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Abstract. Very high-resolution (VHR) satellite imagery and advances in machine learning increasingly enable individual tree
crowns to be mapped across large landscapes, creating new opportunities for census-based estimation of tree biomass and
carbon. A fundamental limitation, however, is that satellite imagery can measure crown dimensions but cannot directly observe
diameter at breast height (DBH), the principal predictor used in conventional tree biomass allometry. This measurement gap
is particularly important in African landscapes dominated by trees outside forests (TOF), where trees are spatially dispersed,
conventional forest inventory sampling is difficult to scale, and ground datasets containing concurrent measurements of crown
and stem dimensions remain scarce. Here, we present an African individual-tree crown—stem allometry dataset designed to
provide the empirical link between remotely observable crown dimensions and the stem measurements required by established
biomass allometric models. The dataset was collected using a standardized field protocol across landscapes associated with
African Forest Landscape Restoration Initiative (AFR100) projects in Kenya, Ghana, Rwanda, and Malawi. The sampled
landscapes encompass agroforestry, reforestation, assisted natural regeneration, and other restoration and land-management
systems representative of TOF conditions. Following quality control, the dataset contains 3,493 individual trees with
concurrent measurements of DBH, two perpendicular crown diameters, tree height, species identity, geographic location, and
associated plot and landscape identifiers. Field measurements were designed for spatial linkage with individual tree crowns
delineated from VHR satellite imagery, providing calibration observations for translating remotely sensed crown projected

area (CA) into stem diameter.

We demonstrate this application by fitting power-law DBH—CA transfer functions and evaluating their predictive performance
across sites and countries. All site-specific relationships were significant (p < 0.001), with R? values ranging from 0.44 to 0.85
and generally small prediction bias. Variation in model coefficients and predictive error among landscapes demonstrates

substantial ecological and structural heterogeneity in crown—stem relationships and emphasizes the value of geographically
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distributed calibration data rather than reliance on a single universal allometric relationship. A hierarchical synthesis of 19
site-specific models further demonstrates how these data can be used to derive a generalized crown-to-stem relationship while
retaining information on among-landscape variation. The principal contribution of this dataset is therefore to provide a
measurement bridge between individual-tree remote sensing and conventional stem-based biomass allometry. VHR imagery
and machine-learning methods can delineate individual crowns and measure their projected areas; crown-to-stem transfer
functions calibrated with these field data can then estimate DBH; and established DBH-based allometric equations can
subsequently be used to estimate biomass and carbon for each remotely detected tree. This framework extends individual-tree
allometric scaling from field plots to landscape-scale tree censuses while maintaining compatibility with established forest
mensuration and biomass estimation methods. The dataset has applications beyond the models demonstrated here, including
development and validation of alternative crown—stem and crown—biomass models, analysis of tree structural and species-
level variation, ecological scaling studies, and calibration of individual-tree remote-sensing products. It provides a reusable
observational resource for advancing the inclusion of TOF in Forest and Landscape Restoration monitoring, carbon accounting,

and measurement, reporting, and verification across African landscapes.

1 Introduction

Landscapes of trees outside forests (TOF) are ubiquitous across the continent of Africa. They include sparse tree ecosystems,
such as savannas, and a variety of tree-based production systems such as agroforestry, ally cropping, small-holder plantations,
energy farms, shelter belts, village or community woodlots, scattered individual trees and other woody perennial
establishments in predominantly small holder agricultural landscapes. They generally have less than 10% canopy cover (De
Foresta et al., 2013). They are recognized for their role in biomass accumulation and carbon sequestration (Mbow et al., 2014;
Skole, et al., 2021). Recent studies estimate that nearly 30 % of tree cover across the continent exists outside traditional forest
boundaries (Reiner et al., 2023; Zomer et al., 2009), highlighting the ecological and climate change mitigation importance of

these systems (Skole, et al., 2021; Mbow et al. 2014; Quandt et al. 2023, Dmuchowski et al. 2024).

However, quantifying TOF's contribution to carbon stocks at the landscape or regional scale remains a challenge. This is
particularly important as tropical tree-based ecosystems are experiencing reduced carbon stocks and increased carbon
emissions due to the direct effect of accelerated land use and cover change (LUCC) and indirect effects from deforestation-
induced climate change (Noble et al. 2000; DeFries et al 2002; Houghton 2007; Houghton and Castanho 2023; Friedlingstein
et al., 2026). Precise and accurate quantification of emissions has been challenging due to the lack of large-scale monitoring
systems (Huang et al. 2022). Moreover, policy actions to reduce emissions and increase carbon dioxide removals through

forest and landscape restoration (FLR) have been limited by the lack of monitoring systems in TOF landscapes.
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Ambitious regional initiatives such as the African Forest Landscape Restoration Initiative (AFR100) are being developed to
restore degraded landscapes and mitigate desertification and climate change. AFR100 is a pan-African program with
commitments from 34 countries to restore 100 million hectares of degraded land by 2030 through interventions that increase
tree cover outside of forests and the regeneration of degraded natural forests. AFR100 supports Africa’s contribution to the
Bonn Challenge and the United Nations Decade on Ecosystem Restoration by promoting restoration in non-forest ecosystems
and agroforestry systems (Parr et al., 2024). This urgency for monitoring of TOF is set against a backdrop of climate change
mitigation policies that are mostly focused on closed forests, through frameworks such as REDD+ (Lewis at al. 2019). Given
the increasing importance of TOF landscapes, which are found mostly in agricultural areas, there are sound reasons to raise
the priority of the Agriculture, Forestry, and Other Land Use (AFOLU) sector rather than continue to focus on closed-canopy
forests, thereby aligning the monitoring framework with the realities of African landscapes (Anyanwu et al. 2023; Frank et al.,

2024; Mugabowindekwe et al., 2024).

Forest carbon monitoring systems, such as those designed for REDD+, rely heavily on national forest inventories that rarely
account for isolated, dispersed, or agroforestry trees occurring in TOF landscapes (Mbow et al., 2014Terasaki Hart et al 2026;
Rosenstock et al. 2019; Minang et al., 2014; Mugabowindekwe et al., 2024). Additionally, given the spatial complexity
inherent in the non-uniformity of tree distribution and size classes in TOF landscapes, it is difficult to effectively scale sparse
plot-based sample frames to include dispersed small clusters of trees, especially for national-level assessments (Minarsch et
al., 2025; Schnell et al. 2015). This small area estimation problem in TOF landscapes requires a different approach than limited
sample-based inventories (Thapa et al 2023; Minarsch et al. 2025). Similarly, plot-based sample frames for closed forests have
statistical assumptions and spatial logic that were designed for continuous forest stands, not fragmented tree distributions
(Corona et al. 2011; Beckschafer et al. 2018; Brandt et al. 2020). For instance, stratification and the general uniformity in
forest cover allows small biomass plots to be extrapolated on the basis of biomass density, while biomass of TOF landscapes
is more accurately measured at the individual tree level through tree census methods (Graves et al. 2018). Further, inventory-
based biomass estimation from small plots is often labor-intensive, costly, and impractical in remote areas (Brown, 1997). As
a result, the contribution in TOF to national carbon assessments remains systematically underestimated, especially in countries

where agroecological landscapes dominate (Kuyah et al., 2016; Skole et al., 2021).

Satellite remote sensing holds promise for large scale FLR-focused carbon monitoring in TOF landscapes because it can map
individual tree crowns in a census approach across large areas (Brandt et al., 2020; Malkog et al., 2021), thereby overcoming
shortcomings that would arise using standard small sample plot-based forest inventories. Moreover, with the increasing
availability of very high-resolution (VHR) satellite remote sensing (sub-1 m spatial resolution), opportunities now exist for
measuring carbon stocks at the individual tree level using proper allometric scaling models (Skole et al., 2024; Tucker et al.,
2023). There is thus an emerging need for ground calibration data to enable accurate allometry for remote sensing mapping of

individual trees in TOF landscapes. Remote sensing methods that can derive parameters such as tree crown area (CA), stem

3



100

105

110

115

120

125

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-756
Preprint. Discussion started: 9 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

diameter at 1.3 m height (DBH), and tree height (H) have gained traction as a means to estimate whole tree biomass
complementary with standard mensuration methods. Advances in very high-resolution satellite imagery and machine learning
algorithms now enable individual tree crown detection and crown polygon delineation to get accurate crown dimensions for

use in allometric scaling models (Skole et al., 2021b; Skole et al. 2021).

