
Article Not peer-reviewed version

Evaluating Burn Severity and Post-Fire

Woody Vegetation Regrowth in the

Kalahari Using UAV Imagery and

Random Forest Algorithms

Madeleine Gillespie * , Gregory S. Okin * , Thoralf Meyer , Francisco Ochoa

Posted Date: 13 August 2024

doi: 10.20944/preprints202408.0865.v1

Keywords: Random Forest; burn severity; UAV; Kalahari; remote sensing; savanna; machine learning; wildfire

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/3550807
https://sciprofiles.com/profile/2398420
https://sciprofiles.com/profile/2715652
https://sciprofiles.com/profile/3761011


 

Article 
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Abstract: Accurate fire severity mapping is essential for understanding the impacts of wildfires on vegetation 
dynamics in arid savannas. The frequent wildfires in these biomes often cause topkill, where vegetation 
experiences above-ground combustion, but the below-ground root structures survive, allowing for subsequent 
regrowth post-burn. Investigating post-fire regrowth is crucial for maintaining ecological balance, elucidating 
fire regimes, and enhancing the knowledge base of land managers regarding vegetation response. This study 
examined the relationship between bush fire severity and post-burn coppicing/regeneration events of woody 
vegetation in the Kalahari Desert of Botswana. Utilizing UAV-derived RGB imagery combined with a Random 
Forest (RF) classification algorithm, we aimed to enhance the precision of burn severity mapping at a fine 
spatial resolution. Our research focused on a 1 km2 plot within the Modisa Wildlife Reserve, extensively burnt 
by the Kgalagadi Transfrontier Fire of 2021. The UAV imagery, captured at various intervals post-burn, 
provided detailed orthomosaics and canopy height models, facilitating precise land cover classification and 
burn severity assessment. The RF model achieved an overall accuracy of 79.5% and effectively identified key 
burn severity indicators, including green vegetation, charred grass, and ash deposits. Our analysis revealed a 
>50% probability of woody vegetation regrowth in high severity burn areas six months post-burn, highlighting 
the resilience of these ecosystems. This study demonstrates the efficacy of low-cost UAV photogrammetry for 
fine scale burn severity assessment and provides valuable insights into post-fire vegetation recovery, thereby 
aiding land management and conservation efforts in savannas. 

Keywords: Random Forest; burn severity; UAV; Kalahari; remote sensing; savanna; machine 
learning; wildfire 
 

1. Introduction 

Africa is often referred to as the “Fire Continent”, as African savanna fires account for over 60% 
of annual area of global fire extent [1,2]. Fire is an integral part of African savanna ecosystems and 
includes ignitions from both natural (e.g., lightning) and anthropogenic sources [3]. The effect of fire 
in savannas depends upon the type and intensity of fire, and the season and frequency of burning 
(i.e., fire regime) [4]. Compared to other ecoregions, savanna fires are typically of lower intensity yet 
occur more frequently [1,3] which can be attributed to the rapid regrowth rates of grasses, which 
serve as the primary fuel for these fires, leading to short fire return intervals [4,5] and low-intensity 
surface fires [3,6–8]. The fire intensity and frequency may alter the long-term woody/grass cover ratio, 
woody height profile, and surface albedo [3,6,7]. Surface fires predominantly consume the grass layer, 
leaving the woody canopy largely unscathed as the flames seldom extend to the canopy [1,9]. Higher 
intensity fires predominantly impact woody vegetation in savannas by damaging vegetations’ 
internal stem structures rather than via canopy damage [10,11]. The result is topkill (death of aerial 
biomass) which results in coppicing (or regenerate/resprout) from the collar region of the stem [12]. 
Fire damage in savannas is seldom enough to cause whole-plant mortality [8,11]. Woody vegetation 
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in African savannas, including in the Kalahari, therefore exhibits a high level of resilience to 
individual fires due to their low mortality rates and rapid resprouting patterns post-burn [12,13]. 

Discerning total tree mortality versus survival post burn is difficult due to surviving below-
ground biomass that is not easily detectable with standard surveying techniques. Woody vegetation 
that has lost significant amounts of total above-ground biomass is often fully intact below the ground 
surface [10,12]. Land managers frequently observe a phenomenon referred to as ‘ghost logs,’ where 
trees have fully combusted, leaving only a white ash outline of the tree. These ghost logs have been 
seen to demonstrate significant rates of resprouting from surviving root structures post-burn [14]. 
Coppicing of woody vegetation therefore poses a challenge in quantifying the post-burn vegetative 
response. 

In the Kalahari, understanding burn severity (i.e., the extent to which fire causes mortality in 
aboveground vegetation and alters soil properties and belowground processes [15–17]) is particularly 
important due to its direct impact on the survival rates of woody vegetation [10,13,18]. The region 
has experienced significant shrub encroachment, characterized by the expansion of shrubs at the 
expense of grasses, which represents an ecological regime shift [19,20] that threatens the livelihoods 
of local communities dependent upon grazing [5,21]. Shrub encroachment is driven by factors such 
as overgrazing, fire suppression, changes in precipitation, and increased CO2 [5,13]. Natural fire 
regimes mitigate woody encroachment by preventing shrub establishment, with prescribed burning 
aiming to maintain open savannas [1,13,20,22]. Understanding post-fire vegetation response and 
recovery patterns is essential for informed management decisions, particularly in assessing the 
efficacy of fire in combating shrub encroachment. 

