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Dryland woody cover plays an important role in terrestrial ecosystems while 

undergoing transformation due to the changing climate and human impact. However, 

characterizing the extent and dynamics of dryland woody cover is challenging given the great 

variations in dryland woody vegetation life forms, structure, and spatial distribution. Clear 

thresholds defining the structural limits of woody cover classes are needed to map and validate 

woody cover extent, revealing map reliability and usability. The Land Cover Meta Language 



(LCML), which has succeeded the United Nations Food and Agriculture Organization's (FAO) 

Land Cover Classification System (LCCS), provides a detailed conceptual and operational 

framework for applying classifiers in building legends for mapping land cover. The 

physiognomic-structural traits - height and cover, have been used by a number of global 

classification schemes to define the extent of woody cover. However, in the existing studies on 

dryland woody cover mapping, the definitions of ñtreeò, ñforestò or ñwoody coverò are often 

vague or lacking in terms of definitive physiognomic structural limits. In addition, 

inconsistencies frequently exist between the map class definition and the reference data used 

for guiding the training data collection. To fill the gap, increasingly available remotely sensed 

data source brings the chance to characterize and extrapolate the woody cover structure 

parameters suitable for implementation of consistent structural thresholds at large scale. This 

study is focused on promoting a systematic definition framework to advance dryland woody 

cover characterization, using multi-source remote sensing data. The implementation was 

prototyped in Senegal, which features a high variation in height and cover compositions of 

dryland woody vegetation. First, we reviewed the discrepancies in the definitions adopted by 

the existing dryland maps and examined the resulting disagreements in the derived map 

products, using unoccupied aerial vehicle (UAV) lidar data. The result showed that existing 

continental-scale maps have low accuracies and spatial agreement. Then, we proposed and 

implemented a definition framework based on height and cover, for consistent woody cover 

mapping. We applied a regression tree model and combined field-based UAV optical and lidar 

data, with spaceborne HLS and Sentinel-1 SAR data, to create a set of 30 m wall-to-wall woody 

vegetation cover maps under different height thresholds. The map validation yields R-square 

0.67 to 0.86, demonstrating the capability of woody cover characterization under various 



physiognomic structural thresholds. Finally, built upon the mapping capability and the 

framework, we extended the mapping of woody cover over temporal domain to monitor the 

cover dynamics of the dryland ecosystems. We found that between 2016 to 2023, 1.45 (±0.32) 

Mha of woody cover were lost in Senegal, and 0.98 (±0.28) Mha was gained, as a result of 

both natural regenerations/disturbances and human interventions. The area estimations were 

within decent uncertainty level, proving the capability and validity of the framework in woody 

cover monitoring. The study emphasizes the need, as well as the capability to relate remote 

sensing-based observations and derived products with the explicit structure of woody cover. 

Through this study, we call for applying consistent physiognomic structure-based definition 

framework, in future woody cover characterization efforts.  
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Chapter 1. Introduction 

1.1 Background 

Woody cover, as an important component of terrestrial ecosystems, provides 

irreplaceable functionality to ecological stability, standing at the frontiers combating the 

changing environments (UNCCD, 2020). It plays a vital role in carbon sequestration (Lewis et 

al., 2009; Pan et al., 2011), nutrient cycling (Attiwill and Adams, 1993), soil and water 

conservation (Huxman et al., 2005) and biodiversity maintenance (Shachak et al., 2008), while 

also delivering essential ecosystem services that support human well-being (Brandt et al., 

2018; Felipe-Lucia et al., 2018). Recognizing its significance, efforts have been prioritized to 

actively map and monitor the distributions and dynamics of the woody cover across broad 

temporal and spatial domains (Almeida et al., 2021; Brandt et al., 2023; Hansen et al., 2013; 

Tyukavina et al., 2022). These efforts are central to a wide range of global and regional 

initiatives, including climate change mitigation strategies (e.g., REDD+) and land monitoring 

programs (e.g. Global Forest Watch, EU Global Forest Cover). As a result, long-term large-

scale woody cover maps have been developed using consistent satellite observations. These 

maps offer valuable insights for carbon accounting, biomass estimation and ecosystem 

resilience assessments over time, from regional to global scales (Hansen et al., 2020; Harris et 

al., 2021).  

Among these efforts, the status and the dynamics of major woody cover ecosystems, 

such as tropical rainforests or boreal forests, characterized by dense and/or tall woody cover 

distributions, have been thoroughly accounted and validated through well-established 

methodologies, including remote sensing-based mapping techniques and sample-based area 

estimation (Hansen et al., 2016; Turubanova et al., 2018; Tyukavina et al., 2018, 2017). In 

https://www.zotero.org/google-docs/?broken=k6T7Wo
https://www.zotero.org/google-docs/?broken=k6T7Wo
https://www.zotero.org/google-docs/?broken=dkdzfM
https://www.zotero.org/google-docs/?broken=cmqAEl
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contrast, dryland woody cover remains a uniquely critical yet understudied domain. A main 

barrier in dryland woody cover mapping is the lack of a consistent definition framework 

(Fagan, 2020). While the issue is not acute when quantifying tall and dense forests, the absence 

of pre-defined semantic thresholds in the map legend could obscure the mapped target in 

dryland environments, where the woody cover spans a diverse range of forms, from isolated 

shrubs to low-stature tree clusters (White, 1983). With the escalation of extreme climate 

conditions (e.g. droughts) and land use pressures, the need for accurate accounting dryland 

woody cover has become increasingly urgent (Brandt et al., 2018; Gebrechorkos et al., 2025; 

Smith et al., 2024). Yet without a clear understanding of the woody cover extent with specified 

thresholds of interest, further ecological assessments and policy interventions will remain 

limited. At the foundation of all such efforts lies the need for a transparent and consistent 

definition framework that will enable robust validation, peer review and intercomparisons of 

derived woody cover maps, and thus facilitate their adoptions across different communities.  

Built upon the issues in the large-scale woody cover mapping and the demand in 

accurately accounting dryland woody cover extent, this dissertation aims to address the 

existing limitations and advance the accurate characterization of dryland woody cover, by 

promoting and implementing a systematic woody cover definition framework.  

1.1.1 Significance of advancing woody cover mapping in dryland ecosystems 

Dryland, defined as areas with an aridity index of less than 0.65 (UNEP), covers 41.3% 

of the earthôs surface (FAO, 2019). Though featuring sparser and shorter vegetation 

distributions, dryland woody cover provides ecological functions that are of equal importance 

as other densely vegetated ecosystems by sequestrating carbon, helping maintain soil stability, 

and combating desertification (Lal, 2019; Maestre et al., 2016). In addition, drylands are home 

https://www.zotero.org/google-docs/?broken=XDWem5
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to a significant portion of the global human population, particularly in less economically 

developed countries, where 72% of dryland is located (MEA, 2005). In these regions, dryland 

woody cover provides irreplaceable services that supporting local livelihoods, including food 

supply (e.g. fruits, seed and edible vegetables), forage for livestock, fuelwood (especially 

charcoal), and increasing soil fertility for agricultural production (Hanan, 2018; MEA, 2005; 

Mbow et al., 2014). Despite the significance, over the last century, dryland woody cover has 

undergone extensive changes driven by complicated mechanisms ï cover loss from both 

human-induced and natural degradation; and cover gain from the ñgreening trendò due to the 

changing weather pattern and restoration efforts (Brandt et al., 2018; Mbow et al., 2000; 

Sankaran, 2005; UNCCD, 2020; Venter et al., 2018; Wurster, 2010). To support policies aimed 

at improving livelihoods and sustaining environments associated with woody cover, accurate 

large-scale mapping and monitoring is required. 

However, the sparse, short and complex nature of dryland landscapes poses significant 

challenges to accurately mapping these ecosystems. Dryland woody covers exist over diverse 

land cover types ï bushland, thicket, shrubland and wooded grassland (White, 1983). These 

land covers could be either naturally formed, driven by rainfall, temperature, soil properties 

(FAO, 2019; Kulmatiski and Beard, 2013); or induced by human-related land use practices 

(e.g. plantation, agroforestry, restoration efforts) (Brandt et al., 2018); or formed from 

interactions between both (Sankaran et al., 2005; Venter et al., 2018). Meanwhile, they are 

constantly being shaped by natural and human-related disturbances, such as wild herbivores, 

drought, fire, pastoralism and charcoal production (Lamb, 1982; Rose et al., 2024; Sankaran 

et al., 2005). To effectively map and monitor the woody vegetation within drylands, robust 

woody cover mapping and accounting approaches are needed. 

https://www.zotero.org/google-docs/?broken=sMEFEy
https://www.zotero.org/google-docs/?broken=sMEFEy
https://www.zotero.org/google-docs/?broken=HgwboN
https://www.zotero.org/google-docs/?broken=9jjmJD
https://www.zotero.org/google-docs/?broken=rqKomC
https://www.zotero.org/google-docs/?broken=Q9pXz6
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1.1.2 Current status of dryland woody cover characterization 

The two most common approaches for accounting the area of a target of interest are 

remote sensing image-based wall-to-wall mapping and sample-based area estimation. Wall-to-

wall mapping provides a spatially explicit characterization of the landscape (Townshend et al., 

1991), while sample-based method offers unbiased estimates of area with statistically robust 

measures of uncertainty, and can also be used to assess and improve the map quality (Olofsson 

et al., 2014; Tyukavina et al., 2025). Large-scale remote sensing-based maps have been 

developed over dryland ecosystems, utilizing advanced deep learning models and very high 

resolution satellite imageries (Brandt et al., 2020; Brandt et al., 2023; Reiner et al., 2023). 

There also exists sample-based dryland woody cover extent estimation as part of Global 

Drylands Assessment initiative (Bastin et al., 2017). However, both methods rely on well-

established and consistent definitions to ensure the transparency and comparability of the 

result. And so far, the convergence of dryland woody cover estimates is not yet realized, based 

on our analysis (Chapter 2). 

Woody cover has the dominant life forms of trees, shrubs, vines, and ground cover. To 

develop a reliable woody cover map that can be validated, clear thresholds defining the 

structural limits of woody cover type(s) are needed. Land Cover Meta Language (LCML) (ISO 

19144-2:2023, 2023), succeeded the United Nations Food and Agriculture Organization's 

(FAO) Land Cover Classification System (LCCS) (Di Gregorio et al., 2016), provides a 

conceptual and operational definition framework. In the framework, the legends used for 

mapping target land covers are built based on combinations of classifiers.  