Groundbreaking studies have demonstrated the feasibility of delineating billions of trees in drylands and agroforestry mosaics
using remote sensing-based crown metrics, (Brandt et al. 2020; Tucker et al., 2023), Although very high spatial resolution
satellite remote sensing can measure related allometric parameters such as crown dimensions, with some studies extending
crown allometric scaling to carbon stock estimation (Kuyah et al. 2012, Tucker et al. 2023), the availability of allometric
scaling models based on these variables alone are far less common than those using DBH. A key challenge when using satellite
remote sensing image data for carbon estimation lies in its obvious inability to directly measure DBH, the most common and
reliable allometric predictor of aboveground biomass. To routinely obtain large area estimates of individual tree biomass using
existing allometric scaling models, it will be necessary to use models that derive DBH from crown dimension
(Mugabowindekwe et al. 2023, Skole et al. 2024). Several studies using ground data have explored correlations between crown
and stem dimensions at the individual tree level (Cano et al., 2019; Jucker et al., 2022; Kuyah et al., 2012) but standardized,
validated protocols for TOF-specific crown-to-stem transfer functions (DBH-CA calibration) are still lacking, as are ground
datasets of simultaneously measured tree stem diameters and crown dimensions, especially for TOF systems (Kuyah and

Rosenstock 2015).

In this study we present a major new dataset which contains several thousand individual tree allometric measurements in FLR
projects in four countries in West and East Africa. This dataset represents a unique large-scale collection of simultaneous field
measurements of crown and stem dimensions, which can be used to calibrate DBH transfer models from CA measurements
and, subsequently, biomass allometric scaling models based on primary measurements from very high-resolution satellite-
based tree crown dimensions, in addition to other allometric scaling applications. We also provide a rigorous field protocol for
collection of these kinds of data. Using data from 24 AFR100 project sites across Ghana, Kenya, Rwanda, and Malawi, we
demonstrate the application of the dataset to very high-resolution remote sensing crown measures for estimating individual
tree carbon. The resulting models are intended to support large-scale carbon stock estimation in TOF systems and enhance

monitoring, reporting, and verification (MRV) for landscape restoration programs across the continent.
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2 METHODS
2.1 Landscapes for Data Collection

Allometric tree data were collected across sampling sites in 24 landscapes associated with projects involved in the African
130 Forest Landscape Restoration Initiative (AFR100), representing a variety of TOF landscapes across Ghana, Kenya, Rwanda,
and Malawi (Fig. 1, Table 1, Table S1). Each project aligns with a national contribution to its country’s participation in the
AFR100 restoration commitment by 2030. Ghana aims to restore 2 million hectares, Kenya plans to restore 5.1 million
hectares, Rwanda is committed to 2 million hectares, and Malawi plans to restore 4.5 million hectares (Mansourian and
Berrahmouni 2021; Stanturf et al. 2019). The selected sites span a wide range of ecological zones and include different FLR

135 interventions, such as reforestation, agroforestry, assisted natural regeneration, and sustainable land management practices
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Figure 1: Study area fnap. The map illustrates the geographic distribution of sampling landscapes across all 24 sites in a) Kenya, b)
Ghana, ¢) Rwanda, and d) Malawi in Africa. Basemap sources: ESRI, TomTom, Garmin, FAO, NOAA, USGS, OpenStreetMap
contributors, and the GIS User Community | Powered by ESRI.
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The dataset compiled represents a cross section of trees measured in 1 ha plots, all in landscapes dominated by trees outside
of forests. The sampled landscapes are associated with projects supported by the TerraFund for AFR100 project, a new FLR
investment program led by the World Resources Institute and funded by the Bezos Earth Fund. Each sample landscape is
assigned a unique identifier for easy classification and communication (Table 1). Table S1 in the Supplemental Materials
provides a plot-level land-cover classification based on the FAO Land Cover Classification System (LCCS) (Di Gregorio &
Leonardi, 2016).

Eleven (11) sample landscapes were located in Kenya. These FLR sites focus on restoring ecosystems that have been impacted
by deforestation, overgrazing, and land degradation. Seven (7) sample landscapes were in Ghana across different ecosystem
types. These landscapes feature cocoa-based agroforestry systems, forest rehabilitation, and dryland restoration efforts. They
represent key restoration frontiers in both humid forest and savannah transition zones, where agricultural expansion, illegal
logging, and charcoal production have reduced tree cover. In Rwanda, there were four (4) sample landscapes. The sites are
mainly in steep terrain with intensive farming, where erosion causes serious land degradation following tree cover loss. These
areas exemplify Rwanda’s national Forest Landscape Restoration (FLR) policy, which integrates agroforestry, buffer-zone
rehabilitation, and watershed protection. There were two (2) landscapes in Malawi. These areas face high pressures from
deforestation, erosion, and overgrazing, with communities relying on smallholder farming and charcoal production.
Incorporating TOF monitoring here supports Malawi’s national restoration strategies and community-based forest

management goals.

Table 1: Summary information on sample landscapes. The unique ID assigned to each project's sampling site, and the country where
the sample was collected.

Sample Landscape and Associated Project Name Landscape ID Country
Sadhana Forest Kenya SADHANA Kenya
Drylands Natural Resources Centre DNRC Kenya
Fairtree, Kenya FAIRTREE Kenya
Kijabe Forest Trust KFT Kenya
Acacia Export Processing Zone KITUI EPZ Kenya
Acacia Export Processing Zone TURKANA EPZ Kenya
Mount Kenya Environmental Conservation MKEC Kenya
Kijabe Environment Volunteers KEV Kenya
Institute For Law and Environmental Governance ILEG Kenya
International Tree Foundation ITF Kenya
Development Response Kenya DREK Kenya
Institute of Green Growth Solutions IGGS Ghana
Institute of Nature and Environment Conservation INEC Ghana
Sustainable Agroforestry Initiative SAFI Ghana
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Goshen Global Vision GOSH Ghana
CERATH Development Organization CERATH Ghana
PADO Investments Limited PADO Ghana
Herp-Ghana HERP Ghana
ARCOS ACROS Rwanda
Birdlife International BIRDLIFE Rwanda
World Agroforestry Center ICRAF Rwanda
Rwanda Environmental Conservation Organization RECOR Rwanda
Wells for Zoé WFZ Malawi
Wildlife Action Group WAG Malawi

2.2 Methodological Framework

A robust literature supports the use of stem-based allometric scaling models for estimating biomass and carbon stocks in
forests; however, comparable approaches remain far less developed for TOF systems (Schnell et al 2015). The dataset
presented here was prepared to support remote sensing-based individual tree allometric scaling. Emerging interest in carbon
sequestration activities with landscape restoration and agroforestry expansion have created a growing demand for measurement
platforms capable of quantifying tree resources across TOF landscapes. The spatial heterogeneity and discontinuous
distribution of trees in such systems limit the effectiveness of traditional plot-based sampling strategies and motivate the
development of census-focused landscape-scale measurement approaches. VHR satellite data captures individual tree
allometric parameters for landscape-wide census of all trees without sampling. It also more closely aligns with standard
individual tree allometric scaling, which would be an improvement over current medium and coarse resolution remote sensing
mapping of biomass, which uses aggregate area-based methods (Tian et al. 2023; Papucci et al. 2026; Bossy et al. 2025;
Baccini et al 2008; Dubayah et al. 2022; Saatchi et al. 2011; Mitchard et al. 2014).