Many studies have focused on the effects of low-intensity prescribed fires [9,13,20,21]. Here, we 
investigate the impacts of higher-intensity wildfires on post-burn woody vegetation responses 
[9,13,23] using UAV-derived imagery that should provide information about burn severity. Previous 
studies have classified burn severity utilizing spectral parameters derived from multi- and 
hyperspectral satellite and aerial imagery [24–26]. A common method involves computing the 
difference between pre-fire and post-fire Normalized Burn Ratio (NBR), which employs the near-
infrared (NIR) and shortwave infrared (SWIR) bands [25,27]. In the Kalahari, the immediate post-
burn response in high severity fires is predominantly characterized by white ash deposits, which 
increase surface albedo [6,7,9]. This challenges the effectiveness of NBR in this region, as highlighted 
by Roy [28], who critiqued its sensitivity in these conditions. Smith detailed difficulties in using NBR 
indices for accurately classifying burn severity in Northern Botswana, particularly due to struggles 
to capture the fine scale of ash deposits and the unique spectral signatures of white ash within the 
NBR model [29]. We address these challenges by investigating alternative methods to enhance burn 
severity classification in regions characterized by white ash deposits. 

Driven by the need for finer spatial resolution in burn severity classification, unmanned aerial 
vehicles (UAVs) present a cost-effective, on-demand remote sensing solution capable of detecting 
fine-scale white ash deposits. Globally, studies have successfully utilized UAVs to classify burn 
severity with high accuracy, showcasing their effectiveness across diverse environments [24,26,30,31]. 
However, within the Kalahari and Southern Africa more broadly, UAVs have yet to be employed for 
this purpose; previous research has primarily relied on satellite imagery for classification [29,32]. 

This research aims to determine the relationship between bush fire severity and post-burn 
coppicing/regeneration events in the Kalahari Desert in Southern Botswana providing insight for 
researchers and land managers into the likelihood of post-burn regeneration by establishing a 
framework for estimating mortality rates and future succession patterns in the landscape [33]. 
Quantification of post-burn woody vegetation regeneration rates is crucial for furthering the 
understanding of the effect of fire on vegetation composition and community shifts in the Kalahari 
[33]. Traditional satellite imagery’s limited resolution and temporal constraints often fail to capture 
the fine-scale effects of fire events and their immediate aftermath [27,30]. To address these challenges, 
we utilized UAV-derived RGB imagery, a novel approach in this region, combined with machine 
learning techniques to achieve more precise and timely burn severity classifications. 

2. Materials and Methods 
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2.1. Study Area 

This study was conducted at the Modisa Wildlife Reserve in the Kalahari Desert in the Kgalagadi 
District of Southern Botswana, an arid savanna ecosystem [5,7,10]. Rainfall is highly seasonal, with 
an annual mean of less than 300 mm that falls almost exclusively between October and April [5,34]. 
These conditions favor the growth of savanna open grassland vegetation, which is comprised of a 
mix of perennial and annual grasses, with occasional shrubs and few trees [34]. The soil composition 
is predominantly Kalahari sand [34,35]. In this region, the principal uses of land are wildlife 
conservation/tourism and pastoral ranching, with roughly a third of the district’s total land area 
incorporated into the Kgalagadi Transfrontier Park [32,35]. Fire is common and tends to occur late in 
the dry season when grasses have low moisture content and ignite readily [9,21]. 

Modisa Wildlife Reserve (Figure 1) consists of a 7,000 hectares private wildlife area in the 
Kalahari Desert [36]. Modisa serves as an ideal study site given its effective wildlife management and 
controlled grazing, presenting it as a model of a healthy savanna ecosystem. The property has no 
history of cattle grazing and has only experienced native ungulate grazing and browsing. During the 
2021 dry season, a large fire, the Kgalagadi Transfrontier Fire (KTF), burnt a large portion of the 
reserve. It (Figure 1) was ignited by anthropogenic sources in August 2021 and lasted through late 
September of 2021, burning over 4 million hectares of land [32]. The fire presents an opportunity to 
scrutinize the ecological impacts of high-intensity wildfires. Unlike prescribed fires, which are 
controlled and of lower intensity, the unanticipated nature and scale of this wildfire afforded a rare 
perspective on the dynamics of fire behavior and its consequent effects on the ecosystem. A recent 
study by Kaduyu [32] used the Landsat Fire Mapping Tool to estimate total burn severity for the fire 
extent, overall claiming low severity estimates for the fire. However, Kaduyu primarily focused on 
large scale severity classifications rather than fine-scale methodologies that have been seen in 
previous studies to better fit the fine scale resolution needs of post-burn mapping in the Kalahari [32]. 

 

Figure 1. Kgalagadi Transfrontier Fire (KTF) extent and location in Botswana (NASA). Modisa is 
indicated with a red star in the left panel of the figure. 

This research concentrates on a 1 km2 plot of land (center point: -26.1817348°N, 21.8504333°E) 
within the Modisa Wildlife Reserve, entirely burnt by the Kgalagadi Transfrontier Fire (Figure 2). The 
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plot was randomly selected after the fire and consists of a mixture of shrubs and trees, grasses, and 
sparse herbaceous cover displaying a range of burn severities (Figure 2). 

 
Figure 2. The top left corner depicts the 1 sq. km post-burn plot of land that this study primarily 
focused on. The bottom panel in the figure offers a closer look at the burn impacts within the plot of 
land. The top right corner displays the location of the study site in Botswana, Modisa is indicated with 
a red star. 

2.2. Approach 

The approach for classifying burn severity involved four main components outlined in the 
Figure 3 flow diagram: 1) UAV image collection and processing, 2) input supervised classification, 
texture, canopy height model, and RGB spectral variable calculations, 3) Random Forest modeling 
and accuracy assessment, 4) final burn severity mapping. 
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Figure 3. Flow chart showing the steps of the burn severity classification model along with the 
datasets and software used. R: red; G: green; B: blue; GLCM: Gray-Level Co-Occurrence Matrix; UAS: 
Unmanned Aerial System. 