To promote a systematic definition framework and enable consistent validation of 

woody cover maps, it is necessary to unify the classifiers applied in woody cover definitions. 

https://www.zotero.org/google-docs/?broken=c3JPoC
https://www.zotero.org/google-docs/?broken=c3JPoC
https://www.zotero.org/google-docs/?broken=c3JPoC
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Historically, physiognomic-structural traits - height and cover has been used to define woody 

cover (White, 1983; Pratt et al., 1966). These two traits have also been used by a number of 

global classification schemes to define the extent of woody cover, including the International 

Geosphere Biosphere Programme (IGBP 1992; Rasool 1992) and the corresponding IGBP 

DISCover map (Loveland et al., 2000), as well as the contemporaneous University of Maryland 

global classification scheme (Hansen et al., 2000), both having open and closed categories for 

forests and shrubs, respectively. The FAO defines trees as woody plants above 5m, shrubs as 

woody plants below 5m, and forests as ñLand with tree crown cover (or equivalent stocking 

level) of more than 10% and area of more than 0.5 haò (FAO, 2023). The Intergovernmental 

Panel on Climate Change (IPCC) leaves countries and institutions free to apply different forest 

definitions (IPCC, 2000) with a range of height and cover alternatives (UNFCCC, 2001).  

However, existing mapping efforts rarely followed the physiognomic structural-based 

framework and this poses challenges for users to adopt or compare the maps across different 

studies and to ensure consistency in downstream applications (Fagan, 2020). Different user 

communities usually have varying woody cover types of interest (e.g. forest, shrub or savanna), 

defined based on their specific needs, while the map producers do not always explicitly state 

the height or cover thresholds of the mapped target. On one hand, some mapping efforts failed 

to construct the map legend based on physiognomic structural traits of the target (Brandt et al., 

2020). On the other hand, in some cases, though with well-specified height and cover 

thresholds in the legend, inconsistencies still exist between the definition and the reference 

data, with the issue observed in both mapping efforts and sample-based area estimations 

(Bastin et al., 2017; Brandt et al., 2023; Reiner et al., 2023).  

https://www.zotero.org/google-docs/?broken=FP28N4
https://www.zotero.org/google-docs/?broken=VycL0Q
https://www.zotero.org/google-docs/?broken=VycL0Q
https://www.zotero.org/google-docs/?broken=lZnZfF
https://www.zotero.org/google-docs/?broken=eQksWW
https://www.zotero.org/google-docs/?broken=RZcZSe
https://www.zotero.org/google-docs/?broken=mvwuj6
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The leading factor that limits the woody cover mapping with specified height and cover 

thresholds is the lack of training data that contains the physiognomic structural information. In 

addition, the input wall-to-wall feature space from the spaceborne optical images often has 

limited capability in identifying short and sparse woody cover, which lacks distinctive shadows 

and structural signals; while the optical signal could also be easily confounded by soil moisture 

and inter-annual environment fluctuation.  

1.1.2 Thriving of multi-source remote sensing data 

The growing demand for accurate dryland woody cover mapping needs to be supported 

by advances in data processing and analysis capabilities, with enhanced storing infrastructure, 

high-performance computing clusters and the development of advanced algorithms. Central to 

these efforts is the expanding availability of remote sensing-based observations that offer 

higher resolution training and reference data, carrying physiognomic structural information of 

woody cover.  

1.1.2.1 Optical Remote Sensing 

Optical remote sensing collects the solar radiation reflected by the ground objects and 

remains a cornerstone for large-scale land cover and land use mapping (Defries and 

Townshend, 1994; Townshend et al., 1991; Tucker, 1979). Spaceborne optical systems provide 

stable and long-term earth observations that have enabled long-term monitoring of the earth 

surface for several decades. Legacy missions such as Advanced Very High Resolution 

Radiometer (AVHRR) and Moderate Resolution Imaging Spectroradiometer (MODIS) have 

laid the foundation of the discipline of large area mapping using remotely sensed imagery, and 

enabled continuous global records of land surface conditions since early 1980s (Friedl et al., 

2002; Hansen et al., 2000; Loveland et al., 2000). The Landsat program, spanning over 50 
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years since 1972, represents the longest continuous archive of medium resolution (30 m) 

optical imageries (Wulder et al., 2022). The European Space Agency (ESA) Sentinel-2, 

launched in 2015, is another multi-spectral long-term mission that delivers high resolution (10-

20 m) images with global coverage (Drusch et al., 2012). By fusing Landsat with Sentinel-2, 

the Harmonized Landsat-Sentinel (HLS) dataset provides integrated observations with 

increased frequency, which is especially beneficial over regions where cloud cover during the 

rainy season limits the optical acquisitions (Claverie et al., 2018). Commercial constellations, 

such as Planet and Maxar, provide more spatial details and thus are more suitable for finer 

scale mapping, but the data is not open access (Brandt et al., 2020). Long-term global spatially 

explicit woody cover maps have been generated based on the abovementioned optical datasets 

(Hansen et al., 2013; Potapov et al., 2021). However, the optical data has limited capability in 

woody cover characterizations, especially vegetation structure modeling, with signal saturation 

in densely vegetated areas and reduced sensitivity in sparsely vegetated areas. Airborne optical 

remote sensing is well-suited for small-scale high-precise surveying tasks, which delivers very 

high resolution imagery that can be extrapolated for large-scale mapping (Pickens et al., 2023). 

Three-dimension structural information of the ground object can be retrieved through 

photogrammetry techniques based on the optical imageries repeatedly taken from different 

angles (Colomina and Molina, 2014).  

1.1.2.2 Lidar (Light Detection and Ranging) 

Lidar (light detection and ranging) is an active remote sensing technology that uses the 

laser pulse to measure the 3D structure of the target object. Lidar data is widely used to derive 

the high-resolution land surface topography and vegetation characteristics (Dubayah et al., 

2020; Lefsky et al., 2005; Neuenschwander and Pitts, 2019). Spaceborne lidar have advanced 
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large-scale structural characterizations of the earth surface. NASAôs ICESat (Ice, Cloud, and 

land Elevation Satellite), operated from 2003 to 2009, used the Geoscience Laser Altimeter 

System (GLAS) sensor and collected elevation information within 65 m diameter footprint 

with global coverage (Schutz et al., 2005). With designed originally to measure ice mass, the 

satellite was also found useful in enhancing woody cover characteristics. A second generation 

of the mission - ICESat2, launched in 2018, employs the Advanced Topographic Laser 

Altimeter System (ATLAS), which is a photon-counting system with higher sampling density 

and spatial resolution (Markus et al., 2017). Also launched in 2018, NASAôs Global Ecosystem 

Dynamics Investigation (GEDI) is the first spaceborne lidar system specifically designed for 

vegetation structure characterization and carbon and biomass monitoring (Dubayah et al., 

2020). It is a full-waveform laser system mounted on the International Space Station and 

illuminates the ground in 25 m resolution footprints between 51.6ÁN to 51.6ÁS. Spaceborne 

lidar data are often used as training or validation for extrapolating large-scale maps of woody 

cover attributes and biomass (Baccini et al., 2017; Lefsky et al., 2010; Potapov et al., 2021; 

Simard et al., 2011). However, shortcomings exist for them to be applied in dryland 

ecosystems. GEDI is limited in identifying vegetation with short height due to the frequent 

omission of low vegetation signals within its ground retrieving algorithms (Hancock et al., 

2019). ICESat2 ATL08 vegetation height products are delivered in 11 m by 20 m along-track 

segments, which is incompatible with the resolution of feature space typically applied in large-

scale mapping (Neuenschwander et al., 2022). This mismatch could easily bias the model, 

given more sub-pixel heterogeneity in the dryland woody cover ecosystems. Meanwhile, the 

photon samples in the segments have limited capability in picking up weak signals from sparse 

cover. Airborne lidar provides physiognomic structural information of target woody cover in 
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very fine resolution, making it the most reliable and suitable training and validation source for 

dryland woody cover map generation based on various height and cover thresholds (Blair et 

al., 1999; Cook et al., 2013). Though airborne lidar is constrained by its limited coverage and 

high expense to obtain, advancement in dryland woody cover characterization would not be 

possible without the collection of more field-based lidar data. Terrestrial laser scanner (TLS) 

is another ground-based technique that can provide highly detailed vegetation 3D 

representation (Marselis et al., 2018). However, the limited spatial scanning range and the 

complexity in the operation make it less efficient for large-scale surveys.  

1.1.2.3 Synthetic Aperture Radar (SAR) 

Synthetic Aperture Radar (SAR) is another active remote sensing technique that 

utilizing microwave with the wavelength ranging from centimeter to one meter to measure the 

roughness and conditions of the earth surface (Meyer, 2019). Being able to penetrate the cloud 

cover, SAR has been widely used in regional monitoring efforts, including deforestation 

monitoring, oil spill detection, disaster assessment and flooding mapping (Tsokas et al., 2022). 

When applied to characterize woody cover, depending on the wavelength of the sensor, SAR 

interacts with different components of the woody cover, offering structural information at 

varying levels (Naidoo et al., 2015). It can complement optical-based feature space as an 

independent variable with additional cloud-tolerant structure-related information. Missions 

that are suitable for this study includes Sentinel-1, launched in 2014, which is equipped with a 

C band SAR and delivers spatial explicit data with dual polarization in down to 5 m resolution 

(Torres et al., 2012). The L-band mission, ALOS-PALSAR, launched in 2006, along with its 

successor, ALOS2-PALSAR2, launched in 2014, provide long-term surface structural data 

(Rosenqvist et al., 2014). In addition, the recently launched missions, NASA-ISRO SAR 
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(NISAR), carrying a L-band and a S-band sensors, and ESAôs BIOMASS, carrying a P-band 

sensor, are expected to collect woody cover information globally with enhanced capabilities 

(Kellogg et al., 2020; Le Toan et al., 2011).  