Recent advances in VHR satellite remote sensing (0.35-1.0 m resolution) combined with deep learning tree detection
algorithms are enabling direct mapping of individual trees across large areas (Brandt et al., 2020; Skole et al., 2021; Tucker et
al., 2023; Skole et al. 2024). However, VHR-based measurement systems rely primarily on remotely observable crown
attributes rather than stem diameter allometric scaling, which is traditionally the main parameter used to estimate forest

biomass. One aim of collecting these data is to calibrate a stem diameter transfer function from remote sensing measurements.

VHR satellite image data are analyzed using deep learning algorithms for precise mapping of Crown Projected Area (CPA) at
the individual-tree level (Skole et al 2024). CPA represents the vertical projection of the tree crown onto the ground surface
and is commonly expressed in m?. We use the notation of CA in our model formulations to represent CPA measured in the
field. We note that some allometric scaling models may represent crown areas as the crown surface area, particularly those

related to resource allocation, leaf area indexing and metabolic scaling. In this study CA = CPA. Although CPA is frequently
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measured in field inventories, such measurements are often subject to uncertainty due to irregular crown geometry and observer
variability. Also, CPA measured on the ground frequently uses a sample of only one or two canopy axes. Consequently, CPA -

based biomass allometric models remain less widely used than those based on diameter at breast height (DBH).

Nonetheless, multiple studies have demonstrated strong empirical relationships between DBH and CPA (Asigbaase et al.,
2023; Kuyah et al., 2012; Mugabowindekwe et al., 2023; Mugo et al., 2011; Skole et al., 2021b), and conceivably VHR remote
sensing could provide more precise estimates of CPA than measurements on the ground. Other studies have reported
relationships between DBH and crown diameter, CD (Loubota Panzou et al, 2021, Jucker et al 2022). Building on these
relationships, the present study supports a hybrid crown-to-stem transfer-function methodology in which remotely sensed tree
CPA is first used to estimate the associated tree DBH through empirically calibrated regression models. The estimated tree
DBH is then applied within established stem-based biomass allometric equations (Skole et al. 2021b, Skole et al. 2024). This
approach leverages the scalability and spatial completeness of crown remote sensing observations while maintaining

compatibility with internationally recognized biomass estimation allometry derived from stem-based measurements.

2.3 Field Data Collection Protocol

A standard protocol for field sampling and data collection was created and tested. This protocol is found in Supplemental
Materials. Data collection was conducted in sample landscapes associated with the FLR projects, focusing on areas with high
TOF densities of isolated, non-overlapping tree crowns. To identify geographically a set of different areas for collection of
tree data, we identified and delineated sample landscapes using satellite data. A sample landscape is defined as uniform
ecological area encompassing most of the intervention sites in each of the 24 individual projects. This sample landscape is an
area not less than 5 x 103 ha and not more than 1 x 10° ha. Individual tree allometric variables were measured concurrently on
the ground and in satellite imagery at randomly located 1 ha circular plots mapped on VHR satellite imagery across each

sample landscape.

These sample plots were mapped onto VHR imagery and prepared for field crews in advance of their deployment. For this, a
machine learning model was used to delineate tree crown polygons at sample plots on concurrent VHR satellite data (0.35 m)
based on the method described in Skole et al. (2024). Digital tree crown polygons from a machine learning model output layers
were georeferenced with precise coordinates (Skole et al., 2024). Each mapped crown was subsequently matched to its
corresponding tree in the field and labeled. VHR data were acquired from NASA's Commercial Smallsat Data Acquisition

program (Neigh et al. 2013), mostly WorldView-2 and WorldView-3 satellite platforms.

The geographic coordinates of plot centers and all individual trees were recorded in the field using handheld GPS units.
Coordinates were documented in decimal degrees (DD). The DD coordinate format was preferred over Universal Transverse

Mercator (UTM) or degrees—minutes—seconds (DMS) formats because the DD system, referenced to WGS84, minimizes

8
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geospatial inconsistencies and transformation errors during dataset integration with VHR imagery, thereby reducing potential

spatial misalignments in the analytical and mapping system (Alcaras et al., 2020).

All individual trees with non-overlapping crowns inside the plot with a DBH > 5 cm were measured. DBH was measured for
all trees at 1.3 m above ground level using a calibrated diameter tape. For trees on slopes, measurements were taken from the
uphill side. In cases of leaning stems, the diameter tape was positioned perpendicular to the stem’s longitudinal axis. Forked
trees were measured separately if branching occurred below 1.3 m; if branching occurred above this height, only the main stem

was measured, unless a structural irregularity was present at the standard height.

Individual tree crown dimensions were measured in the field with a 50 m tape. To estimate the ellipsoidal CPA, two
measurements were taken for each tree: the crown longest axis diameter and the crown diameter perpendicular to the long axis
diameter. The crown area was computed using the elliptical formula (Kuyah etal. 2016). No minimum crown diameter
threshold was set for measurements. Each of these trees also had an associated CPA polygon from the remote sensing analysis.
For each field measured tree, the attributes listed in Table 2 were recorded and cross-referenced with their spatial locations to
their respective tree on the VHR map. These attributes were retained and transferred into the full database, along with additional
attributes computed from field data, as shown in Table 2, which provides the data descriptor record of attribute fields found in
the accessible dataset.

Table 2: Description of recorded attributes. The table shows the attribute ID, the unit of measurement, the data type, description,
and example of individual field measurement in the dataset.

Attribute ID Unit Data Description Example
Type

Site ID — String Unique identifier for the sampling site HERP

Plot ID — Integer Sequential identifier for each 1-ha sampling plot within a site 3

Plot center (Lat) DD Float Geographic latitude of the 1-ha plot centroid, referenced in  6.8618
WGS84

Plot center (Lon) DD Float Geographic longitude of the 1-ha plot centroid, referenced in  0.4493
WGS84

Date — Date Date of data collection, recorded in MM-DD -YYYY format 2/15/2024

Tree ID-matched  — Integer Unique tree identifier, matched to remote sensing imagery 14

on imagery.

Tree location from DD Float Geographic latitude of the individual tree location, referenced 10.47772

GPS (Lat) in WGS84

Tree location from DD Float Geographic longitude of the individual tree location, -0.50222

GPS (Long) referenced in WGS84

Tree Genus and — String Scientific name of the sampled tree Mangifera

species indica

DBH cm Float Trunk diameter at 1.3 m above ground 342

Crown L m Float Longest horizontal crown dimension 6.9

Crown P m Float Crown diameter perpendicular to the major axis 6.1
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Mean crown m Float Mean of the long and perpendicular crown diameters 6.5
diameter
Tree height m Float Vertical distance from the ground to the top of the tree 13.5

2.4 Testing and Refinement of the Data Collection Protocol

The data collection protocol was documented as a Field Guide (see Supplemental Materials) which includes plot allocation
methods, data collection procedures, measurement procedures, and standard operating procedures. Field deployments occurred
over the course of several campaigns. The first campaign was to AFR100 sample landscapes in Kenya and Ghana in June,
2023. The purpose of this campaign was field-testing the data collection protocol to: 1) determine refinements in procedures,
2) test consistency in data, and 3) identify potential logistical modifications. All equipment, including GPS units, diameter

tapes, and clinometers, were calibrated before use to maintain measurement precision and reduce systematic error.

This initial implementation of the field protocol was conducted at five distinct sample landscapes (see Table 1 and Table S1):
three in Kenya—DNRC, SADHANA, and FAIRTREE—and two in Ghana—INEC and IGGS. During this preliminary
assessment phase, field crown diameter measurements were not included, following a method established in Skole et al.
(2021b), since we assumed that CPA could be derived from remotely sensed polygons rather than field measurements.
However, limitations, particularly the asynchrony between field data collection and remote sensing imagery acquisition,
limited the concurrence of DBH and CPA measurements. Moreover, we decided to adhere to normal forest tree inventory
practice, to closely align our method and data with standard datasets of this. This adjustment facilitated the integration of
temporally concurrent field and remote-sensing data, thereby improving the reliability of structural estimates. Thus, all final
data in this collection include field-measured crowns and users can add their own remote sensing CPA. Measurements were
conducted in each 1-ha plot using a standardized procedure which starts at the first tree located north of the plot centroid, and

all subsequent trees then sampled sequentially in a clockwise direction from due north (Fig. 2).