2.3. UAV Image Collection & Image Processing 

UAV imagery has demonstrated the ability to capture spatial variability in heterogeneous 
burned areas compared to high-resolution satellite imagery [24,27,30]. Unlike satellite imagery, UAV 
image acquisition isn’t subject to timing constraints imposed by orbital dynamics and can thus 
provide images at any time while also offering potential for high spatial resolution sampling that is 
critical for assessing spatial variations in burn severity [1,26]. This is particularly important in the 
Kalahari, where the temporal detection window for white ash is narrow. 

We acquired post-fire imagery across the 1-km2 study areas in Modisa in both dry and wet 
seasons to facilitate a comparative analysis of woody vegetation regrowth (September 2021–
December 2023) (Table 1). By examining a sample of woody vegetation captured in the initial imagery 
12 hours post-burn and subsequently tracking their development through following the fire, this 
approach enabled a detailed assessment of vegetative recovery. The image collected 12 hours post-
burn served as the primary dataset for the burn severity classification model. The subsequent 
imagery was utilized in the analysis of vegetation regrowth, allowing for a comprehensive 
assessment of recovery patterns over time. 

Table 1. Dates of drone imagery acquisition and their respective season. 

Date of Image Acquisition Time Since Fire 
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Sept 26th, 2021 – Dry Season 12-hours post-burn 
December 29th, 2021 – Wet Season 6 months post-burn 

July 21st, 2022 – Dry Season 1-year post-burn 
August 9th, 2023 – Dry Season 2 years post-burn 

November 23, 2023 – Wet Season 2.5 years post-burn 

Images were captured using a DJI Mavic 2 Dual Enterprise with a 48 MP RGB camera. 
DroneDeploy software (v 2.422.0; DroneDeploy Inc., San Francisco, CA) was used to plan 
autonomous flights at 75 m above ground level in a grid pattern, to capture nadir imagery with ~5 
cm resolution, 85% forward overlap, and 70% side overlap. These images were processed within 
DroneDeploy into dense 3D point clouds, Digital Surface Models (DSMs), Digital Elevation Models 
(DEMs), and color orthomosaics, all at 5 cm resolution using DroneDeploy’s structure from motion 
(SfM) algorithms [25]. Orthomosaics were accurately georeferenced by leveraging the GPS data 
tagged by the drone’s onboard GPS system during image capture. After generating the DEM and the 
DSM from the point cloud data within DroneDeploy, a Canopy Height Model (CHM) was created by 
subtracting the DEM (representing the ground elevation) from the DSM (indicating the elevation of 
the surface including vegetation). The CHM was instrumental in assessing the vertical structure of 
the vegetation, allowing for the quantification of the distribution of vegetation height post-burn. To 
ensure precise alignment of drone images taken at different times, a co-registration process was 
performed using manually identified ground control points in ArcPro, aligning all images to a 
common coordinate system. 

2.4. Burn Severity Classification 

In burn severity classifications there is often an underlying assumption that surface albedo 
decreases following a fire [6,7,29] and previous research using coarse imagery has centered on finding 
the minimum albedo after fire [7]. However, this assumption may not hold where two types of ash 
can be observed: white ‘mineral’ ash from complete combustion, and darker ‘black’ ash or char with 
unburned fuel components [14,29,37]. 

Given the fine resolution of UAV imagery and evidence of limited success of spectral based 
methodologies such as NBR in the Kalahari [28,29], biophysical parameters rather than spectral 
parameters were used as the primary indicators of burn severity during the manual classification 
dataset creation. The high-resolution UAV-derived orthomosaics allows for the effects of fires to be 
discernibly classified by the human eye. Thus, we manually classified land cover into categories 
aligned with specific burn severity classifications to produce a training dataset that could be used to 
train a machine learning model. This method, diverging from previous studies that predominantly 
utilized spectral indices when classifying burn severity from drone imagery, takes advantage of 
drone imagery’s finer resolution to evaluate the effectiveness of biophysical indicators [24–26,30]. 

We used six land cover classifications (including shadow’s null classification) with 
corresponding burn severity rankings in this classification (Table 2) including four indicators of burn 
severity (green vegetation, burnt woody vegetation, charred grass, and ash deposits) that could be 
easily distinguished within the RGB imagery (Figure 4) [14,25]. Burnt woody vegetation was defined 
as standing vegetation that experienced partial scorching on the trunk and canopy, leading to an 
overall loss of green vegetation, but received no structural damage. Ash was defined as: white ash, 
which represented fully combusted vegetation with minimal residual organic material, and gray ash, 
which consisted of a mixture of fully combusted vegetation and partially combusted plant material. 
Charred grass was defined as grass that had been burned, resulting in a blackened appearance due 
to partial combustion, while retaining some structural integrity unlike ash. Green vegetation was 
classified as standing, green woody vegetation that received little to no fire damage. Bare soil was 
classified as uncharred parts of the bare ground. 

Table 2. Land cover classifications and their corresponding burn severity ranking. 

Classification Schema Burn Severity Ranking 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 August 2024                   doi:10.20944/preprints202408.0865.v1

https://doi.org/10.20944/preprints202408.0865.v1


 7 

 

Green Vegetation 0 – No Burn Impact 
Bare Soil 0 – No Burn Impact 

Burnt Woody Vegetation 1 – Low Severity 
Charred Grass 2 – Medium Severity 

Ash 3 – High Severity  
Shadow Null 

 

Figure 4. Visualizations of land cover classification schema and their corresponding burn severity 
rankings. 