1.2 Research objectives and dissertation structure 

1.2.1 Objectives and questions 

This study is focused on promoting a systematic definition framework to advance 

dryland woody cover mapping, empowered by multi-source remote sensing data. First, we 

reviewed the current status of the definition framework adopted by the most advanced dryland 

maps and examined the discrepancies cause by the inconsistent definitions in the derived maps, 

using the drone-based field lidar data. Then, we proposed and implemented a unified definition 

framework based on the physiognomic structural trait (height/cover) of woody cover for 

consistent dryland woody cover mapping, combining multi-source remote sensing data. 

Finally, built upon the framework, we extended the mapping of woody cover status over 

temporal domain to monitor the cover dynamics of the ecosystems. The framework will not 

only solidify the dryland woody cover mapping, but will also serve as a call for unifying the 

mapping standards before advancing any techniques, such as deep learning at higher 

resolutions. Senegal is selected as a test region due to its diverse woody cover compositions. 

The experiments and findings of this study were conducted and documented from chapter 2 to 

chapter 4. The questions addressed and answered in each chapter are listed below. 

Chapter 2 - Inconsistent definitions causing discrepancies between woody cover maps in 

drylands 

Question 1: What are the definitions of woody cover adopted by the existing most advanced 

woody cover maps? What are the physiognomic structural thresholds of the mapped objects in 
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these studies and the related accuracy, under the classifier-based classification framework 

recommended by LCML?  

Question 2: How much disagreement does there exist among different maps due to the 

inconsistent woody cover definitions?  

Chapter 3 - Defining and Mapping Tropical Dryland Woody Cover: A Comparative Study 

using UAV Data in Senegal 

Question 1: How well can we map the woody cover based on various pre-defined 

physiognomic structural traits (height/cover)?  

Question 2: How is the comparison of the map accuracies between this study and other studies, 

under the best-matching woody cover height/cover definitions of other studies?  

Chapter 4 - Monitoring the Woody Cover Change in Senegal from 2016 to 2023 

Question 1: Will the cover maps generated under the proposed unified definition framework 

enable unbiased area estimations of the woody cover dynamics in dryland ecosystems?  

Question 2: How much area of woody cover under the pre-defined thresholds have experienced 

change over the last eight years in Senegal? What are the drivers of these changes?  

1.2.2 Terminology 

Given the great variations in dryland woody vegetation height and cover, the 

terminology ñtreeò and ñforestò are not applied in this study. Instead, we aim to map generic 

woody covers that include short (<2 m) and sparse (<10 %) woody vegetation. In this study, 

the ñwoody vegetationò refers to the stand-level plant and is defined by the height of the plant. 

The ñwoody vegetation coverò refers to the pixel-level percent cover formed by woody 

vegetation. The ñwoody coverò refers to the woody forms where the woody vegetation reaches 

the defined height and cover. The pixel-level woody cover binary mask is derived by applying 
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specific height/cover threshold of the woody vegetation. But note here that since we are 

mapping the cover of woody vegetation with height from >1m to >8m, some woody covers 

will still fall within the forest category within the FAO (woody vegetation with >5m height 

and >10% cover) (FAO, 2023). 

1.2.3 Dissertation Structure 

This dissertation contains five chapters. The first chapter introduces the background of 

this study, including the significance of conducting dryland woody cover studies, current status 

and gaps in existing dryland woody cover maps and the advanced datasets that could be applied 

to advance and fill the gaps in the study. The second to fourth chapter contain the primary 

bodies of this study. The second chapter is focused on examining the different physiognomic 

structural thresholds of the mapped target in existing woody cover studies and compared them 

to reveal their spatial disagreements as well as the related accuracies, using the lidar field data 

we collected from field work in Senegal. The third chapter is focused on designing a workflow 

to map the woody cover under different physiognomic structural definitions, by combining 

remote sensing data from multiple sources ï spaceborne optical and SAR data and airborne 

optical and lidar data. The fourth chapter was built upon the definition framework proposed in 

the third chapter and examine the capability of woody cover mapping in the long-term scale to 

monitor the cover dynamics in dryland ecosystems. The fifth chapter concludes the key 

findings of the preceding three chapters and project the future works that could be conducted 

following the outcomes of this study.  
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Chapter 2. Inconsistent definitions causing discrepancies between woody cover maps in 

drylands 

2.1 Introduction 

Before the earth observation era, K¿chler (1949) pointed out that ñscientific 

comparisons of widely separated areasò were not possible as methods for mapping vegetation 

precluded a ñcomparative approach.ò Townshend et al. (1991), in establishing the discipline of 

large area mapping using remotely sensed imagery (Defries and Townshend, 1994; Tucker, 

1979), emphasized the solution to this limitation through the consistent observational coverage 

and algorithmic characterization of satellite time-series data. However, this assumption is not 

a given. A key source of variance in earth observation-derived maps is the inconsistent 

application of data and/or algorithms to nominally the same target. Legends defining the 

classes of interest are often ambiguous or not consistently treated across different 

methodological approaches. These challenges are particularly acute for drylands, where woody 

cover life forms vary greatly in size and distribution. Unlike a uniform closed canopy forest 

class (e.g., >80% canopy cover and >10m height), dryland ecotones feature a higher 

heterogeneity and shorter, less dense distributions that are harder to discriminate. Without clear 

thresholds defining the structural limits of woody cover type(s), there is no reasonable way to 

validate the accuracy and corresponding reliability and usability of a woody cover map. 

https://www.zotero.org/google-docs/?aP2CHO
https://www.zotero.org/google-docs/?broken=f7fsAI
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Figure 2.1 Example of woody cover classes as defined by height/cover thresholds. Bold arrows 

indicate skylight orthogonal to the ground that is intercepted by crown extent. Note that ócrown 

extent coverô here differs from the UAV lidar-derived foliar cover shown in Figure 2.4, which 

refers to the leaf area intercepted by skylight. Figure adapted from Pratt et al. (1966). 

The Land Cover Meta Language (LCML) (ISO 19144-2:2023, 2023), succeeding the 

United Nations Food and Agriculture Organization's (FAO) Land Cover Classification System 

(LCCS) (Di Gregorio et al., 2016), provides a detailed conceptual and operational framework 

for applying classifiers in building the definitions for mapping land cover, including growth 

form, height, cover, spatial distribution, minimum mapping unit and other attributes. Per White 

(1983), Pratt et al. (1966) and others, physiognomic structural traits, such as height and cover 

can be used to define categories of woody cover (Figure 2.1). These two traits have also been 

used by a number of global classification schemes to define the extent of woody cover (FAO, 

2023; Hansen et al., 2000; IGBP, 1992; Loveland et al., 2000). The Intergovernmental Panel 

https://www.zotero.org/google-docs/?broken=c3JPoC
https://www.zotero.org/google-docs/?broken=c3JPoC
https://www.zotero.org/google-docs/?broken=FP28N4
https://www.zotero.org/google-docs/?broken=VycL0Q
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on Climate Change (IPCC) leaves countries and institutions free to apply different forest 

definitions with a range of height and cover alternatives (UNFCCC, 2001). In recent years, the 

use of high (~10 m; e.g., Sentinel-2) and very high (~0.5 m ~ 3 m; e.g., Maxar and PlanetScope) 

spatial resolution imagery has advanced the mapping of dryland woody cover to identify 

individual trees and shrubs using deep learning algorithms (Brandt et al., 2020; Brandt et al., 

2023; Reiner et al., 2023). However, these maps either fail to provide definitive height/cover 

thresholds of the mapped targets (Brandt et al., 2020); or state the physiognomic-structural 

definitions without using reference data that contains this information to make the map (Brandt 

et al., 2023; Reiner et al., 2023).  

Here, we intercompare three of the most advanced large-area woody cover maps (Table 

2.1) over Senegal. The agreement of the mapped targets is quantified in terms of their 

physiognomic structure and the map accuracies are assessed using fine-scale field-based 

unoccupied aerial vehicle (UAV) lidar (light detection and ranging)-derived vegetation 

height/cover information (Figure 2.3). Among the examined maps, Brandt et al. (2020) used 

DigitalGlobe imagery to map trees outside of forests at the sub-meter level using a minimum 

3 mĮ crown size with no other structural parameters considered. Reiner et al. (2023) mapped 

all woody vegetation with height above 5 to 6 m in Africa at a 1 m spatial resolution using 

PlanetScope imagery, using the presence of shadow as the criteria when collecting the 

reference data. World Resource Institute (WRI) created a 10 m tropical tree extent map (Brandt 

et al., 2023) from Sentinel 1&2 imagery, defining trees as woody vegetation that has either 

height >5 m, or crown size Ó5 m diameter and 3-5 m height. During reference data collection, 

height was estimated through visual inspection and shadow was used as a primary guide. Our 

intercomparison study was conducted over Senegal which features an ecotone from Guinean 
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forest to Sahelian savanna and corresponding high variation in height and cover of woody 

vegetation (Figure 2.2).  

Source 
Brandt et al. (2023)  

(WRI) 
Reiner et al. (2023)  Brandt et al. (2020)  

Mapped Target 

Tree extent in tropics 

(-23.44Á~23.44Á 

latitude) 

Forest and non-forest 

tree cover in Africa 

Non-forest trees in the 

West African Sahara, 

Sahel and sub-humid 

zone 

Data Year 2020 2019 2005 - 2018 

Resolution 10 m 1 m 0.5 m 

Satellite 

Imageries Used 

Sentinel-1 

Sentinel-2 
PlanetScope DigitalGlobe 

Tree Definition 

(Height >5 m) 

or (3 m Ò height Ò 5 m  

& crown diameter Ó 5 

m) 

Height Ó 5 or 6 m crown size > 3 mĮ 

Reference Data 

WorldView imagery 

(trees identified by 

visual interpretation of 

height/ presence of 

shadow) 

Google Earth imagery 

& Bing imagery 

(trees identified as 

woody plants with 

shadow) 

DigitalGlobe imagery 

(trees identified by 

NDVI, shadow and 

crown size) 

Product 

Delivered 
10 m probability map 

1 m binary tree/no tree 

map 

0.5 m binary tree 

crown map 

Table 2.1 The summary of the maps that were compared in this study: Brandt et al. (2020), 

Brandt et al. (2023) and Reiner et al. (2023). 