10
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Figure 2: Illustration of the field measurement protocol. The figure depicts the 1-ha circular plot with its centroid, the first tree
located to the north, and the clockwise measurement procedure. Imagery credit: Esri, Vantor, Earthstar Geographics, and the GIS
User Community, Sources: Esri, TomTom, Garmin, FAO, NOAA, USGS, (c) OpenStreetMap contributors, and the GIS User
Community | Powered by ESRI.

3 DATASET DESCRIPTION
3.1 Quality Control and Data Cleaning

Data processing, compilation and quality checks were first implemented following Chicco et al. (2022), Following this basic
cleaning, all entries and measurement records were screened for completeness; individual records lacking key attributes, such
as records without measurements of both DBH and crown dimensions, were excluded. We also ensured spatial consistency by
removing individual tree entries with missing or incorrect geographic coordinates, as these could not be reliably integrated
with remote sensing data. Using field notes and comments in the data file, we were able to check for structural anomalies; trees
that were pruned, coppiced, had forked stems, dense or overlapping crowns, or experienced pronounced crown deformation
from management practices (e.g., pollarding) were systematically excluded from this database and will be put into another
database in the future. This exclusion criterion minimized bias and ensured that the dataset accurately reflects the typical tree

form and structure required for allometric modeling and environmental analysis. After applying these quality-control filters,

11
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the final dataset was reduced from an original collection of 5,218 to 3,493 trees. This rigorous curation ensured a consistent,

high-quality dataset suitable for robust model calibration and validation.

3.2 Description

Table 2 presents the data dictionary for each record in the dataset. The dataset is grouped according to individual sample
landscape and country (Table S1 and Table 3). The distributions of key tree attribute parameters, including DBH, mean crown
diameter, and height, are illustrated using violin plots (Fig. 3). Descriptive statistics are used to summarize the main tree
attribute parameters in the dataset (Table 4). For each country, the mean, standard deviation, and range were calculated for
DBH, crown long diameter, crown perpendicular diameter, and tree height. These statistics provide an overview of the central

tendency and variation of tree attributes across the study regions.

Given the extensive diversity of tree species across sampling locations and countries, we present the distribution of the 10 most
abundant species per country using a species-abundance matrix (Fig. 4). The graph summarizes the abundance patterns of the
most frequently recorded tree species and allows direct comparison of shared and country-specific dominant taxa. Bubble size
represents the absolute abundance of each species, whereas bubble color represents the relative abundance. Relative abundance
was calculated as the abundance of each species divided by the total number of sampled individuals within each country. The
total number of sampled individuals by genus and species was 953 for Kenya, 895 for Ghana, 521 for Rwanda, and 527 for
Malawi.

Table 3: Summary of dataset records. The table lists the countries where data was collected, the dates of collection, the number of
sites, 1-ha plots, individual trees, and different species sampled.

Data Collection Number of Number of 1-ha plots Individual trees Number of different
Country  Date sites sampled record species sampled
Kenya Oct-23, Mar- 24 8 89 1,384 170
Ghana Feb-24 5 31 895 69
Rwanda  Feb-24 4 46 526 40
Malawi  Dec-23 2 24 688 91

Table 4: Descriptive statistics of DBH, crown diameters, and tree height in the dataset for Kenya, Ghana, Rwanda, and Malawi. The
values show the mean, standard deviation, and range of observations.

Country DBH (cm) Crown_L (m) Crown P (m) Height (m)

Mean + SD  Range Mean + SD Range Mean + SD  Range Mean + SD  Range
Kenya 247+142 3.5-162.0 8.1+3.7 1.5-27.1 72+34 1.2-253 8.8+3.6 1.5-26.7.7
Ghana 36.0£12.5 85937 89+3.0 2.6-22.0 8.0+2.6 2.0-220 102+29 5.0-34.7
Rwanda 225+92 53-720 6.1£2.7 1.2-16.8 5.6+2.6 1.0-15.5 9.8+4.0 2.7-24.9
Malawi 295+ 18.7 3.6-1214 7.6+3.8 1.5-29.5 8.0+2.8 1.5-26.0 8.8-5.4 2.2-36.3
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Figure 3: Probability density distribution of diameter at breast height (DBH), mean crown diameter, and tree height by country in
the dataset. The width of each violin indicates the relative frequency of observations based on kernel density estimation, while the
embedded boxplots display the median and interquartile range.
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Mangifera indica 4
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300 Figure 4. Comparative species-abundance matrix of dominant tree taxa across Kenya, Ghana, Rwanda, and Malawi. The bubble
size and label show the absolute abundance of individuals of the species, and bubble color represents the relative abundance of
individuals, and percentage of total number of sampled individuals within each country.
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A pairwise scatter plot matrix was created to present the distributions and relationships among DBH, crown projected area

(designated here as Crown area, CA), and tree height (Fig. 5). The diagonals show histograms of frequency distributions for

the variable, and the cells above the histograms show the Pearson correlation. The Pearson correlation (r) quantifies the strength

and direction of these linear relationships. An important core relationship for which these data were initially collected is

between crown dimensions as the independent variable and stem DBH as the dependent variable. A scatter plot was used to

evaluate the relationship between DBH and CA, as well as crown diameter, across each country's dataset, with a 95% bootstrap

confidence interval, highlighting the dataset's robustness in capturing structural relationships among these attributes (Fig. 6).
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Figure 5: Pairwise scatterplot matrix of DBH, crown area and tree height. Diagonal panels show the univariate distributions of each
variable, lower panels show bivariate scatter plots for all variable pairs, and upper panels show the Pearson correlation coefficients

(r) for Kenya, Ghana, Rwanda, and Malawi
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Figure 6: A scatter plot showing the relationship between measured DBH and crown area, CA (A) and crown diameter (B) across
all sites in Kenya, Ghana, Rwanda, and Malawi. The different colour points represent site IDs, the black line indicates the fitted
linear regression, and the grey shading displays the 95% confidence interval.

Based on the nonlinear relationship between DBH and crown area observed at the sample landscape level and in most
allometric studies, we adopt a power-function to demonstrate the allometric model. We refer to this model formulation as
DBH-CA. We fit a power function to the data collected at each landscape and country, and to the combined dataset. The power-
law model, widely recognized for capturing allometric relationships in tree structure and biomass estimation (Kuyah et al.,

2012a; Kuyah & Rosenstock, 2015; Sileshi et al., 2023), was formulated as Eq. (1):

DBH = a (CA)" (1)
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Where a is the scaling coefficient, and b is the allometric exponent describing the rate of change. To fit the coefficients to this

DBH-CA model, we linearize the relationship where both variables were transformed as Eq. (2):
In(DBH) = In(a) + b - In(CA) (2)

The transformation improves model linearity and homoscedasticity (Mahmood et al., 2019), enabling parameter estimation via
ordinary least squares (OLS) regression using the Im() linear fitting function in R CRAN programming language package. The
fitted parameters were subsequently back-transformed to the original scale to obtain the final power-function form. To correct

for bias induced by logarithmic transformation, a correction factor (CF) was applied following (Baskerville, 1972), Eq. (3).
SE?
CF = exp (7) 3)

Where SE is the standard error of the estimated regression. The back-transformed intercept was multiplied by CF to yield

unbiased predictions (Chave et al., 2005).

Model performance was evaluated using multiple statistical metrics: the coefficient of determination (R?), root mean square
error (RMSE), relative RMSE (%RMSE), and absolute prediction bias (Bias) and its percentage (%Bias) (Kuyah et al., 2012;
Fischer et al., 2020; Luck et al., 2020). Graphical prediction evaluation was conducted using scatterplots of observed DBH

versus predicted DBH values, with a 1:1 reference line representing perfect prediction (Fig. 7, S1-S4).