UAV images taken in the 12-hour post-burn image were acquired early in the morning 
(approximately 9 am), which led to a considerable shadows within the image, necessitating a tailored 
approach for accurate analysis. An initial attempt to mask shadows by thresholding the 
orthomosaic’s red band as documented in Fraser [25] proved overly broad, inadvertently masking 
charred grass and burnt woody vegetation due to their similar spectral signatures. This resulted in 
significant data loss within the model. To mitigate this, shadows were classified as a distinct category 
in the classification process, aiming to isolate their effects and ensure a more accurate representation 
of the post-burn landscape. 

Focusing on woody vegetation, we applied a ternary assessment model for evaluating burn 
severity, categorizing it as either unburnt, low severity, or high severity. This model aligns with the 
findings and recommendations of Edwards & Russell-Smith [38] and McKenna [26], who argue for 
the applicability of a simplified binary or ternary classification in savanna ecosystems. Such 
environments are characterized by sparsely populated canopy covers, thereby making a ternary 
classification both relevant and efficient [38]. While we also acknowledged the presence and 
significance of charred woody grass by assigning it a medium severity classification, the core 
emphasis of our research was on woody vegetation. 

2.5. Supervised Classification - Training Dataset 

A manually digitized training dataset, corresponding to our land cover classes (Table 2), was 
created using ArcPro (v3.1.3). The training dataset for land cover classifications was developed 
through the manual visual analysis of UAV-derived orthomosaics. Four randomly located and non-
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overlapping 100 m x 100 m areas were extracted from the 12 hour post-burn RGB orthomosaics and 
digitized by a single observer (M. Gillespie). 

 

Figure 5. Original RGB drone images (left) and the manually classified land cover classifications 
(right). 

2.6. Random Forest Classification and Input Variables 

This study implemented the Machine Learning (ML) Random Forest (RF) algorithm for burn 
severity classification. ML techniques have proven to be superior to simple classifiers, particularly in 
navigating the complexities of scene scale and interaction, and in distinguishing classes within 
heterogeneous landscapes [39,40]. These landscapes, typical in remote sensing, often feature low 
separability between different classes and high variability within the same class [27,40]. RF, in 
particular, has the following advantages in burn severity mapping: it handles categorical predictors 
naturally, it is computationally simple to fit, it can consider multiple environmental variables 
simultaneously, and it can handle outliers and noise with relative ease [40–42]. Despite the commonly 
cited advantages of ML classifiers like RF, they have rarely been utilized for burn severity 
classification within the literature [27,43]. 

RF is known for its stable and robust accuracy in classifying land cover due to its proficiency in 
managing large, high-dimensional datasets by constructing decision trees through boot-strap 
aggregated sampling (bagging) of training data [40,44,45]. It enhances prediction accuracy via 
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ensemble voting, where each tree evaluates a random subset of predictor variables at each split to 
maximize data homogeneity [27,28,41]. We utilized the Scikit-Learn package in Python (version 
3.1.0). Based on the recommendations of previous studies and pretests from the dataset, the ‘ntree’ 
parameter, denoting the number of decision trees in the ensemble, along with the ‘mtry’ parameter, 
indicating the number of features to consider for splitting at each node, were set to 100 and ‘default’, 
respectively [45,46]. Additionally, a bootstrap parameter was used to increase variability and 
diversity during the construction of individual trees in the model, helping prevent overfitting and 
improving its robustness and generalization to different land cover classifications [40,46]. We used a 
70-30 training-testing split where 70% of the data points were selected for training while the 
remaining 30% of data points were reserved for testing. Feature importance in the Random Forest 
model was quantified using the Scikit-Learn library, based on the average decrease in Gini impurity 
attributed to each feature across all decision trees in the ensemble. 

Predictor data included an array of spectral indices, elevation data, texture features, and 
individual RGB band information. Training variables were strategically selected for their proven 
efficacy in capturing the nuanced dynamics of land cover, with a particular emphasis on 
differentiating burn severity (Table 3). The EGI and GCC indices were chosen for their ability to 
discriminate green vegetation from all other land cover types. Both indices have been documented 
in previous burn severity classification studies to be effective at delineating green vegetation from 
burned areas [25,26]. Introduced by Fraser [25], the Char Index (CI) was developed specifically to 
detect charred organic surfaces from RGB imagery. This composite index employs both the 
Brightness Index (BI) and the Maximum RGB Difference Index (MaxDiff) for the purpose of 
distinguishing charred areas within an image. The CI’s foundation lies in the recognition that surfaces 
impacted by charring exhibit very low reflectance in the visible spectrum, as measured by the BI, 
along with a uniform visible reflectance spectrum, leading to a notable absence of color, which is 
assessed using MaxDiff [25]. Subsequent studies, including those by Beltrán-Marcos [24] and Von 
Nonn [31], have successfully applied the CI for classifying burn severity in RGB-UAS-derived 
imagery, demonstrating high levels of accuracy. 

Table 3. Variables used to train the model. Where: G = Green, R = Red, B = Blue, DSM = Digital Terrain 
Model, DSM = Digital Surface Model, GLCM = Grey Level Co-occurrence Matrix. 

Training Indices & Variables Equations & Descriptions  
Excess Green Index (EGI) 2 × G − R – B 

Green Chromatic Coordinate Index (GCC) G/(G + R + B) 
Char Index (CI) BI + (MaxDiff × 15) 

Brightness Index (BI) R + G + B 
Maximum RGB Difference (MaxDiff) Max(|B − G|, |B − R|, |R − G|) 

Red Band R 
Green Band G 
Blue Band B 

CHM DSM - DTM 
GLCM - Contrast Measures the local variations in GLCM. 

GLCM - Energy Provides the sum of squared elements in the 
GLCM. 

GLCM – Correlation 
Measures the joint probability occurrence of the 

specified pixel pairs. 

GLCM – Homogeneity  
Measures the closeness of the distribution of 

elements in the GLCM to the GLCM diagonal. 