2.2 Methodology 

2.2.1 Study Area 

Senegal is located on the west coast of Africa, spanning from 12.3Á to 16.7ÁN in 

latitude, and 11.4Á to 17.5ÁW in longitude (Figure 2.2). The capital of Senegal - Dakar is 

located on the west coast (14Á41ǋ34ǌN, 17Á26ǋ48ǌW). The climate in Senegal is dominated by 
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two seasons: the dry season (winter) from November to May, featuring less rainfall and the hot 

dry wind called harmattan; and the wet season (summer) from June to October, featuring high 

humidity and high temperature. Wet season precipitation ranges from ~300mm/yr in very arid 

zones in the north to up to ~1300mm/yr over the sub-humid dry forests area in the south. 

Senegal consists of four ecoregions (Dinerstein et al., 2017; White, 1983). The West Sudanian 

savanna (58.2%) is within the Sudanian regional center phytochorion, which is rich in endemic 

species and consists of a vegetation gradient from grasses to shrubs to woodland from north to 

south. The Sahelian Acacia savanna (27.6%) is within the Sahel regional transition zone, 

bordering the Sahara regional transition zone to the north, and featuring grass-dominated land 

with scattered shrubs and trees on sandy soils. Vegetation height is highly dependent on water 

accessibility in this region. Guinean forest-savanna mosaic (13.5%) and Guinean mangroves 

(0.7%) are within the Guinea-Congolia/Sudania regional transition zone. The former features 

distributions of savanna and forest, represented by the gallery forest along rivers on the east 

and big patches of dense tropical forests on the west. The latter features extensive mangrove 

forests distributed along the coast that support unique biodiversity. The topography of the 

country is mostly flat, resulting in a largely smooth vegetation ecotone. The climate gradient 

and resulting diversity of vegetation forms across Senegal makes it suitable for studies of 

gradients of vegetation physiognomic- structural traits. 
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Figure 2.2 Ecoregions of Senegal and field study sites where UAV-based data were collected 

using RIEGL lidar equipment. Ecoregion boundaries are from Dinerstein et al. (2017). The 

change of the vegetation along the ecological gradient over the country is shown in the field 

photographs on the right. 

2.2.2 Lidar Data Processing 

The UAV-based lidar data were the main source for map intercomparisons and 

validations. The data were acquired through a RIEGL miniVUX-SYS (with AP20) laser 

scanner system mounted over a DJI Matrice 600 Pro platform. The sensor emits the near 

infrared laser pulses at 100 kHz pulse repetition rate (PRR). The pulse can penetrate the canopy 

and trigger multiple returns. The 3D point cloud that contains the positional information of the 

ground objects can be generated by recording the travel time of each return. The lidar UAV 

was flown at an altitude of ~25 m with speed ~4 m/s, which resulted in ~500 to 4500 pts/m2 

point density depending on the height of the ground object. The data were collected between 

02/20/2023 and 02/27/2023 during the dry season of Senegal to take advantage of suitable 

weather conditions for UAV operations and road accessibility. In total, we flew 25 plots. The 
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flight area over each plot adds up to ~132 ha (Figure 2.2 & 2.3). Twenty-one plots were 

collected over natural vegetation along the ecoregional gradient of eastern Senegal, and 4 plots 

over agroforestry lands on the west coast. The data requires an internal processing, which 

involves raw data pre-processing using the sensor manufacturer's software, and a subsequent 

external processing, which uses geospatial software to handle the common data type (LAS 3D 

point cloud) obtained from internal processing for application purposes.  

During the internal processing, we first followed a post-processing kinematic (PPK) 

workflow to calibrate the geolocation of the flight trajectories, using the GPS information 

obtained from the NovAtel PwrPak7 base station set up during each flight. To do this, the base 

station log files were first converted to the RINEX format in NovAtel Convert software and 

then used to obtain National Spatial Reference System (NSRS) coordinates through the Online 

Positioning User Service (OPUS) provided by NOAA National Geodetic Survey (NGS). The 

raw flight tracks were then processed using the OPUS solution along with the base station logs 

in POSPac software to create the calibrated flight tracks with centimeter level geolocation 

accuracy. Then we used RiPROCESS software to georeference the laser data with track data 

and export the point cloud in the widely used LAS format for external processing. During the 

external processing, we used LASTools to convert the LAS point cloud into gridded cover 

maps. First, the ground points were identified using the ólasgroundô command. Then, the 

beyond-ground height of each non-ground point was calculated using the ólasheightô command. 

We gridded the point cloud in 10 cm resolution using the max height of the pixel to get the 

rasterized digital surface model (DSM). After visual examination of the gridded image, we 

assigned 0 value to the abnormally high values that were caused by the power lines, buildings, 

people and animals. We also partially removed the edge of the image with artifacts due to the 
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less dense laser scanning. Using the resulting very high-resolution DSM, we were able to 

generate the reference woody vegetation cover maps under different heights threshold (Figure 

2.4). We created eight sets of reference cover maps, for woody vegetation above 1 m, 2 m, 3 

m, 4 m, 5 m, 6 m, 7 m and 8 m, respectively. For each height threshold, we generated reference 

cover maps at different resolutions (0.5 m, 1 m, 10 m). The per-pixel percent cover was 

calculated as the ratio of the count of the 10 cm height pixels that meet the woody vegetation 

height definitions, to the total count of the 10cm height pixels within the target resolution pixel 

extent. In this way, the cover here refers to the foliar cover, which is the leaf area intercepted 

by the vertical skylight. Note that as the resolution of the reference cover map becomes finer, 

the map contains more 100% and 0% cover values, with fewer mixed pixels with intermediate 

cover values (Figure 2.4). All the lidar plot 10 cm height images are shown in Figure 2.3. 
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Figure 2.3 The images and locations of all the UAV lidar plots. The first column shows the 10 

cm gridded max height of all the lidar plots. The second column shows the Wingtra UAV RGB 

optical image of the plots, which was taken at the same time with lidar data collection. (see 

next page) 

 

Figure 2.4 The workflow of converting UAV-derived 10cm max height maps to reference cover 

maps for different height thresholds (>1 m to >8 m) in different resolutions (0.5 m, 1 m, 10 m). 

The calculations of single pixel cover for vegetation >2 m, >5 m and >8 m in 0.5 m are shown. 
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Given that the within-crown gaps were accounted during calculation, the derived cover refers 

to foliar cover, which is the leaf area intercepted by vertical skylight.  

2.2.3 Validations & Intercomparisons 

We compared the existing maps from Brandt et al. (2020), Reiner et al. (2023) and 

Brandt et al. (2023) with our lidar-based maps to provide an assessment of the actual woody 

vegetation cover and height these maps represent in dryland ecosystems. Brandt et al. (2020) 

mapped trees outside of forest in 0.5 m resolution using the commercial satellite data from 

DigitalGlobe. The map is a 0.5 m binary tree mask of the woody plants with a crown size >3 

mĮ (no height threshold employed). Reiner et al. (2023) mapped tree cover at 1 m resolution 

over the whole Africa using PlanetScope satellite imagery. The map is a 1m resolution tree 

cover mask of vegetation Ó5 m. World Resource Institute (WRI) created a 10 m resolution 

tropical tree extent map using Sentinel-1 and Sentinel-2 data (Brandt et al., 2023). Trees in the 

WRI map are defined as the woody vegetation that has either >5 m height, or the crown size 

with Ó5 m diameter with 3-5 m height. The WRI map is a 10 m tree extent probability layer 

representing the ñprobability of one or more tree canopies intersecting the centroid of a 10 m 

pixelò. As the map probability value lacks consistency and cannot be directly linked to tree 

cover percentages (Figure 2.5), we converted the WRI probability layer into a binary map for 

this study by setting the probability threshold at 50% (Ó50% - tree cover presence, <50% - tree 

cover absence). A summary of the maps that we have evaluated is shown in Table 2.1. All three 

maps were evaluated in their original resolutions.  
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Figure 2.5 The comparison between Brandt et al. (2023) 10 m tree extent probability and lidar-

derived 10 m woody vegetation cover. The lidar-derived cover adopted here was under the 

best-matching woody vegetation height definition (>2 m) of Brandt et al. (2023) (Figure 2.4). 

First, the map-derived area of the tree cover was calculated for each map product, over 

the UAV lidar pixels in the corresponding resolution (0.5 m, 1 m and 10 m). Then, the UAV 

lidar-derived woody vegetation cover area was also calculated at the eight different height 

thresholds (>1 m to >8 m). The area comparisons were made between each map and the 

corresponding eight UAV lidar-derived areas, to examine the best-matching height definition 

of the ñtreeò in the map (Figure 2.6(a)). Finally, we investigated which combination of woody 

vegetation cover and height from the reference UAV lidar data is best represented by the maps. 

To do this, under each best-matching height definition, the continuous reference map of UAV 

lidar-derived percent woody vegetation cover was converted into a set of binary woody cover 

masks at each 1% cover increment. We then compared the area of those binary masks with the 
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area of the corresponding evaluated binary tree cover map. The confusion matrices were 

generated for each combination of reference and evaluated binary masks, and map accuracy 

metrics were computed (Figure 2.6(b-d)). Specifically, the userôs accuracy (UA) for the woody 

cover was calculated as the ratio of the count of correctly mapped woody cover pixels to the 

total mapped woody cover pixels. The producerôs accuracy (PA) for the woody cover was 

calculated as the ratio of the count of correctly mapped woody cover pixels to the total 

reference woody cover pixels. And the overall accuracy (OA) was calculated as the ratio of the 

count of correctly mapped pixels to the total validation pixels. The F-1 score for both 

evaluations were calculated as: 

Ὂρ  
 z  z 

  
  (1) 

Note that the accuracy curves in Figure 2.6(b)(c) are flat for Reiner et al. (2023) and 

Brandt et al. (2020). This is because in 1 m and 0.5 m resolutions, there are more pure pixels 

and fewer mixed pixels with intermediate values in the reference cover maps, leading to 

smaller differences in the area estimates when applying different cover thresholds (Figure 2.4). 