The R? values ranged from 0.50 to 0.85 at the Kenya sites, 0.43 to 0.74 at the Ghana sites, 0.60 to 0.74 at the Malawi sites, and
0.44 to 0.83 at the Rwanda sites. Our model performance values reflect moderate to strong associations between DBH and
CA, across all landscapes and are generally consistent with other reported DBH-CA relationships, such as Skole et al. (2021)
and Kuyah et al. (2012), of 0.84 and 0.86, respectively. Our values here are somewhat lower than these but with more variance
due to a higher number of agroforestry trees. So, for instance, Asigbaase et al. (2023) also reported R? values ranging from
0.27 to 0.87, demonstrating that tree species composition and structural differences due to management influence tree allometry
across TOF landscapes. The large dataset from Loubota Panzou et al. (2021) reports R? values of 0.82 for trees in Kenya, 0.75
for trees in Ghana and 0.64 for trees in Malawi, with a higher mix of naturally occurring trees than our dataset. All models

were highly significant (p < 0.001), with varying degrees of predictive accuracy, scaling coefficients, and overall model fit
(Tables 5,6 and Table S3).

To evaluate the robustness of the allometric relationships across tree size classes, models were developed using the full

diameter range as well as restricted subsets (DBH < 60 cm, < 50 cm, and < 40 cm) (Table S3). The primary analyses and
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reported model coefficients are based on the full DBH range to ensure applicability across the entire structural gradient of trees
within each site. However, additional models fitted to reduced DBH ranges are provided in the Supplementary Materials to

assess potential scale-dependent effects on model performance.

Overall, model bias was small, with mean percentage error typically within £3%, and often within +£1-2% for the best-
performing site—-model combinations, indicating limited systematic over- or underestimation (Table 5). For many ecological
applications, such bias levels are considered acceptable, as they imply that most of the uncertainty arises from random rather
than systematic error (Aabeyir et al., 2020; Kuyah & Rosenstock, 2015). The RMSE% values range from 15.9 to 38.5%,
reflecting differences in error magnitude relative to the mean DBH. In ecological modelling, RMSE should not be interpreted
against a universal cutoff; instead, it should be assessed in relation to the scale of the response variable, model objective, and
other diagnostic statistics (Chai & Draxler, 2014; Rykiel, 1996; Sileshi, 2014). These error levels are comparable to other
evaluations of DBH-CA allometry, where RMSE% values around 40% have been reported (Skole et al., 2024;
Mugabowindekwe et al., 2023), underscoring that relatively high uncertainty is not uncommon in structurally heterogeneous
landscapes. In models with high RMSE%, improved performance may require additional predictors or species-specific
equations.

Table 5: Site-specific allometric model performance across sample landscapes in Kenya, Ghana, Rwanda, and Malawi. DBH is
modeled as a power function of DBH = a(CA)”. Models are assessed using R>, RMSE, %RMSE, Bias, and percent error (Bias%).

Site ID Equation n P-value R? RMSE RMSE% BIAS BIAS%
DREK DBH =5.787 * CA 0.376 32 <0.001 0.50 7.89 26.32 -0.01 -0.03
ITF DBH =3.869 * CA 0.498 157 <0.001 0.58 11.72  38.54 0.10 0.32
KITUI EPZ DBH = 6.075 * CA 0.378 291 <0.001 0.55 7.84 27.46 -0.04 -0.15
TURKANA EPZ DBH =2.654 * CA 0.530 135 <0.001 0.72 742 28.81 0.02 0.07
MKEC DBH = 5.292* CA 0.434 204 <0.001 0.55 6.89 31.05 -0.09 -0.41
ILEG DBH =4.354 * CA 0.457 201 <0.001 0.61 633 27.8 -0.25 -1.08
KEV DBH =2.424 * CA 0.663 145 <0.001 0.85 10.08 42.79 0.58 2.44
KFT DBH =4.633 * CA 0.407 219 <0.001 0.64 4.86 25.43 -0.14 -0.74
CERATH DBH = 8.794 * CA0.354 333 <0.001 0.46 6.39 15.87 0 -0.01
SAFI DBH = 8.538 * CA 0.390 325 <0.001 0.74 733 21.32 0.03 0.08
HERP DBH =7.460 * CA 0.366 58 <0.001 0.51 8.15 22.55 -0.19 -0.51
GOSH DBH =5.163 * CA 0.436 116 <0.001 0.52 8.69 27.49 0.12 0.38
PADO DBH = 8.736 * CA 0.330 63 <0.001 0.53 939 31.13 0.16 0.54
RECOR DBH =5.583 * CA 0.411 35 <0.001 0.71 592 2496 0.08 0.34
ARCOS DBH =2.722 * CA 0.511 165 <0.001 0.83 426 18.44 -0.20 -0.86
BIRDLIFE DBH =15.799 * CA 0.215 57 <0.001 0.44 425 17.71 0.01 0.05
ICRAF DBH = 6.780 * CA 0.339 264 <0.001 0.54 6.11 28.21 -0.05 -0.24
WAG DBH = 3.833 * CA 0.563 269 <0.001 0.74 12.98 34.52 -0.69 -1.84
WFZ DBH = 3.993 * CA 0.533 419 <0.001 0.60 6.89 28.26 -0.20 -0.84
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Country a b n R2 MAE RMSE %RMSE Bias Bias%
Ghana 9.3285 0.339 895 0.55 6.36 8.39 23.30 0.01 0.02
Kenya 43136 0.4596 1384 0.58 6.20 9.24 37.35 -0.03 -0.11
Malawi 3.7609 0.5594 688 0.73 7.33 9.68 32.78 -0.25 -0.84
Rwanda 10.4729  0.242 521 0.39 5.81 7.22 32.05 -0.09 -0.38
All countries  5.6476 0.4304 3488 0.58 7.33 9.76 34.56 -0.12 -0.41
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Figure 7. Performance of crown area-based DBH prediction models across Kenya, Ghana, Rwanda, and Malawi. Density scatter
plots show the relationship between observed and predicted DBH for each country. The adjacent error panels summarize model
error across predicted DBH ranges, and boxplots show the distribution of prediction errors for each range.
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The fit and predictive accuracy of each allometric model were evaluated by comparing observed DBH versus predicted DBH
values across all sample landscape sites (Fig. S1-S4). Across all sites, the plots are characterized by slopes less than 1 and
positive intercepts. This pattern suggests an overestimation of smaller DBH values and an underestimation of larger ones.
ILEG, SAFI, ARCOS, and WAG models displayed the closest alignment with the 1:1 line across the observed DBH range in
the Kenya, Ghana, Rwanda, and Malawi sites, respectively. Also, a country-specific density scatter plot of the relationship
between observed and predicted DBH, derived from crown area using power-function models, was created for each country
dataset (Fig. 8). The error panels show how model error varies across predicted DBH ranges, the grey bars represent the

frequency of observations within each DBH interval, and the boxplots summarize the spread of prediction errors.

Overall, prediction error decreased when models were fitted to lower DBH ranges, with improvements in RMSE, RMSE%,
Bias, and Bias% (Table S3). This suggests that crown area predicts DBH more consistently for small- to medium-sized trees
than for larger trees, where crown architecture, competition, and site-level structural heterogeneity may weaken the crown—
stem relationship. However, R? values generally declined in the restricted models, likely because reducing the DBH range also
reduced the variance available to explain. Thus, the reduced-range models improved prediction accuracy but captured less
overall variation, whereas the full-range models provide broader applicability across the complete sampled tree-size

distribution.

4.2 Hierarchical Synthesis of Crown-Stem Allometry Across Landscapes

The site-specific models demonstrate that the relationship between crown area (CA) and stem diameter (DBH) is consistently
expressed across the sampled landscapes, but that the parameters of this relationship vary substantially among sites. Across
the 19 site-specific models, the scaling exponent b ranges from 0.215 to 0.663, while model performance also varies with
sample size, landscape structure, species composition, and other site-level characteristics (Table 5). Rather than treating this
variation as statistical noise or assuming that a single pooled regression adequately represents all trees and landscapes, we
interpret the distribution of site-level relationships as an important property of crown—stem allometry in heterogeneous TOF
systems. The objective of the synthesis is therefore to estimate a generalized cross-landscape relationship while retaining

information about the magnitude and structure of among-site variation.