Numerous studies and practical applications have documented the effectiveness of combining 
spectral and textural information for land cover classification [47,48]. Several texture features derived 
from a Gray-Level Co-occurrence Matrix (GLCM) were calculated and implemented into the model 
including Contrast, Energy, Homogeneity, and Correlation (Table 3). GLCM features capture textural 
information by examining the spatial relationships between pixel intensities in an image, which can 
provide valuable information about the surface characteristics [49,50]. Combining GLCM texture 
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features with spectral indices served to enhance the RF’s effectiveness by adding spatial details to the 
spectral information. Spectral indices capture the condition of the surface, such as vegetation health 
and burn extent, while GLCM texture features provide a detailed understanding of the area’s spatial 
patterns [49,50]. The Gray comatrix package within Python’s Scikit-Learn Library was used to 
compute the texture features. A distance of 5 pixels was set during computation in which the GLCM 
looked at pixel pairs that were 5 pixels apart horizontally. This parameter was appropriate given the 
high resolution of the drone imagery used within our study. A CHM was constructed from 3D point 
clouds in the drone imagery processing steps of this study. This integration of CHM data into the 
model allowed for a more nuanced differentiation between burned and unburned trees, leveraging 
variations in canopy height to discern standing trees with greater precision. 

To quantify the RF model’s uncertainty, a Monte Carlo simulation was conducted to generate 
different model severity outputs [51,52]. This approach aligns with established methodologies, as 
demonstrated by Li [52], who used Monte Carlo simulations to enhance the robustness of their RF 
classification for above-ground biomass estimations in forests, and by Coulston [51] and Wang [53], 
who highlighted the value of Monte Carlo simulations in quantifying uncertainty and improving the 
accuracy and reliability of predictive models and environmental data interpretations in remote 
sensing applications. This approach involved introducing a controlled level of variability into the 
training data to simulate potential inaccuracies and real-world data variations. Specifically, a custom 
Python function was developed to randomly alter 5% of the classified burn severity data in each 
iteration, changing them to represent another possible burn severity class. By creating 1,000 different 
training datasets with these slight variations and training a separate RF model for each dataset, we 
were able to generate 1,000 different burn severity classification outputs. This process allowed us to 
assess the model’s sensitivity to changes in the training dataset and to estimate the variability in its 
predictions. 

The initial accuracy assessment was conducted using the unaltered training dataset to establish 
a baseline performance of the RF model. This baseline provided a reference point for evaluating the 
impact of introducing variability in the training data. The accuracy metrics obtained from this initial 
assessment were used for model accuracy analysis and the creation of the final severity map. 

2.7. Woody Vegetation Survival/Regrowth Analysis 

To assess the survival and regrowth of woody vegetation post-burn, drone imagery from two 
subsequent growing seasons were analyzed to manually detect green vegetation. Imagery from 6 
months and 2.5 years post-burn were visually examined to determine if a random sample of trees 
within the study area exhibited regrowth in the growing seasons following the fire. The 1 sq. km plot 
was divided into 100 plots of 100 square meters each, with 500 randomly generated points assigned 
across these plots (5 points per plot). A random sample of 500 woody vegetation patches were 
selected for visual analysis. Due to the overlapping canopy and close establishment patterns of 
woody vegetation, a patch-based analysis was employed to assess survival, as individual trees were 
difficult to identify without ground-truth data. 

For each woody patch, the model’s predicted classification was recorded. The co-registered 
drone imagery from 6 months and 2.5 years post-burn were then analyzed to observe the survival 
status of each patch, specifically looking for green regrowth as an indicator of survival. Given the 
limited species diversity and sparse canopy cover in the study area, distinguishing woody vegetation 
regrowth from other vegetation forms was straightforward within the high-resolution drone imagery 
(Figure 6). Herbaceous cover, as compared to woody vegetation, displays distinct hues of green 
within the imagery, allowing for easy categorization of woody vegetation regrowth versus other 
vegetation forms. 
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Figure 6. Visual comparison of 12-hour post-burn imagery and 6-month post-burn imagery. Woody 
vegetation regrowth visualization is defined and compared to herbaceous cover as indicated with the 
red boxed outlines. Regrowth was determined based on patch regrowth rather than analysis at the 
pixel level. 

The probability of woody vegetation survival and subsequent regrowth at 6-months and 2.5 
years post-burn for each burn severity classification was calculated based on the regrowth 
observations derived from the 500-tree patch sample. Utilizing the Monte Carlo simulation outputs 
as previously detailed, probability was then calculated over all 1,000 burn severity classification 
outputs derived from the Monte Carlo simulation to provide a robust understand of the likelihood 
of woody vegetation survival and regrowth across a multitude of different model outputs. 

These probabilities were collected and analyzed to derive the mean and standard deviation of 
regrowth outcomes for each burn severity classification across all simulations. This comprehensive 
approach allowed for an assessment of how variations in burn severity classification accuracy might 
influence the understanding of regrowth patterns, thereby enhancing the reliability of the model’s 
outputs. Violin plots were constructed in Python to visualize the probability distribution of woody 
vegetation regrowth within the Monte Carlo simulation. 

3. Results 

3.1. Burn Severity Classification 

A visual analysis of the final classified image indicates a strong correspondence between the 
original RGB image and the classified image, particularly in the accurate identification of woody 
vegetation (Figure 8). This agreement underscores the effectiveness of RF in distinguishing between 
different land cover types within the study area. However, some limitations were observed. Notably, 
there is evidence of salt-and-pepper noise, predominantly within the bare soil and charred grass 
classifications, indicating pixel-level misclassifications. The classification of shadow in the final image 
also was seen to experience levels of salt-and-pepper noise, often being misclassified as charred grass 
or charred woody vegetation. 
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Figure 7. Random Forest Classification results reclassified to represent burn severity rankings. 
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Figure 8. Top Panel: Original drone image 12-hours post burn (left) and the Random Forest Model 
predicted land cover classification map (right). 3 outlined regions (A, B, C) are indicated. Bottom 
Panel: The zoomed in regions from the model predicted map for better visualization. 