In addition, the geolocation inaccuracies in Brandt et al. (2020) were accounted for in the 

evaluations. To do this, for each lidar plot, we shifted the Brandt et al. (2020) data around to 

find a highest correlation with the lidar-based mask (Figure 2.7(a)(b)). The accuracy metrics 

and the confusion matrix were then generated based on the comparisons between the 

georeferenced Brandt et al. (2020) and lidar-derived binary masks (Figure 2.7(c)(d)).  
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Figure 2.6 The best matching height/cover definitions for each map were identified through 

the area comparisons (a) and the binary accuracy assessment (b-d) using the UAV lidar data. 

a, The area comparisons between the UAV lidar-derived woody vegetation cover area by 

different height definitions, and the three maps evaluated in this study: Brandt et al. (2020), 

Brandt et al. (2023) and Reiner et al. (2023). The lidar fly area totals 132 ha. The blue dot is 

the lidar-derived proportion of the total area covered by woody vegetation over the 

corresponding height threshold. Each red line represents the proportion of area covered by the 

mapped tree cover in the respective evaluated map from b-d. b-d, The accuracy of the maps 

(Reiner et al. (2023), Brandt et al. (2020) and Brandt et al. (2023)) with the UAV lidar-derived 

vegetation cover maps used as the reference. Brandt et al. (2023) was converted into a binary 

map using >=50% probability threshold for the purposes of comparison. For this assessment, 

the reference lidar data were converted into binary maps based on different height/cover 

thresholds (the height threshold obtained from a was used for each evaluated map, and varying 

cover thresholds demonstrated in b-d). The dotted red line represents cover thresholds in the 

reference data, with which the evaluated maps received the best balance of producerôs accuracy 

(PA) and userôs accuracy (UA). The confusion matrices corresponding to this height/cover 

threshold are provided in Table 2.2.  

We also quantified the spatial agreement among the maps. To do this, the three maps 

were overlapped over the whole Senegal and the area proportions of the mismatches and 

overlaps were calculated (Figure 2.8). We have also overlapped the lidar reference binary maps 
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with the three maps over the lidar flight area under the most inclusive best-matching definitions 

(Brandt et al. (2023) >2 m height, >34% cover) (Figure 2.10(a)). The comparisons were 

performed at the 0.5 m scale. Reiner et al. (2023) and Brandt et al. (2023) maps were resampled 

to 0.5 m for intercomparisons. Note here that aggregating each map to a coarser level cover 

(e.g. 10 m) for comparisons will help reduce the spatial heterogeneity originating from the 

scale differences of each source. We did this by calculating and adding up the per-pixel percent 

cover agreements/disagreements under the assumption that the mapped tree/woody cover in 

each pixel co-located among different sources. Specifically, Reiner et al. (2023) 1 m and Brandt 

et al. (2020) 0.5 m binary maps were aggregated to the 10 m percent cover maps and the 10 m 

probability value of Brandt et al. (2023) was used directly. But the results still show significant 

discrepancies with only 2.6% of the lidar flight area having mapped tree/woody cover 

agreements from all the sources (Figure 2.9).  

 



28 

 

d.  

 Map - Yes Map - No PA UA OA F1 

Ref - Yes 494424 492240 50.1% 

(0.05%) 

50.0% 

(0.05%) 

84.6% 

(0.01%) 
0.50 

Ref - No 494847 4908168 

Figure 2.7 The geolocation of Brandt et al. (2020) were calibrated using the lidar data over 

each plot and the resulting calibrated data were compared to the lidar binary reference data. a, 

The per-plot shifts of Brandt et al. (2020) along x and y during geolocation calibration; b, An 

example (plot 22, Figure 2.3) showing the differences between the before-calibration and after-

calibration Brandt et al. (2020) data; c, The accuracy of the calibrated Brandt et al. (2020) with 

the UAV lidar-derived vegetation cover maps used as the reference. The reference data are 

converted into binary maps based on different cover thresholds (the height threshold obtained 

from Figure 2.6(a) was used). The dotted red line represents cover threshold in the reference 

data, with which the evaluated maps received the best balance of producerôs accuracy (PA) and 

userôs accuracy (UA); and d, Confusion matrix of Brandt et al. (2020) (map) vs. UAV lidar 

reference (ref) under the best matching height/cover definitions (woody vegetation >4 m 

height, 40% cover). The values in brackets correspond to the standard errors. 

 

Figure 2.8 Proportion of area mapped as tree/woody cover in one or more of the published tree 

cover maps (Brandt et al. (2020), Brandt et al. (2023) and Reiner et al. (2023)) over a, the UAV 

lidar flight area and b, the whole Senegal. The proportion was calculated as the target area 

(e.g., tree cover area in a specific map not overlapping with any other maps) divided by the 

total area of the UAV lidar plot/Senegal. The size of each section in the plot is proportional to 

the area it represents.  
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Figure 2.9 Proportion of the UAV lidar flight area with mapped tree/woody cover in the lidar-

derived woody cover map and/or one or more of the published tree cover maps in 10 m scale 

(Brandt et al. (2020), Brandt et al. (2023) and Reiner et al. (2023)). When calculating, Reiner 

et al. (2023) 1 m and Brandt et al. (2020) 0.5 m binary maps were aggregated to the 10 m 

percent cover maps and the Brandt et al. (2023) 10 m probability value was used directly. We 

assumed that the mapped tree/woody cover in each pixel co-located among different sources. 

The proportion was calculated as the target area divided by the total area of the UAV lidar plot. 

In addition, to obtain a spatial overview for visualization purposes, we generated a 30 

m RGB composite by aggregating maps of Brandt et al. (2020), Reiner et al. (2023) and Brandt 

et al. (2023) into 30 m resolution and placing the aggregated maps into red, green and blue 

channels of the composite, respectively. In the composite, the overlaps and mismatches among 

different maps are highlighted in different colors (Figure 2.10(b-f)). For the Brandt et al. 

(2023), the 30 m cover map was generated by taking the mean of the 10 m probability within 

each 30 m pixel. For both Reiner et al. (2023) and Brandt et al. (2020), the 30 m cover maps 
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were calculated by dividing the count of tree pixels by the total count of 1 m and 0.5 m pixels, 

respectively, within each 30 m pixel. 

2.3 Results and Conclusion 

When looking at the spatial agreement among different maps, only Brandt et al. (2020) 

captures small crowns over the middle Sudanian region (dark red, Figure 2.10(b-f)) while it 

disagrees with the other maps (cyan) over dense canopy in the south and is also subject to data 

artifacts and inconsistencies that affect map quality. Reiner et al. (2023) captures the least tree 

cover (magenta) and suffers from patchy artifacts (green). Conversely, Brandt et al. (2023) has 

the most tree cover (wide-spread magenta and cyan) except for within the middle Sudanian 

zone, and overall has fewer artifacts and discontinuities. Quantitatively, each map differs in 

tree cover proportion estimates with the number ranging from 10.8% to 29.2% over the whole 

Senegal (Figure 2.8(b)). A total of 35.8% of the country was mapped as tree cover by at least 

one of the three maps and this number is more than three times the area mapped by Reiner et 

al. (2023) and nearly three times that of Brandt et al. (2020). The woody cover area where all 

three maps agree accounts for only 2.8% of the country. The disagreement among different 

maps highlights their inconsistency and emphasizes the importance of applying consistent 

physiognomic-structural definitions for short, sparse woody ecotones in facilitating 

intercomparisons and assessing accuracy. 
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Figure 2.10 The spatial disagreements among lidar-derived mask and different maps. a, 

Proportion of the UAV lidar flight area with mapped tree/woody cover in the lidar-derived 

woody cover map and/or one or more of the published tree cover maps (Brandt et al. (2020), 

Brandt et al. (2023) and Reiner et al. (2023)). The proportion was calculated as the target area 

(e.g., tree cover area in a specific map not overlapping with any other maps or lidar reference 

data) divided by the total area of the UAV lidar plots. b, The 30 m RGB composite cover map 

(red: Brandt et al. (2020); green: Reiner et al. (2023); blue: Brandt et al. (2023)) illustrating 

the spatial differences among different maps: the red, blue and green color indicates the notably 

high cover values of the corresponding map in comparisons to the other two; the cyan indicate 

the relative low values of Brandt et al. (2020); the magenta indicates the relative low values of 

Reiner et al. (2023) and yellow indicates the relative low values of Brandt et al. (2023) (not 

visually evident in this map). c-f, A zoom-in example (extent marked in white rectangle in b) 

of the 30 m RGB composite, Brandt et al. (2020), Reiner et al. (2023) and Brandt et al. (2023), 

respectively.  
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To link the maps to the specific physiognomic-structure thresholds and assess the 

corresponding accuracies, we varied height and cover thresholds of the lidar data resampled to 

each mapôs spatial resolution to find a best result - one where omission and commission errors 

were balanced. The result shows that each map differs in this best-matching structural 

definition: the Brandt et al. (2020) 0.5 m binary tree map best represents woody vegetation >4 

m with >55% cover with a F-1 score of 0.235; the Reiner et al. (2023) 1 m binary tree map 

best represents woody vegetation >6 m with >53% cover with a F-1 score of 0.478; and the 

Brandt et al. (2023) 10 m tree probability map, represents woody vegetation >2 m with >34% 

cover with a F-1 score of 0.63 (Figure 2.6; Table 2.2). However, the commission and omission 

errors vary greatly between the maps under these best matched height/cover definitions: Brandt 

et al. (2020) 0.5 m binary map yielded 23.4% producerôs accuracy (PA) and 23.7% userôs 

accuracy (UA). The low accuracy is partly due to geolocation errors of the map, complicating 

submeter-level validation. This was supported by a plot-level georectification that doubled the 

original accuracy (PA = 50.1%, UA = 50%, F-1 score = 0.5) (Figure 2.7). Beyond registration 

issues, an overestimation of tree crowns (Figure 2.11(plot 9)) and the limited ability to 

accurately depict continuous forest canopies (Figure 2.11 (plot 2)) are main factors 

contributing to the low UA and PA. Reiner et al. (2023) 1 m binary map yielded 47.9% PA and 

47.8% UA. Under the best matching definition, the map omits large parts of crown canopies 

over the north and middle Sudanian zone (Figure 2.11 (plot 5)). Commission errors are 

widespread, including overestimates of dense vegetation (Figure 2.11 (plot 4)). In the southern 

Sudanian area, the map has poor agreement with the lidar data, with both commission and 

omission errors common. The Brandt et al. (2023) 10 m map yielded 62.4% producerôs 

accuracy and 63.1% userôs accuracy. Overestimations include aggressive inclusion of scattered 
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woody vegetation for agroforestry sites and northern Sahelian shrublands (Figure 2.11 (plot 

20)). Underestimation is evident in extensive areas of missed vegetation in the northeast 

Sudanian biome, which features continuous short woody cover with small unidentifiable 

crowns (Figure 2.11 (plot 6)). When overlapping the lidar binary reference under the most 

inclusive best-matching definitions (>2 m height, >34% cover) with all three maps over the 

lidar flight area, only 1.6% of the area has mapped tree/woody cover agreement from all four 

sources (Figure 2.10(a). Meanwhile, only half of the area mapped by Brandt et al. (2023) 

overlaps lidar woody cover, and for Brandt et al. (2020), less than 40%. Note that though the 

sample of lidar sites is not probability-based, the cover estimate over lidar area is similar to 

that of country level, which indicates that the lidar sample is representative of the country 

(Figure 2.8). 

a.  