A simple pooling of all individual-tree observations would implicitly give greatest influence to sites containing the largest
numbers of measured trees and would treat observations from different landscapes as though they arose from a single
homogeneous population. Similarly, calculating an arithmetic mean of independently fitted site coefficients would give equal
influence to models that differ substantially in sample size and predictive performance. We therefore use a bivariate random-
effects hierarchical synthesis in which the independently estimated site-specific power-law relationships are treated as

realizations of an underlying cross-landscape crown—stem relationship.
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To synthesize the site-specific relationships while retaining among-landscape variation, we extend the linearized form of the
power-law model in Eq. (2) to a bivariate random effects hierarchical model. For each individual landscape, the power-law
relationship DBH =a(CA)? can be expressed on the natural log scale as In(DBH)=In(a) +b In(CA), where In(«) is the intercept
and b is the allometric scaling exponent. In the hierarchical formulation, these site-specific parameters are treated as deviations

from an overall cross-landscape relationship. Specifically,
In(DBH) = (fo + u) + (1 + vi) In(CA) + .. 4

Here, S, is the overall mean intercept on the natural log-scale, corresponding to In(a) in Eq. (2), and B; is the overall mean
scaling exponent, corresponding to b. The terms u;and v; represent landscape-specific departures from the overall intercept
and exponent, respectively, and €;; represents residual variation among individual trees within landscapes. Thus, for landscape
i, the corresponding power-law parameters are a; = exp(f, + u;) and b; = f; + v;. This formulation explicitly recognizes
that both the scaling coefficient and scaling exponent can vary among landscapes, while estimating their central cross-

landscape tendency and preserving the covariance between them.

The contribution of each landscape-specific model to the hierarchical synthesis was determined using an empirical
information-quality weight that incorporated sample size, model fit, and prediction error. Specifically, w; is the empirical
information-quality weight and each model was assigned a weight according to Eq. (5), where n; is the number of trees used
to fit the site-specific model, R?is its coefficient of determination, and RMSE; is its root mean square prediction error. This
weighting scheme gives greater influence to models supported by larger samples, stronger fit, and lower prediction error, while

retaining all site-specific relationships in the synthesis.

2
_ MiRj

Wi = RMSE? ®)

Figure 7 illustrates both the resulting generalized relationship and the heterogeneity from which it is derived. The ensemble of
individual site-specific curves (Fig. 7A) defines the empirical range of crown—stem relationships represented in the dataset,
while the weighted hierarchical model describes their central cross-landscape tendency. The associated Monte Carlo prediction
envelope propagates uncertainty from the joint distribution and covariance of log(a) and b, thereby representing uncertainty in
the generalized relationship rather than simply the dispersion of individual observations. The remaining panels show how the
generalized model emerges from the distribution of site-level information: variation in scaling exponents and statistical weights
(Fig. 7B), the relative contribution of individual landscapes to the synthesis (Fig. 7C), and the joint parameter space of the site-

specific intercepts and exponents relative to their weighted mean (Fig. 7D).
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An important result of this analysis is that there is no single site-specific curve that can be regarded as universally representative
of African TOF landscapes. Instead, the ensemble reveals a family of related allometric relationships whose differences likely
reflect variation in tree architecture, species composition, management history, environmental conditions, and tree-size

distributions among landscapes. The hierarchical model should therefore not be interpreted as a universal African allometric

470 equation. Rather, it represents a generalized, empirically weighted crown-to-stem transfer function derived from the range of
TOF conditions sampled in Kenya, Ghana, Rwanda, and Malawi.
A. Weighted mixed-effects transfer function B. Study-level scaling exponents
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Figure 8. Hierarchical synthesis of site-specific crown area—stem diameter allometry across 19 African TOF landscapes. (A)
Ensemble of site-specific DBH-CA power-law models (light grey) and the generalized weighted hierarchical relationship, with Monte
475 Carlo uncertainty intervals propagated from the joint distribution and covariance of log(a) and b. The dispersion of individual

curves represents observed among-landscape variation in crown—stem allometry rather than prediction error for individual trees.
(B) Distribution of site-specific scaling exponents (b) and their relative statistical weights in the hierarchical synthesis. (C) Relative
contribution of individual landscape models to the generalized relationship based on the weighting framework incorporating sample
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size, model fit, and prediction error. (D) Joint parameter space of log-transformed scaling coefficients [log(a)] and scaling exponents
(b) for the 19 site-specific models, showing their distribution around the weighted hierarchical mean. Together, the panels illustrate
how heterogeneous site-specific allometric relationships are retained and synthesized to estimate a generalized cross-landscape
crown-to-stem transfer function and its uncertainty.

This distinction has important implications for application of the dataset. Where sufficient local calibration data are available,
site- or landscape-specific crown-to-stem relationships will generally provide the most appropriate basis for estimating DBH
from remotely sensed crown area. Where local calibration data are limited or unavailable, however, the hierarchical
relationship provides a defensible generalized transfer function together with an explicit representation of uncertainty. It can
therefore serve both as a predictive model and as a prior expectation that can be progressively refined as additional crown—

stem observations become available from new landscapes.

More broadly, the hierarchical synthesis demonstrates one of the principal advantages of the dataset: its value lies not only in
the large number of individual tree measurements, but also in its distributed sampling across contrasting landscapes. The
observed variation among site-level equations provides information about the transferability and limits of crown-based
allometry that would be obscured by fitting a single pooled regression to all observations. As the dataset expands
geographically, the same framework can accommodate additional landscapes and progressively characterize both the central

tendency and geographic variability of crown—stem allometry across African TOF systems.

4.3 Cross-Validation: Model Generalization

Monte Carlo cross-validation was used to assess how well the site-specific DBH-CA allometric models generalize (Steyerberg
& Harrell, 2015). The dataset was randomly partitioned into tree records for training (80%) and tree records for validation
(20%) subsets, and the process was repeated 100 times to reduce sampling variability (Sileshi, 2014). For each iteration, the
model was fitted to the training data and evaluated on the validation set. The resulting accuracy metrics were averaged across
iterations to provide stable estimates of predictive performance (Mulatu et al., 2024). Validation performance was assessed
using the coefficient of determination (R?), root mean square error (RMSE, cm), relative RMSE (%RMSE), and prediction

bias expressed both in absolute (cm) and relative (%) terms (Table 7).

Model performance on the validation datasets ranged from strong to weak, reflecting variability in sample size, ecological
structure, and measurement consistency. The highest-performing models were observed in ARCOS, WAG, KEV, and SAFI,
with R? values of 0.81, 0.70, 0.79, and 0.73, respectively, and low RMSE and bias. These performances reflect robust
generalization and reliability of these models for biomass estimation in comparable TOF systems. Conversely, models such as
HERP, PADO, RECOR, BIRDLIFE, and DREK yielded lower validation values, suggesting potential overfitting. This
tendency was most pronounced at sites with small sample sizes (n < 65), which increases the likelihood of unstable parameter

estimation during resampling. DREK KE showed negative R? and the highest relative bias (+3.79%).
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Table 7: Cross-validation results for site-specific DBH models based on the mean of 100 Monte Carlo iterations across the Kenya,
Ghana, Rwanda, and Malawi sites. The validation performances were assessed using R%, RMSE, %RMSE, Bias, and percent error
(Bias%).