The final reclassified burn severity map (Figure 7) illustrates the overall burn severity of the 2021 
Kgalagadi Transfrontier Fire, predominantly characterized by low to medium severity burns. The 
landscape is primarily dominated by bare soil and charred grass regions, with only a few areas 
exhibiting high severity burns, marked by the presence of combusted woody vegetation (ash). 
Notably, the northwestern corner of the study area, as highlighted in Figures 7 and 8, shows a 
significant concentration of high severity burn areas compared to the rest of the study plot. 

The final RF model was trained using over 20 million pixels and achieved an overall F-score of 
0.73 and an overall accuracy (OA) of 79.5%. Green vegetation yielded the highest F1-score of 0.90, 
indicating a strong concordance between the training dataset and RF predicted classifications (Table 
4). Notably, despite having the smallest sample size (210,213 pixels), green vegetation’s high F1-score 
underscores the model’s robustness in this class. In contrast, burnt woody vegetation exhibited the 
lowest performance with an F1-score of 0.51. The other land cover classes—shadow, bare soil, ash, 
and charred grass—demonstrated intermediate accuracy, with F1-scores between 0.69 and 0.78 
(Table 4). The confusion matrix (Figure 9) reveals the model’s difficulty in accurately predicting burnt 
woody vegetation, frequently misclassifying it as charred grass. Similar misclassification patterns 
were observed for shadow, bare soil, and ash, which were often incorrectly classified as charred grass. 

Table 4. Model accuracy assessment. 

Land Cover Classification Precision Recall        F1-Score Support 
Shadow 0.73 0.66       0.70 335703 
Green Vegetation 0.90 0.89       0.90 210213 
Charred Grass 0.74 0.77       0.75 3019852 
Burnt Woody Vegetation 0.55 0.47       0.51 771185 
Bare Soil 0.77 0.78       0.78 2285950 
Ash 0.76 0.72       0.74 223648 
Weighted Average 0.74 0.74       0.73  
Overall Accuracy (OA): 0.795970     
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Figure 9. Confusion Matrix for Random Forest Classification of Burn Severity. Each cell shows the 
proportion of observations predicted versus the actual observed categories, highlighting the model’s 
precision and misclassification rates. Numerical values and gradient color of the cells represent the 
normalized value of correct pixel predictions. 

3.2. Relative Importance of Model Predictors 

Elevation data proved to be the most influential feature within the model, followed by the 
individual RGB bands as the second most significant predictors, with the Green band showing the 
highest importance. Among the RGB spectral indices, the GCC was the most significant for land cover 
classification. In an attempt to better distinguish burnt woody vegetation from charred grass, texture 
features were added to the predictor dataset with the expectation that the standing woody vegetation 
would be better separated from the charred soil and grass. Despite previous studies’ success in 
employing GLCM texture features in land cover classifications [48,54], our study saw little to no 
positive effect in regard to the addition of texture variables, with correlation, homogeneity, and 
energy displaying minimal feature importance in the model. 

 

Figure 10. Feature importance within the Random Forest Classification Model. CHM = Canopy 
Height Model; RGB = Red band, green band, blue band; GCC = Green Chromatic Coordinate; CI = 
Char Index; max_diff = Max Difference Index; EGI = Excessive Greenness Index; BI = Brightness Index. 

3.4. Woody Vegetation Survival/Regrowth Probabilities 

Woody vegetation patches that experienced high severity burns as indicated by ash cover 
experienced the lowest likelihood of survival/regrowth post-burn compared to burnt woody 
vegetation and un-impacted green vegetation (Figure 11). At 6-months post-burn, high severity 
patches saw a ~54% probability of survival/regrowth, low severity patches saw an 85% probability of 
survival/regrowth, and unimpacted areas of green vegetation saw a 97% probability of 
survival/regrowth. At 2.5 years post-burn these probabilities decreased for all three burn severity 
classes. Although the probability of survival and regrowth for areas dominated by ash was lower 
than other severity categories, it is noteworthy that a probability greater than 50% was observed for 
high-severity burns. This finding suggests that woody vegetation experiencing total above-ground 
combustion has a significant likelihood of survival, with more than half of such patches showing 
regrowth at 6 months post-burn. 

ch
m
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Figure 11. Woody Vegetation Survival and Regrowth. This figure presents the probability of survival 
and regrowth in woody vegetation at 6 months and 2.5 years post-burn across the 1,000 derived 
Monte Carlo outputs. Mean probabilities and standard deviations are calculated for each category. 
Wider violin plots indicate a higher likelihood of regrowth, while narrower plots suggest a lower 
likelihood. 

The standard deviations associated with each category provide a measure of the model’s 
uncertainty. The higher standard deviations observed for the ash category (3.36% at 6 months and 
3.41% at 2.5 years) indicate greater variability and uncertainty in the classification and regrowth 
outcomes for areas subjected to high-severity burns. Conversely, the relatively lower standard 
deviations for green vegetation (1.64% at 6 months and 2.65% at 2.5 years) suggest more consistent 
and predictable regrowth and survival probabilities in areas with little to no burn impact. 

The Monte Carlo simulation supports the model’s robustness in classifying low-severity regions, 
as evidenced by consistently low standard deviation metrics across all 1,000 model runs. While high-
severity regions displayed increased uncertainty during the simulation runs, they still maintained 
acceptable accuracy levels, which supports the model’s overall robustness. The broader probability 
distributions for ash indicate a wider range of potential outcomes, reflecting the complex and variable 
nature of post-burn recovery in these regions. In contrast, the narrower distributions for green 
vegetation suggest more predictable outcomes, underscoring the resilience of unimpacted areas. 