 Map - Yes Map - No PA UA OA F1 

Ref - Yes 210168 689458 23.4% 

(0.04%) 

23.7% 

(0.05%) 

78.6% 

(0.02%) 
0.235 

Ref - No 677419 4812633 

b.  

 Map -Yes Map - No PA UA OA F1 

Ref - Yes 62130 67512 47.9% 

(0.14%) 

47.8% 

(0.14%) 

91.4% 

(0.02%) 
0.478 

Ref - No 67963 1383460 

c.  

 Map - Yes Map - No PA UA OA F1 

Ref - Yes 1989 1199 62.4%  

(0.9%) 

63.1%  

(0.9%) 

84.5%  

(0.3%) 
0.628 

Ref - No 1161 10909 

Table 2.2 Confusion matrix of each map vs. UAV lidar reference (ref) under the best matching 

height/cover definitions: a, Brandt et al. (2020) (woody vegetation >4 m height, >55% cover); 

b, Reiner et al. (2023) (woody vegetation >6 m height, >53% cover); and c, Brandt et al. (2023) 

(woody vegetation >2 m height, >34% cover). The first three columns represent the count of 

the reference pixels and map pixels. Please note that the confusion matrices represent pixel 

counts from an opportunistic sample. The values in brackets correspond to the standard errors. 
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Figure 2.11 Examples of issues in the maps of Brandt et al. (2023), Reiner et al. (2023) and 

Brandt et al. (2020). The first column is the reference UAV lidar-derived binary woody cover 

mask under the best-matching height/cover definition for the corresponding map. The second 

column is the published map (binary or converted to binary). The third column is the 

intersection of the UAV lidar and published map. The fourth column is the co-located UAV 

optical RGB imagery. The fifth column is the UAV lidar 10 cm max height image. The plot 

locations are shown in Figure 2.3.  
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The results of the map intercomparison highlight the pitfalls of dryland woody cover 

mapping. Peer-reviewed results that appear to have extended our capabilities in quantifying 

this important global land cover, but do not result in a consistent, convergent quantification, 

do little to advance our understanding of this ecosystem. Very high spatial resolution data (e.g. 

DigitalGlobe) prove challenging given inconsistent acquisitions and resulting varying 

seasonality and sun-sensor-target geometry, and as shown here, inaccurate georeferencing that 

cannot be corrected systematically (Figure 2.7(a)). Deep learning algorithms must be trained 

not only on individual trees across strictly defined height/cover thresholds, but also for 

continuous stands of varying height that do not present as discrete objects. In terms of 

monitoring, the challenge is even more pronounced, as mapping the woody cover dynamics 

requires accurate maps of the reference state. Consequently, any downstream applications that 

depend on these maps - such as biomass estimation, carbon accounting, ecosystem modeling 

or restoration efforts - are compromised. 

We recommend that woody cover definitions return to the physiognomic-structural 

classifiers historically used by the UNFCCC and other international land monitoring 

initiatives. Like any theme of interest, there is a semantic limit to what meets the definition 

and what does not. Increasingly available lidar data are well-suited to the dryland woody cover 

mapping challenge, and large area studies should start with in-region lidar data as training, and 

more importantly, as validation. Changing thematic definitions to fit an algorithm, for example 

using the diameter of a crown as the classifier, is of little utility as it ignores vast extents of 

non-isolated crowns that would impact land cover/land use, carbon, and habitat assessments. 

Definitions based on physiognomic-structural classifiers need to be consistently applied in 

mapping dryland ecotones, enabling assessments of product quality and, ultimately, areal 
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extent of woody cover, so as to provide a solid quantitative basis for dryland monitoring, and 

further applications.  
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Chapter 3. Defining and Mapping Tropical Dryland Woody Cover: A Comparative 

Study using UAV Data in Senegal 

3.1 Introduction 

Dryland ecosystem has drawn increasing attention in studies nowadays due to its 

vulnerability under the changing climate (B®gu® et al., 2011; Venter et al., 2018). However, the 

lack of accurate accounting of the extent of woody cover poses challenges in advancing 

understanding of the ecosystem regarding its carbon stocks, land use change, and climate 

impacts (Chapter 2).  

When mapping woody cover using remote sensing images, with increasing 

observations spatial resolution (~30 m ~ 500 m), dryland woody cover features increasingly 

mixed pixels. Height and cover have been directly mapped (Hansen et al., 2016, 2003; Potapov 

et al., 2021, 2019), but sensitivity for short, sparse dryland woody cover has been a 

fundamental limitation. Studies using coarse to medium resolution remote sensing imagery 

(e.g. MODIS and Landsat) and per pixel classification methods to map woody cover have 

included 1) phenological metrics from dense time-series to exploit the aggregate light 

extinction properties of tall, differentiated canopies (Brandt et al., 2016; Hansen et al., 2016, 

2003; Higginbottom et al., 2018; Nagelkirk and Dahlin, 2020; Potapov et al., 2021, 2019; 

Shafeian et al., 2021; Yang and Crews, 2019); 2) active microwave imagery from synthetic 

aperture radar (SAR) to capture structural information through the interaction of emitted 

energy with stem or foliage of woody cover (Mathieu et al., 2013; Naidoo et al., 2015; 

Urbazaev et al., 2015); or 3) both optical and SAR inputs to combine their complementary 

strengths (Anchang et al., 2020; Baumann et al., 2018; Brandt et al., 2023; Ludwig et al., 2019; 

Naidoo et al., 2016). In recent years, the use of high (~10 m; e.g. Sentinel-2) and very high 

https://www.zotero.org/google-docs/?broken=5e1tZx
https://www.zotero.org/google-docs/?broken=EIAqbg
https://www.zotero.org/google-docs/?broken=EIAqbg
https://www.zotero.org/google-docs/?broken=oCZvZf
https://www.zotero.org/google-docs/?broken=oCZvZf
https://www.zotero.org/google-docs/?broken=oCZvZf
https://www.zotero.org/google-docs/?broken=sl34Ew
https://www.zotero.org/google-docs/?broken=sl34Ew
https://www.zotero.org/google-docs/?broken=ez7Ugy
https://www.zotero.org/google-docs/?broken=ez7Ugy
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(~0.5 m ~ 3 m; e.g. PlanetScope and Maxar) spatial resolution imagery has enabled the 

mapping of dryland woody cover as objects to identify individual trees and shrubs using deep 

learning algorithms (Brandt et al., 2020; Brandt et al., 2023; Reiner et al., 2023; Tolan et al., 

2024; Wagner et al., 2024).  

In the existing woody cover maps, the definitions of ñtreeò, ñforestò or ñwoody coverò 

are often vague or lacking in terms of definitive physiognomic structural perspectives of woody 

cover (Brandt et al., 2020; Schnell et al., 2015; Schwieder et al., 2016). For example, recent 

research has focused on identifying the scattered and isolated trees excluded from previous 

forest mapping efforts, termed ñtrees outside of forestò (TOF).  Most studies have mapped 

subcategories of TOF or failed to give clear boundaries between the TOF and other land 

cover/use types (e.g. forest, urban and agricultural land) (Schnell et al., 2015). Brandt et al. 

(2020) mapped individual crown at the sub-meter level using a minimum 3mĮ crown size as 

the classifier with no other structural parameters considered, likely including both short shrubs 

(<2 m tall) and taller woody vegetation (Figure 1). Inconsistencies frequently exist between 

the definition and the reference data, with reference data usually obtained through manual 

labeling (Bastin et al., 2017; Baumann et al., 2018; Brandt et al., 2020; Brandt et al., 2023; 

Nagelkirk and Dahlin, 2020; Reiner et al., 2023; Schwieder et al., 2016; Zhang et al., 2019), 

or supervised/unsupervised classification of aerial images (Higginbottom et al., 2018; Ludwig 

et al., 2019; Shafeian et al., 2021; Yang and Crews, 2019) after visual inspection of very high 

resolution (VHR) optical images. For instance, the PlanetScope-based study (Reiner et al., 

2023) mapped all forest and non-forest trees in Africa and stated that the map does not include 

woody vegetation below 5-6 m, while during reference data collection, they used shadow as 

the labeling criteria. The tropical tree cover mapping by World Resource Institute (WRI) 

https://www.zotero.org/google-docs/?broken=TInfb2
https://www.zotero.org/google-docs/?broken=TInfb2
https://www.zotero.org/google-docs/?broken=ZCyuZs
https://www.zotero.org/google-docs/?broken=H4hoR6
https://www.zotero.org/google-docs/?broken=ODv2T4
https://www.zotero.org/google-docs/?broken=ODv2T4
https://www.zotero.org/google-docs/?broken=T1QTNJ
https://www.zotero.org/google-docs/?broken=T1QTNJ
https://www.zotero.org/google-docs/?broken=2yKdtq
https://www.zotero.org/google-docs/?broken=2yKdtq
https://www.zotero.org/google-docs/?broken=YSWvSU
https://www.zotero.org/google-docs/?broken=YSWvSU
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(Brandt et al., 2023) defines a tree using the 5 m height criteria, with the additional inclusion 

of 3 to 5 m woody vegetation with Ó 5 m crown diameter, but these distinctions are not depicted 

in the map. During training, height was estimated through visual inspection and shadow was 

used as a primary guide. The sample-based forest extent estimation over the dryland biome by 

Bastin et al. (2017) used shadow and crown size to distinguish trees from shrubs without setting 

specific definitions. Only a few studies have used UAV or ground-based data, such as airborne 

Light Detection and Ranging (lidar) data or plot level forest inventory data as a reference 

(Anchang et al., 2020; Mathieu et al., 2013; Naidoo et al., 2016, 2015; Urbazaev et al., 2015), 

and these studies are typically limited to regional scales due to the high cost and low 

repeatability of data collection. Currently operating spaceborne lidar systems could serve as 

training inputs for large-scale vegetation structure sampling, such as Global Ecosystem 

Dynamics Investigation (GEDI) and Ice, Cloud, and Land Elevation Satellite-2 (ICESat-2). 