Site ID R2 RMSE RMSE% Bias Bias %
DREK 0.50 8.03 27.25 0.815 3.789
ITF 0.55 11.32 37.15 0.085 0.699
KITUI EPZ 0.52 7.85 27.72 0.234 0.99
TURKANA EPZ 0.7 7.44 29.06 0.275 1.365
MKEC 0.52 6.84 30.97 0.267 1.418
ILEG 0.6 6.31 27.93 0.345 1.677
KEV 0.79 10.17 42.8 -0.955 -2.97
KFT 0.62 4.8 2493 0.164 0.965
CERATH 0.43 6.39 15.88 0.081 0.256
SAFI 0.73 7.26 21.17 -0.243 -0.637
HERP 0.22 8.54 23.82 0.019 0.501
GOSH 0.43 8.83 27.74 -0.45 -1.087
PADO 0.25 9.32 31.09 0.124 1.283
RECOR 0.36 5.58 22.77 -0.11 0.654
ARCOS 0.81 43 18.72 0.231 1.061
BIRDLIFE 0.24 4.39 18.15 -0.027 0.15
ICRAF 0.51 6.15 28.7 0.172 0.956
WAG 0.7 13.05 35.01 0.147 0.485
WFZ 0.59 6.89 28.41 0.227 1.029
5 APPLICATION

5.1 Measuring and Mapping Carbon in Trees Outside Forests

We can use the dataset to calibrate and validate an approach for measuring individual tree carbon in landscapes of trees outside
of forests. These are landscapes in agricultural areas or severely degraded former forests which have not been readily measured
due to the problems inherent in small plot sampling frames typically used in forest carbon inventories. The primary reason 10-

30 meter resolution satellite data from platforms such as Landsat or Sentinel-2 are insufficient for mapping carbon in TOF
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landscapes is the mismatch between the size of individual tree crowns and the size of the sensor's pixels. In many TOF
landscapes, trees are scattered, linear, or isolated, meaning their individual crown areas are often much smaller than a single
100 m? or 900 m? pixel. Thus, when using medium-resolution data, the analysis may be able to predict the presence of tree
cover as a probability, but cannot delineate the precise boundary of tree crowns. This leads to a significant overestimation of
tree cover area; for example, in an earlier study in Odisha, India, Skole et al. (2024) note that Sentinel-2 analysis overestimated
tree cover by 198% compared to very high resolution (VHR) data because it essentially "filled in" entire pixels wherever tree

cover was detected.

Furthermore, accurate carbon estimation relies on allometric scaling, which requires specific structural parameters for
individual trees, such as the crown or stem dimensions. Medium-resolution data are too coarse to perform the object-based
segmentation needed to delineate these individual crowns. Because these sensors cannot distinguish individual "tree-objects,"
they must rely on generalized canopy cover averages for the whole landscape, which introduces significant errors and fails to
account for the unique biomass profiles of scattered trees. In contrast, sub 1-m VHR imagery allows for the precise
measurement of each tree crown, which can then be used with a ground-calibrated transfer function to estimate stem diameter
and carbon stocks with high integrity. Without this sub-meter spatial resolution, the biomass of individual trees in agricultural

settings remains largely invisible or incorrectly aggregated, preventing the development of precise measurement and

verification systems required for modern carbon markets.

Figure 9. Example application of this framework in the TerraFund for AFR100 program using our model development landscape
in the Areeca FLR project. (a) shows some of the sample plots used to calibrate the crown-to-stem transfer function along with the
machine leaning derived polygons of CPA, while (b) shows the deep learning mapping of tree crowns and results of allometric scaling
of carbon stocks in individual trees, which is represented as a color shade, with darker tones indicating higher carbon stocks.
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Individual trees across a large-area landscape are then mapped, shown here as a 1-ha grid aggregation across 50,000 hectares, which
contains more than 50 x 10° trees (c).

For mapping individual tree carbon at landscape scales, we begin with the collection of ground-based calibration data as
presented here (Fig. 9a). These ground measurements are used to develop a crown-to-stem transfer function, specifically a
canopy-based allometric scaling model that establishes a mathematical relationship between CPA and stem parameters such
as DBH. This relationship is critical because it allows for the estimation of physical tree attributes that are otherwise invisible
to medium resolution satellite sensors. In our recent studies (Skole at al. 2024), we apply this DBH-CA function across large
areas using very high resolution VHR satellite imagery to provide the CA parameters derived from deep learning models with
automated segmentation and precise delineation of individual tree crowns from the landscape background to derive their CPA.
Once individual tree crowns are mapped and their CPAs are calculated, the previously derived crown-to-stem transfer function
is applied to estimate the DBH for every identified tree. These estimated stem parameters are then integrated with standard
and local biomass allometric scaling equations to calculate the carbon content of each individual tree (Fig. 9b). This multi-step
process effectively bridges the gap between the accuracy of field-level accuracy and the coverage of satellite data, producing
comprehensive project reporting (Table S4) of carbon stocks from a census of all trees. The approach provides a robust
measurement, reporting, and verification (MRV) framework that can track the biomass in non-forest agricultural landscape

across over large areas (Fig. 9c).

5.2 Allometric and Metabolic Scaling

The relationship between stem diameter and crown area in this study demonstrates allometric patterns with both theoretical
and applied implications. Within our DBH-CA model, (DBH = aCAP) the value of its exponent reflects patterns of biological
growth and resource allocation to tree stems and tree crowns (Sileshi et al., 2023). Across all models of DBH predicted from
CA presented here, the scaling exponent b ranges from 0.215 to 0.663, indicating that DBH scales sub-linearly with CA,;
increases in crown area are associated with proportionally smaller increases in stem diameter. For the inverse form, CA-DBH,
the exponent ranges from 1.083 to 2.068 suggesting that CA scales much faster than DBH. Metabolic scaling theory (MST)
suggests how various tree physical dimensions change relative to one another based on physiological resource transport
networks and mechanical stability (Brown et al., 2004). MST following West et al., (2009) assumes that crown diameter (CD)
should ordinarily scale to the 0.667 power of stem diameter (DBH). When applied to the relationship between crown diameter
(CD) and stem diameter, CD = aDBH? (CD-DBH), the exponent, b, ranges from 0.54 to 1.02 in models presented here, which

suggests an expected MST relationship which is sublinear and generally not isomorphic.

The Tallow tree dataset developed by Jucker et al. (2022) and the Pantropical Variability in Tree Crown Allometry database
from Loubota Panzou et al., (2021) contain merged collections of other crown diameters similar to one we present here. A
closer examination of all project sites in our dataset shows a mean value of the exponent of CD-DBH plus or minus the 95%

confidence interval of 0.68 +0.063. This is consistent with the Tallow database (0.62 + 0.062) as a whole, as well as specifically
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for its biogeographic categories of Tropical Dry Forest Angiosperms and Tropical Savanna Angiosperms. Our CD-DBH
exponents are also consistent with data provided in Loubota Panzou et al. (2021) for Kenya, in which the exponent of DBH is

0.732. Our dataset CD-DBH is also similar but lower than Loubota Panzou et al. for Malawi, 0.746.

Our dataset provides scaling exponents close to an MST value of 0.667 but variations higher and lower occur. Our dataset
reflects a sample from a range of landscapes with differing human management conditions and a mix of natural tree occurrences
and agroforestry. The expectation was that allometric scaling of CD-DBH would not be isomorphic but would also not be
sublinear. Open grown trees would be expected to increase crown dimensions more than stem dimensions. But since many of
the trees and landscapes with TOF are drier or more degraded and thus experiencing water and nutrient stress, limits on CD
relative to DBH could be present. These deviations from theoretical exponents may also indicate environmental stressors or
adaptations specific to certain species or landscape types. Shifts in scaling exponents are expected based on biome and species
traits. According to Sileshi et al., (2023) the typical exponent for tropical trees ranges from 0.5 to 0.7, while for savanna trees,
it falls between 0.4 and 0.6 and is approximately 0.5 for trees in dry forests. In savanna environments, lower exponents are
expected due to water stress and the presence. In arid regions, lower exponents reflect limited trunk growth relative to crown

expansion, also driven by scarcity of water.

More work could be done with this dataset and other data to evaluate MST and general geometric similarity theory (GST)
metrics. We see opportunities to expand models of crown-based biomass and carbon allometry using MST and GST parameters
or perhaps provide overall constraints on the general DBH-CPA model predictions. Since MST suggests that CD is isomorphic
with tree height, H (CDxH"), the estimation of tree H would be a useful constraint as well. However we note that there the
prediction of H from CPA is not as tight as with DBH in our dataset. This approach to model constraints and the inclusion of
additional predictors could be especially important in training more advanced deep machine learning models as described

above.

