to 220.11 Mg
ha-1. The typical ranges for dry Miombo woodlands are approximately 21 to 84 Mg ha-1 and for
wet Miombo woodlands is 44 Mg ha-1 to 144 Mg ha-1 (Macave et al., 2022). The histogram of
predicted values indicates that our model likely underestimated the AGB in the region (Figure
6). While these values are lower than the range we would have expected in this region, the map
will be most useful in determining the spatial distribution of where AGB is concentrated (Figure
5) rather than hiow much AGB is present. Similarly to the burn severity analysis, more research is
required to determine the utility of remote sensing for AGB predictions. Ground truthing our

predicted AGB values would prove as a useful follow-up analysis.

4.2 - Limitations

In examining the limitations of our study, several key factors emerged across each analysis. First,
our burn severity analysis aimed to encompass all collected years (2002 —2022). However, due
to constraints with Landsat satellite data, we couldn't confidently assess trends from 2002 to
2015. The temporal parameters of pre-fire and post-fire data collection significantly influenced
our results, restricting us to satellites providing reliable information within a narrow two-week
window on either end. Consequently, we relied solely on Sentinel-2 satellite data for temporal

coverage.
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For the statistical burn severity analysis, the soil moisture, precipitation, and temperature data
were averaged monthly for the entire study region, so it is not a direct reflection of the exact
conditions at the time of the fires. While this data did have temporal variation, this variation may

not be indicative of what the conditions were at the actual locations of the fires.

The notable limitation with the above-ground biomass plot-level analysis was a low r-squared
value for the height-diameter model (0.39). We were not able to collect as much tree height data
as we had initially hoped, so we were not able to do a stand-level height-diameter model, which

would have likely had more explanatory power.

For the AGB spatial analysis, we were not able to use half of our plots because the latitude and
longitude points received from the field were inaccurate, which was not determined until post-
processing. This led to us only having 150 plots for our analysis, as opposed to 300.
Consequently, this may have led to the somewhat low r-squared for the GLM used in our AGB
prediction model. Additionally, we might have had more success using LiDAR satellite data, but
the data was not available for our study area in the time range necessary. These findings and

limitations provide valuable insight into areas where further analyses may be warranted.

4.3 - Recommendations for Future Analysis

The primary constraint of this project was time. Given more time, additional analyses could have
been conducted to address some of the remaining questions. An integral aspect of this project
was establishing baseline information for future analyses, with the aim of advancing this research

and linking it with health data.

While the burn severity analysis provided insights into trends over the past seven years, more
data is needed to draw robust, long-term climate-related conclusions. Although the precipitation
results align with expectations, acquiring field data could deepen our understanding of the

relationship between soil moisture and burn severity.
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Exploring a variety of model types might have enhanced the accuracy of above-ground biomass
predictions. For instance, David et al. (2022) demonstrated the efficacy of the random forest
model (David et al., 2022). However, due to time constraints, we were limited to employing only
one model type. Additionally, incorporating LiDAR data could potentially improve the accuracy

of AGB assessment when using satellite data (Duncanson et al., 2022).

A significant factor not included in our analysis was the influence of anthropogenic activities on
both burn severity changes and above-ground biomass variation. Incorporating these variables
will establish a more comprehensive foundation for further investigating the relationship

between forests, climate change, and human health in the region.

V. CONCLUSION

This study sought to address three key inquiries aimed at unraveling the spatial and temporal
drivers shaping the forest structure and dynamics of the Kafue region. Initially, we delved into
the determinants of burn severity fluctuations across each month and year, revealing significant
correlations with soil moisture and precipitation. Despite data limitations, these insights and
observed trends hold promise for informing future analyses related to health, air quality, and

water quality.

Subsequently, our investigation extended to the distribution of above-ground biomass (AGB)
within the study area. We explored whether topographic variables played a role in shaping AGB
variation, ultimately finding no significant influence in our context. Additionally, we attempted
to leverage satellite data to predict AGB levels, achieving a predictive accuracy of approximately
27% using Sentinel-1 and Sentinel-2 imagery. While our model yielded slightly lower biomass
estimates compared to regional norms, it did provide valuable insights into the spatial
distribution of AGB, offering crucial information for guiding future carbon sequestration and

forest management projects in the region.
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In conclusion, this study provides valuable insights into the spatial and temporal dynamics of
forest structure in the Kafue region. By elucidating the drivers of burn severity and above-ground
biomass distribution, our findings lay a solid foundation for future research aimed at addressing
environmental challenges and informing sustainable forest management practices. Despite the
limitations encountered, the knowledge gained from this study serves as a critical step towards
understanding the complex interactions between climate, land use, and ecosystem health.
Moving forward, continued investigation into these dynamics will be essential for fostering
resilience and promoting the well-being of both the environment and local communities in the

Kafue region.
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