However, it is difficult for GEDI to retrieve height information for short vegetation, where a 

significant portion of tropical woody cover exists (Hancock et al., 2019). The photon counting 

systems of ICESat-2 enable the short vegetation detection. However, the products were 

aggregated in segments along tracks that limit spatial compatibility with most map data 

(Neuenschwander and Pitts, 2019). 

In this chapter, we present spatially explicit woody vegetation cover mapping using 

field-based UAV of passive optical photogrammetry and lidar-derived structure data that 

provided fine-scale cover/height information for training and validation, respectively. We 

employed Harmonized Landsat Sentinel-2 (HLS) and SAR data from Sentinel-1 as mapping 

inputs. The high temporal frequency of HLS captures phenological variation of woody cover 

and Sentinel-1 data complements the optical images by providing structural information. 

https://www.zotero.org/google-docs/?broken=QHGBBi
https://www.zotero.org/google-docs/?broken=uTgvyF
https://www.zotero.org/google-docs/?broken=nCnuia
https://www.zotero.org/google-docs/?broken=cR0LSQ
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Specifically, we generated a set of 30m cover maps of woody vegetation derived using different 

height thresholds and validated these maps using set-aside in situ lidar collections and space-

based GEDI data. We also compared the accuracy of our maps with other existing large area 

maps in drylands under their best-matching physiognomic structural thresholds. The study 

emphasizes the need as well as the capability to relate remote sensing-based observations and 

derived products with the explicit structure of woody cover. It illustrates that precise definitions 

are the prerequisites of a robust validation and the informed use of such products. The study 

was conducted over Senegal which features an ecotone of Sudanian woodlands to Sahelian 

shrublands and a corresponding high variation in height and cover of woody vegetation.  

3.2 Methodology 

 
Figure 3.1 The workflow of the study. The height/cover threshold matching of maps from other 

studies was conducted in chapter 2.  
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This section details both drone-based and airborne data processing, model development 

and validation for generating the 30 m woody vegetation cover maps, and how the comparisons 

between this study and other existing maps were conducted. The workflow is shown in Figure 

3.1. The training and validation data used in this chapter were marked in Figure 3.2. 

3.2.1 UAV-based Data Pre-processing 

The UAV-based data were collected using two instruments: a RIEGL lidar system 

mounted on the DJI flight platform, and a WingtraOne GEN II multispectral optical imaging 

system. The processing and utilizations of RIEGL lidar has been introduced in chapter 2 

(section 2.2.2) and WingtraOne will be introduced in this study. Both data were collected 

between 02/20/2023 and 02/27/2023 during the dry season of Senegal to take advantage of 

suitable weather conditions for UAV operations and accessibility to the field. Flights of the two 

instruments usually overlapped for calibration purposes. In total, we flew 25 plots. The flight 

area over each plot adds up to ~132 ha for RIEGL lidar (Figure 3.15 (Supplementary 

Materials)) and ~1569 ha for Wingtra optical. Among all, 21 plots had both lidar and optical 

coverage, 2 plots had only optical flights, and 2 plots had only lidar flights (Figure 3.2). 

Twenty-one plots were collected over natural vegetation along the ecoregional gradient of 

eastern Senegal, and 4 plots over agroforestry lands on the west coast (Figure 3.2). Both types 

of UAV data undergone an internal processing, which involved the raw data pre-processing 

using the sensor manufacturer software, and a subsequent external processing, which used 

external geospatial software to handle the common data type (LAS 3D point cloud) obtained 

from internal processing for application purposes.  
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Figure 3.2 Locations of UAV-based field data collected by RIEGL lidar and Wingtra optical 

equipment. Ecoregion boundaries are from Dinerstein et al. (2017).  

3.2.1.1 Lidar Point Cloud Processing 

The internal processing of lidar data in this chapter followed the same procedures as 

documented in section 2.2.2. During the external processing, similarly as section 2.2.2, we 

generated the reference woody vegetation cover maps under different heights threshold using 

the very high-resolution DSM (Figure 2.4). The percent cover was calculated, for each cover 

pixel, as the ratio of the count of the 10 cm height pixels that meet the woody vegetation height 

definitions, to the total count of the 10 cm height pixels. Different from that of section 2.2.2, 

for each height threshold, we generated reference cover maps at 30 m (0.00025 degree) 

resolution, for them to be later used to train and validate the 30 m cover maps.  

 



43 

 

3.2.1.2 Wingtra Optical Imagery Processing 

The WingtraOne GEN II is a fixed-wing vertical take-off and landing (VTOL) UAV. It 

carries a RedEdge-MX multispectral sensor that collects signals in 5 bands - red, green, blue, 

red-edge and near-infrared. The optical UAV was flown at a cruise speed of 16 m/s with 

altitudes of 100 m or 120 m, resulting in slightly different resolution of the images - 6.8 cm 

with 100 m altitude 8.2 cm with 120 m altitude. In addition to the high resolution multi-spectral 

images, WingtraOne can also deliver 3D point clouds through a photogrammetry technique, 

which analyzes the overlaps between large numbers of photos taken from different vantage 

points and calculates the depth of the common point in the images.  

During the internal processing, we used the PIX4Dmapper software to process the 

Wingtra data. First, the raw data were radiometrically calibrated using the calibration panel 

photos and the five-band multispectral reflectance map was generated. Next, to produce the 

point cloud, we chose the parameter set for the highest point density generation during point 

cloud densification. Specifically, we set image scale as óoriginal image sizeô, point density as 

óhighô and minimum number of matches as ó2ô. For each band, one separate point cloud set was 

generated in LAS format for further processing.  

During the external processing, we followed the steps of section 2.2.2 using LASTools 

to convert each point cloud to a 10 cm gridded image representing the maximum height. We 

observed that each band differed in crown characterization. We created a 10 cm composite 

generated by taking the max value across the images of each band. In addition, since the 

Wingtra flights do not have PPK base station calibration and can only reach 3-5 m geolocation 

accuracy, we used RIEGL lidar 10 cm images to calibrate the geolocation of Wingtra 10 cm 

images for each plot. Then, similarly to section 2.2.2, we manually assigned 0 value to the 

errors over the buildings and roads and masked out border artifacts. We obtained the same 
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reference cover maps at 30 m, as those from lidar data, separately for woody vegetation above 

1 m, 2 m, 3 m, 4 m, 5 m, 6 m, 7 m and 8 m (Figure 2.4). Wingtra optical data was only used as 

training for generating 30 m maps (and not for map validation, see Figure 3.1).   

The quality of the Wingtra-derived point cloud is affected by the errors in the 

photogrammetry techniques. Consequently, the 30 m-level reference cover maps sometimes 

underestimate or miss canopy cover when canopy is with small crown, deciduous or dense; 

and overestimates can occur in the between-crown gaps. The patterns of overestimation and 

underestimation in 30 m level are usually consistent within each individual plot, so we 

performed a per-plot Wingtra optical data calibration using the lidar data overlap. We visually 

inspected each cover map and decided which plots (or part of the plots) required the calibration. 

For calibration, we linked the Wingtra optical data with the overlapped lidar data using a simple 

linear regression model and applied the slope and intercept of the model to the whole or partial 

Wingtra plot. The after-calibration results are shown in Figure 3.14 (Supplementary Materials).  

3.2.2 Independent Variables Pre-processing 

3.2.2.1 Harmonized Landsat Sentinel-2 Metrics Generations 

The Harmonized Landsat Sentinel-2 (HLS) provides imagery with global coverage at 

a frequency of 2-3 days at 30 m resolution, combining the observations from Landsat-8 and 

Sentinel-2 (Claverie et al., 2018). We generated the cloud mask from the HLS quality 

assessment (QA) layer by merging cloud, cloud shadows, adjacent cloud, cirrus, snow and ice 

classes. The cloud mask was then applied to HLS data and the 10-day composites were 

generated and used as input to generate the independent variables (metrics) for woody 

vegetation cover modeling (Figure 3.1). To match the UAV data acquisition date, we selected 

the 10-day composites from 05/31/2022 to 05/30/2023. The metrics are the statistics of the 10-

https://www.zotero.org/google-docs/?broken=zgdPkE
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day composites over a specific time period. Here, we generated three different metric sets for 

1) the wet season (05/31/2022 - 10/27/2022), 2) the dry season (10/28/2022 - 05/30/2023), and 

3) the whole year, respectively. For each set, we calculated a series of statistics based on 10 

bands - Blue, Green, Red, RedEdge-1, RedEdge-2, RedEdge-3, NIR, NIR Narrow, SWIR1 and 

SWIR2 and three vegetation indices - NDVI and normalized SWIR1 and SWIR2 ratio 

(SWSW). The statistical metrics included max, min, median, mean, different percentile, 

standard deviations and amplitude between different ranks. All statistics were ranked by NDVI 

or the band/index value themselves. For each seasonal set, 621 metrics were calculated. In 

addition, the topography data from Shuttle Radar Topography Mission (SRTM) 90m Digital 

Elevation were also included as an input (Jarvis et al., 2008). A summary of the metrics and 

their names is provided in Table 3.1. 

 

Table 3.1 The summary of the HLS optical, SAR and DEM metrics used for model training 

and map extrapolation. In total, 2026 metrics were used. The average and standard deviation 

(*) were calculated for all the values between the two statistics.  