4. Discussion 

4.1. Severity Accuracy 

Model results achieved high value for the accuracy metrics in burn severity classifications 
compared to previous studies that leveraged UAV-RGB imagery without the inclusion of a RF 
classifier model, exhibiting an ~80% classification accuracy [24,26]. Mckenna [26] utilized UAV-RGB 
imagery acquired before and after fire occurrence to calculate delta greenness indices which were 
then thresholded to classify burn severity, yielding a 68% classification accuracy. In a similar manner, 
Beltrán-Marcos [24] evaluated the accuracy of UAV derived RGB spectral indices including EGI, 
GCC, and CI in burn severity classification finding an overall ~50% accuracy. Our study, therefore, 
shows the advantage of using RF for more accurate burnt area severity mapping when utilizing UAV-
RGB imagery. 

Previous studies have highlighted the effectiveness of RF in burn severity classification when 
employing multi-spectral imagery, attaining classification accuracy metrics of >90% [27,43,44]. Multi-
spectral imagery has been well documented to outperform RGB in machine learning land cover 
classifications due to its ability to capture a broader range of the electromagnetic spectrum, including 
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the near-infrared (NIR) and short-wave infrared (SWIR), which are sensitive to vegetation health, soil 
moisture, and other land cover features [25,55]. The Normalized Vegetation Index (NDVI) for 
instance is a well-established and thoroughly documented spectral index derived from multi-spectral 
data, specifically designed to monitor and detect green vegetation, which has been demonstrated to 
yield higher levels of detection accuracy for vegetation detection in burn severity studies compared 
to RGB indices like EGI and GCC [24,37,55]. Despite the spectral limitations associated with RGB-
based imagery, employing low-cost RGB drones presented a more feasible option for the Kalahari, 
especially in terms of potential accessibility for local land managers. In Botswana, access to UAV 
technologies for land management is notably scarce, and this scarcity extends even more to advanced 
and expensive technologies such as UAV derived multispectral imagery. Consequently, we aimed to 
develop an accessible model for land managers by focusing on the use of RGB technologies that were 
realistically attainable. By leveraging RGB data, we demonstrated that meaningful ecological insights 
on burn severity could be derived from more readily available and less expensive imaging options, 
aligning with the practical needs of local land managers. 

The model performed best in classifying unburnt areas of green vegetation in the study site (F-
score = 0.90) despite comprising the smallest training sample size within the predictor dataset. Our 
Monte Carlo simulation further supported the models’ robustness in classifying green vegetation 
regions by consistently yielding low standard deviation error metrics in green vegetation 
classification across the 1,000 model iterations. Unburned areas also demonstrated high overall 
classification accuracy, with bare soil achieving the second highest F-score (0.78), underscoring the 
model’s robust capabilities in accurately mapping unburned regions. These results stand in contrast 
to the findings of McKenna [26] and Hillman [30], who reported higher classification accuracy for 
high severity classes compared to unburnt classes. This discrepancy may be indicative of an 
underlying bias within our dataset, where the majority of the landscape was minimally impacted by 
the fire, thereby making the unburnt regions easier for the model to classify accurately [26,28]. A low 
severity classification for the KTF matches visual analysis of the final severity map and findings from 
Kaduyu that reported an overall low severity for the fire’s extent [32]. Conversely, the studies by 
McKenna [26] and Hillman [30] were biased towards high severity fire due to the predominant 
severity of the fires they examined. Such biases are a known limitation of RF classification, where 
imbalanced datasets can lead to skewed predictions if certain land cover classes are underrepresented 
[39]. 

The model exhibited the greatest confusion in classifying low-severity burnt areas of woody 
vegetation (F-score = 0.47), which were often misclassified as charred grass. This misclassification is 
primarily due to the similar dark spectral signatures of charred surfaces and the model’s difficulty in 
detecting standing burnt woody vegetation at smaller height intervals. Vegetation in the Kalahari is 
dominated by grass and smaller shrubs with sparse cover of larger trees. Upon visual comparison 
between the CHM and the RGB image, the model struggled to detect smaller shrubs up to 2 meters 
tall (Figure 12). Consequently, smaller shrubs that were burnt at a low severity and still standing may 
have been incorrectly classified as charred grass due to their similar dark coloration. 
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Figure 12. Sample of RGB images used within the manual classification dataset and their 
corresponding CHM in meters. White spots within the CHM are indicative of taller vegetation. 

The robustness of the model is likely to improve with an increased sample size of training data. 
Utilizing a single individual for manual classification aimed to minimize bias; however, the intricate 
details of the post-burn landscape rendered this process laborious, thereby limiting the sample size 
of our training dataset. Future studies investigating RF for burn severity classification should 
consider employing a more extensive and diverse training dataset, including data from various study 
sites and different time periods, to enhance the accuracy and generalizability of model predictions. 
One of the significant advantages of the RF model is its ability to continuously refine predictions with 
the incorporation of new training data, leading to sustained improvements in model performance 
overtime [46]. This addition of a diverse training dataset would give insight to the model’s 
transferability and sensitivity to different study sites in the Kalahari with different wildfire events. 

A major limitation in both the model classifications and the analysis of post-burn woody 
vegetation regrowth is the lack of comprehensive pre- and post-burn field data. Ground-truth data 
is essential for ensuring accurate model predictions, as it provides a reliable reference for validating 
classified maps. Additionally, the unpredictable nature of wildfire ignition presents a considerable 
challenge in acquiring pre-burn imagery from UAVs, which is crucial for comparative analysis. It is 
acknowledged that visual interpretation limits the assessment of fire severity to what is visible in the 
imagery and excludes variables such as stem scorch and understory loss in areas of closed canopies 
[30]. However, the visual interpretation of high-resolution orthomosaics for determining severity has 
been shown to strongly correlate with field-based measures of severity [56]. Nonetheless, our 
approach presents a useful framework for improving precision and accuracy of fire effects detection 
in unique ecosystems such as the Kalahari and could be further expanded on in future studies by 
integrating ground-truthed data into the model. 