 

https://www.zotero.org/google-docs/?broken=cDfppF
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3.2.2.2 Sentinel-1 Synthetic Aperture Radar Metrics Generation 

Synthetic Aperture Radar (SAR) is an active remote sensing technique that transmits 

microwaves and collects information about the Earthôs surface through the received 

backscattered signals. The long wavelengths enable the sensor to penetrate through the cloud 

cover and be operated during both day and night. Sentinel-1 is an spaceborne C-band (5.6 cm) 

SAR system flying along a near-polar sun-synchronous orbit with a 12-day revisit time, 

delivering data with down to 5 m resolution (Torres et al., 2012). The sensor is a dual 

polarization system that emits the signals in horizontal (H) or vertical (V) polarization and 

receives in the H or V polarization, allowing to distinguish ground objects with different 

polarization signatures. C-band SAR can penetrate the vegetation canopy, complementing the 

optical data provided by the HLS information on vegetation structure. We downloaded the 

Sentinel-1 Ground Range Detected (GRD) 10m data from Google Earth Engine. In Senegal, 

Sentinel-1 GRD has wall-to-wall coverage with VV and VH polarization bands. First, we 

rescaled the images to 30 m by taking the median for the 3*3 window for each pixel. Then, we 

generated the 15-day median composite dating from 06/01/2022 to 05/31/2023 for band VV 

and VH, respectively. Next, similarly to the HLS optical data processing (section 3.2.1), we 

generated three metric sets for SAR data - the wet season (06/01/2022 - 10/31/2022), the dry 

season (11/01/2022 - 05/31/2023) and the whole year. We calculated the same statistics as that 

of HLS for VV and VH bands, but only based on the ranks of bands themselves. For each SAR 

set, 54 metrics were generated. A summary of the metrics and their names is provided in Table 

3.1. Combining with HLS and DEM, we have in total 2026 metrics as independent variables 

for modeling input.  

https://www.zotero.org/google-docs/?l6STk5
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3.2.3 Woody Vegetation Cover Map Generation 

To generate the 30 m woody vegetation cover maps using different vegetation height 

thresholds, the regression tree model was applied to build a relationship between the reference 

woody vegetation cover maps derived from UAV field data and the input optical and radar 

metrics (Breiman, 1984). The regression tree model has been widely used previously in large-

scale land cover and change mapping (Hansen et al., 2013; Pickens et al., 2020; Potapov et al., 

2022, 2021). To generate a cover map for each of the eight woody vegetation height thresholds 

(>1 m to >8 m), one model was built, trained using the corresponding reference cover map of 

all the processed Wingtra and lidar data in 30 m (~20k pixels; for overlapping areas, only lidar 

data were used). Additionally, we manually collected a set of urban pixels (~300 30 m pixels) 

with no vegetation cover using Google Earth images as reference and added these urban pixels 

into the training set. The bootstrap aggregating technique was used to reduce model overfitting 

(Potapov et al., 2021). During implementation, we generated 101 ensemble trees for mapping 

woody vegetation cover at each height threshold, and each tree was built based on a subset of 

training data with a 30% sampling rate. Given that tall, dense tree cover was found in only a 

few sites, for cover maps of woody vegetation above 1 m to 6 m, we increased the per-tree 

sampling rates for high-end cover values; and for 7 m and 8 m, we both increased the high-end 

and reduced the low-end sampling rates. Each model was applied over the whole Senegal using 

the wall-to-wall feature space provided by HLS, SAR and DEM metrics (section 3.2.2), and 

eight cover maps for the woody vegetation based on different height thresholds (>1 m to >8 

m) were generated.  

 

 

https://www.zotero.org/google-docs/?broken=PWJOc7
https://www.zotero.org/google-docs/?broken=XChUHH
https://www.zotero.org/google-docs/?broken=XChUHH


48 

 

3.2.4 Woody Vegetation Cover Map Validation 

3.2.4.1 Lidar Field Data Validation 

To validate the reliability of the mapping, we generated an additional group of woody 

vegetation cover maps using only Wingtra optical data plus the manually collected urban sites 

as training, following the same modeling process as described in Section 3.2.3. The Wingtra 

optical data that overlapped with lidar data were excluded from training. We used all the 

remaining lidar data as the high-quality independent source to validate the map results. The 

validations were performed for all eight cover maps. We evaluated the continuous map 

predictions using the following statistics: root mean square error (RMSE), mean absolute error 

(MAE) and RĮ. The linear regression lines of the predicted values and reference values for each 

map were also generated.  

The accuracy of each map was also evaluated using the subpixel fractional error matrix 

following the methodology of Latifovic and Olthof (2004) and Pengra et al. (2015). The per-

pixel proportion of the agreement between the map and the reference data was calculated and 

summed over all the validation pixels for each map, to derive the userôs accuracy (UA), 

producerôs accuracy (PA) and the overall accuracy (OA) of the woody vegetation cover using 

the equations below:  
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where N is the total count of pixels in the reference data, ά is the mapped woody vegetation 

cover percentage for pixel i and ὶ  is the reference cover percentage for pixel i. The calculations 

assume the mapped cover is co-located with the reference cover within each pixel. 

Additionally, we evaluated the binary woody cover masks derived from the cover maps under 

different height/cover definitions. Both the predicted and the reference lidar-based woody 

vegetation cover were converted into binary woody cover maps based on the height and cover 

thresholds corresponding to each woody cover definition. Then, the userôs accuracy (UA) for 

the woody cover was calculated as the ratio of the count of correctly mapped woody cover 

pixels to the total map woody cover pixels. The producerôs accuracy (PA) for the woody cover 

was calculated as the ratio of the count of correctly mapped woody cover pixels to the total 

reference woody cover pixels. And the overall accuracy (OA) was calculated as the ratio of the 

count of correctly mapped pixels to the total validation pixels. The commonly used cover 

thresholds of forest definition - 10% and 30% were given special focus during the examinations 

(FAO, 2023; Hansen et al., 2000). The F-1 score for both evaluations were calculated as: 

Ὂρ  
ς z ὖὃ z Ὗὃ

ὖὃ  Ὗὃ
 

Note here that both the subpixel fractional and binary validation was not based on a probability 

sample, as field sites were chosen opportunistically.  

3.2.4.2 GEDI Tree Mask Validation 

The spaceborne full waveform lidar system - Global Ecosystem Dynamics 

Investigation (GEDI) onboard International Space Station (ISS), was used as an additional 

source of reference data for our validation, given it provides the vegetation structure 

measurements in ~25 m footprint size, similar to our map resolution (Dubayah et al., 2020). 

https://www.zotero.org/google-docs/?broken=MwUT7a
https://www.zotero.org/google-docs/?broken=5uW2OK
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Unlike the lidar field data, which is limited in terms of volume and coverage, the large coverage 

of the GEDI datasets enables validation of the broader applicability of the model, making it a 

complement to the lidar field data validation.  

The GEDI mission was in hibernation between March 2023 and April 22, 2024, and 

therefore the 2023 data is available only until 03/16/2023. We downloaded the one-year GEDI 

L2A Elevation and Height Metrics Data from 03/16/2022 to 03/16/2023 in Senegal. This time 

range covers our UAV data acquisition date. Based on the recommendations from the previous 

study (Potapov et al., 2021), we selected the GEDI data that meet the following criteria: strong 

beam; quality flag is 1; sensitivity >= 0.95; night observation and surface flag is 1. We used 

the relative height 100 (RH100) metric, which represents the height of the top of the canopy, 

and thus can be used as a mask to indicate the existence of the vegetation equal or less than the 

RH100 height. We assigned each GEDI value to the 30 m pixel containing the center location 

of that GEDI footprint. To validate the woody vegetation cover maps, we converted both our 

maps and GEDI data into binary woody cover masks using height thresholds. For example, for 

the cover map with > 4 m vegetation height threshold, we converted the value 0 into non-

woody cover (max height of vegetation Ò 4 m) and > 0 into woody cover (max height of 

vegetation > 4 m). Accordingly, for the GEDI RH100, the observation with the height Ò 4 m is 

labeled as non-woody cover, which is equivalent to the ñnon-woody coverò on the cover map; 

and the observation with the height > 4m is labeled as woody cover. In total, 669,284 pixels of 

GEDI data were used. Due to the uncertainties in the GEDI low end, only the woody cover 

masks (binary maps) with height thresholds 4 m to 8 m were validated. For each map, the 

userôs accuracy, producerôs accuracy, overall accuracy and F-1 score were calculated.  

https://www.zotero.org/google-docs/?broken=9aiBA2
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3.2.5 Intercomparisons with Existing Datasets  

The best cover map derived from this study (>2 m in woody vegetation height) was 

overlapped and compared with the three maps over the lidar flight area to examine their 

agreements. The comparisons were implemented on the 30 m level. For the Brandt et al., 

(2023), the 30 m cover map were generated by taking the mean of the 10 m probability within 

each 30 m pixel. For both Reiner et al. (2023) and Brandt et al. (2020), the 30 m cover maps 

were calculated by dividing the count of tree pixels by the total count of 0.5 m/1 m pixels 

within each 30 m pixel. When overlapping the cover maps, we assume that within each 30 m 

pixel, the mapped covers of each map co-located with each other. We also compared the 

accuracy of our map to the others three maps under the best-matching height and cover 

thresholds of the three maps.  

3.3 Result 

3.3.1 Woody Vegetation Cover Maps in Senegal 

 

https://www.zotero.org/google-docs/?broken=uqtNB7
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Figure 3.3 The proportion of the study area covered with woody vegetation with different 

height definitions by ecoregion. The bar plots show the proportion of vegetation per-ecoregion. 

The total proportion of woody vegetation under each height definition is shown over each bar 

group.  

Our main result is a field UAV data calibrated set of 30 m resolution maps of woody 

vegetation cover for the entire country of Senegal. We mapped woody vegetation cover at 

different height thresholds, from >1 m to >8 m, with 1m increments resulting in eight woody 

vegetation cover maps. In total, 23.7% of the country was covered by vegetation taller than 1 

m, while this number decreases to 6.4% when moving the threshold up to 8 m (Figure 3.3).  

 
Figure 3.4 Diversity of woody vegetation compositions in Senegal. The center top is an RGB 

composite map generated by assigning >8 m woody vegetation cover into red, 2-5 m woody 

vegetation cover into green and 5-8 m woody vegetation cover into blue. The red, green and 

blue colors in the map highlight the distribution of woody vegetation with the corresponding 

heights, whereas cyan indicates the mix of 2-5 m and 5-8 m vegetation and magenta indicates 

the mix of 5-8 m and >8 m vegetation. Black indicates the absence of >2 m vegetation. The 

upper right plot shows distribution of the mean cover of woody vegetation >2 m, >5 m and >8 

m by latitude. The bottom three images display the zoom-in examples of the map composites.  

Different ecoregions feature different height compositions (Figure 3.4). From north to 














































































