Other observed limitations in regard to severity classification include the complexity added to 
the model due to the presence of shadows in the 12-hour post burn UAV image. It can be stated with 
confidence based on previous studies’ results that our model would have yielded higher classification 
accuracy without the addition of shadows to the image that necessitated a shadow classification in 
the model [25,31]. As detailed in our methodologies, a shadow mask was attempted, but failed to 
properly mask shadows given the similar spectral signatures of shadows and the charred landscape. 
In response to this, shadows were classified within their own land cover classification in the model, 
being observed to result in model misclassification of shadows as charred grass or woody vegetation, 
thereby limiting model accuracy. 

4.2. Post-Fire Woody Vegetation Dynamics 
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Our study demonstrated a >50% likelihood of survival and subsequent regrowth at 6 months 
post-burn in woody vegetation that experienced total combustion, high-severity fire. These results 
support the notion both within the literature and based on observations from land managers that 
within the Kalahari, topkill is the dominant response from woody vegetation in response to fire [8–
10]. Previous studies have reported low mortality rates for woody vegetation following prescribed 
fires aimed at reducing shrub encroachment and discuss the inability of fire alone to significantly 
reduce this encroachment [9,13,23,57]. Our study is the first in the Kalahari region to quantify a 
similarly high survival rate of woody vegetation following high-severity wildfire, in contrast to the 
prescribed fires used in previous research. These findings suggest that even fires at higher intensities 
such as those ascribed to wildfires are not alone sufficient to drastically reduce woody vegetation 
cover and therefore combat shrub encroachment, necessitating alternative or combined management 
approaches. Additionally, our analysis underscores the importance of considering topkill in post-
burn assessments, as accurate mortality and survival rates may only become evident several months 
after the burn. 

The observed decrease in survival across all classes at the 2.5 years post-burn period indicates 
that some of the regrowth observed at 6 months did not persist. Environmental pressures such as 
drought, browsing, or frost may have impacted survival probabilities at the 2.5-year mark. The 
reduction of woody vegetation to an earlier structural stage after experiencing topkill increases 
individual plant’s vulnerability to these pressures and should be considered when analyzing survival 
likelihoods [9]. These findings are supported by Hoffmann and Solbrig who found that once woody 
vegetation had experienced topkill and subsequent regrowth, that the individual plant became very 
susceptible to topkill in subsequent fires due to their reduction in size [12]. In fact, for the plots within 
their study that burned twice during the study period, all individuals that experienced top kill in the 
first fire experienced topkill within the secondary fire, regardless of whether 1 or 2 years elapsed 
between burns [12]. This fact warrants further research on the impacts of multiple high severity fires 
on woody vegetation survival/regrowth in regard to shrub encroachment management. 

While fire intensity has been well documented as an important factor dictating the likelihood of 
topkill in the Kalahari, other important variables such as species, demographic age, and vegetation 
height also need to be considered to gain a fully comprehensive understanding of severity impacts 
[8,12]. We focused our study on investigating the capabilities of using new technologies in the form 
of UAV-RGB imagery to assess changes in vegetation post-fire, but we acknowledge that the addition 
of a pre- and post-burn field-based data set including data on vegetation species, age, and height 
would have improved the understanding of the relationship between burn severity and vegetation 
survival/regrowth post-burn. Higgins [8], reported within a set of experimental prescribed burns in 
Kruger National Park, South Africa that while fire intensity was an important factor in determining 
the likelihood of topkill, the effects of tree size overwhelmed the effects of fire intensity when 
assessing the likelihood of topkill. Specifically, Higgins reported a higher likelihood of topkill from 
smaller shrubs (height < 2 meters) when compared to larger trees [8]. Previous studies have also 
found that there is a varying savanna species response to fire intensity in regard to topkill likelihoods 
that is primarily based on differences in bark thickness and moisture that influences a species 
susceptibility to fire impacts [8,58,59]. 

5. Conclusions 

Accurate fire severity mapping in savannas is critical to improving the understanding of fire 
regimes over time, the effectiveness of management decisions, and acquiring a better understanding 
of the impacts of fire on vegetation dynamics in the landscape. This research demonstrated the 
effectiveness of employing a combination of fine-resolution UAV-RGB imagery and a RF classifier to 
accurately map burn severity at local scales in arid savannas. Our burn severity classification model 
yielded an overall accuracy of roughly ~80%, outperforming other RGB based severity classification 
models. Furthermore, our methodologies not only performed effectively in overall burn severity 
classification but also showed considerable capability in identifying high-severity regions of ash 
cover—a task in which traditional severity classification methods such as NBR have previously 
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encountered significant challenges. Our findings suggest that the utilization of fine-scaled UAV 
imagery with the inclusion of a machine learning model presents an appropriate methodology choice 
for burn severity classification in the Kalahari. Based on our severity classifications, our study 
demonstrated a greater than 50% probability of survival and regrowth of woody vegetation in areas 
of high severity fire 6-months post burn and a 45% probability of survival at 2.5 years post burn, 
supporting the well-established notion that fire is unlikely to cause high levels of mortality in woody 
vegetation. These findings are significant in the continued research and application of shrub 
encroachment management within the Kalahari, demonstrating that fire, even at higher severities 
akin to that of wildfire, is insufficient to combat shrub encroachment alone. 
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