6 COMMUNITY VALUE, ACCESSIBILITY, AND REUSABILITY

6.1 Community value. This data product was developed to address an important measurement gap in the monitoring of trees
outside forests (TOF), agroforestry systems, and forest and landscape restoration. Very high-resolution satellite imagery and
machine-learning methods increasingly permit individual tree crowns to be delineated over large landscapes, but satellite
observations cannot directly measure diameter at breast height (DBH), which remains the principal predictor used in widely
established tree biomass allometry. Concurrent field measurements of crown dimensions and stem diameter that can be used
to calibrate this relationship remain comparatively scarce, particularly for heterogeneous African TOF landscapes. The dataset
presented here provides a geographically distributed collection of individual-tree measurements designed specifically to
address this gap. Following quality control, it contains 3,493 trees with concurrent measurements of DBH, crown dimensions,

tree height, species identity, geographic location, and associated plot and landscape identifiers. The observations span
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restoration and land-management systems in Kenya, Ghana, Rwanda, and Malawi, including agroforestry, reforestation,
assisted natural regeneration, and other TOF settings. The dataset therefore provides a resource that would be costly and time-
consuming for individual research groups to reproduce and can support a broad community working in Earth observation,
forest mensuration, allometry, carbon accounting, agroforestry, landscape restoration, and measurement, reporting, and
verification. In particular, it provides the empirical bridge needed to connect increasingly available individual-tree remote-

sensing observations with established stem-based biomass estimation methods.

6.2 Accessibility. The data product is designed to permit independent users to understand and apply the observations without
requiring access to the original field campaigns. The manuscript provides the geographic and ecological context of data
collection, a standardized field measurement protocol, explicit quality-control and exclusion procedures, and a data dictionary
defining the principal variables, units, identifiers, and spatial information. For example, the dataset records site and plot
identifiers, tree geographic coordinates, species identity, DBH, two perpendicular crown diameters, mean crown diameter, and
tree height, with geographic coordinates referenced to WGS84. The accompanying field protocol further documents plot
allocation, measurement procedures, and standard operating procedures, thereby providing users with the information required
to interpret both the measurements and their provenance. Depositing the complete dataset in a persistent open repository under
a non-restrictive license will ensure that the observations and supporting documentation remain freely accessible and citable

independently of the manuscript.

6.3 Reusability. The dataset has intentionally been structured as a general observational resource rather than as data restricted
to the particular allometric models demonstrated in this manuscript. The concurrent measurements allow users to develop
alternative DBH—crown area and DBH—crown diameter transfer functions, investigate relationships involving tree height and
species, develop species- or landscape-specific allometric models, validate independent tree-structure products, and combine
these observations with individual-tree crowns derived from new or existing very high-resolution imagery. This is especially
important because the manuscript demonstrates substantial geographic and structural variability in crown—stem relationships.
Site-specific DBH—crown area relationships are statistically significant but vary appreciably among landscapes, demonstrating
both the utility of the observations and the importance of geographically distributed calibration rather than reliance on a single
universal relationship. The dataset has also undergone explicit quality control: records lacking required measurements or
reliable geographic coordinates and trees with structural conditions that could compromise conventional crown—stem allometry
were excluded, reducing the original collection of 5,218 records to a curated dataset of 3,493 trees. The manuscript further
quantifies model performance, prediction error, bias, and variation among sites, providing users with information needed to
judge where and how the observations can appropriately be reused. Consequently, the data can serve not only to reproduce the
analyses presented here but also as an independent calibration, validation, and comparative resource for future individual-tree

remote-sensing, ecological scaling, biomass, carbon, and restoration-monitoring studies.
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7 CONCLUSIONS

This study presents a standardized, georeferenced dataset of individual-tree structural measurements developed specifically to
address a persistent gap between field-based tree allometry and emerging approaches for mapping individual trees using very
high-resolution (VHR) remote sensing. Following quality control, the dataset contains 3,493 trees measured across landscapes
in Kenya, Ghana, Rwanda, and Malawi and includes concurrent measurements of stem diameter at breast height (DBH), crown
dimensions, tree height, species identity, geographic location, and associated plot and landscape information. The
measurements were collected using a standardized field protocol designed to support consistent crown—stem allometry and
spatial linkage with individual tree crowns delineated from VHR imagery. The resulting dataset therefore provides both a
substantial collection of African tree measurements and a reproducible framework for expanding comparable observations to

additional landscapes.

A principal motivation for developing the dataset was to overcome an important measurement discontinuity between remote
sensing and conventional biomass allometry. VHR satellite imagery and machine-learning methods can increasingly identify
individual trees and delineate their crown projected areas over large landscapes, but they cannot directly observe DBH, which
remains the principal predictor in most established tree biomass equations. The paired crown and stem measurements presented
here provide the empirical observations needed to bridge these two measurement domains. Crown-to-stem transfer functions
calibrated from the dataset allow remotely observed crown area to be translated into estimates of DBH, which can subsequently
be used with established stem-based biomass equations. This approach retains compatibility with conventional forest
mensuration and biomass allometry while extending their application from field measurements and sample plots to remotely

sensed individual-tree observations over much larger areas.

The site-specific analyses presented in this study demonstrate both the utility of this approach and the importance of
recognizing heterogeneity in tree allometry. Significant relationships between crown area and DBH occur across the sampled
landscapes, but the scaling coefficients, exponents, and predictive performance vary among sites. Rather than representing
only statistical uncertainty, this variation contains information about differences in tree architecture and the ecological and
management conditions under which trees grow. The hierarchical synthesis of site-specific models provides one approach for
retaining this among-landscape variation while estimating a generalized cross-landscape crown-to-stem relationship. The
resulting generalized model should not be interpreted as a universal African allometric equation; rather, it demonstrates how
geographically distributed calibration observations can be combined while preserving information about the variability and
uncertainty of crown—stem relationships among landscapes. Where adequate local observations are available, locally calibrated
relationships remain preferable, whereas generalized relationships can provide an initial transfer function or prior expectation

where local calibration data are limited.
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The value of the dataset, however, extends beyond the particular DBH—crown area models demonstrated here. Because stem
diameter, two perpendicular crown dimensions, tree height, species identity, geographic location, and landscape context were
recorded for individual trees, the data provide a reusable observational resource for developing and testing alternative
allometric formulations. Researchers can use the measurements to investigate relationships among crown diameter, crown
projected area, DBH, and height; develop species-, functional-group-, site-, or landscape-specific models; evaluate multivariate
and hierarchical allometric approaches; and examine how crown—stem relationships vary with tree size, species composition,
and landscape conditions. The data can also contribute to studies of crown architecture, geometric and metabolic scaling,
agroforestry structure, and the structural characteristics of open-grown and managed trees. In this sense, the dataset should be
viewed not as a collection tied to a single fitted allometric equation, but as a set of primary tree-level observations from which

alternative models and scientific hypotheses can be developed and tested.

A second major area of reuse is the calibration and validation of individual-tree Earth observation products. The geographic
coordinates and tree-level structural measurements provide reference observations that can be linked with tree crowns derived
from VHR satellite imagery and potentially other remotely sensed measurements of vegetation structure. They can therefore
support evaluation of crown-delineation algorithms, comparison of remotely sensed and field-measured crown dimensions,
development of crown-based biomass models, and testing of new statistical and machine-learning approaches for predicting
tree structural attributes. As individual-tree remote sensing continues to develop, retaining the primary measurements rather
than only the fitted equations allows future investigators to reanalyse the observations using methods and Earth observation

datasets that were not available when the measurements were originally collected.

These capabilities are particularly important for Trees Outside Forests (TOF). Sparse, scattered, linear, agroforestry, and other
non-forest tree configurations remain difficult to characterize using conventional forest inventory designs and medium-
resolution remote sensing. Yet these trees constitute an important component of many African agricultural and restoration
landscapes. Combining VHR individual-tree mapping with ground-calibrated crown—stem relationships provides a pathway
toward census-based measurement in which individual trees can be identified, measured, and assigned biomass and carbon
estimates across large areas. Such an approach can complement rather than replace conventional forest inventories by
extending allometric measurement into landscape components that are frequently underrepresented in plot-based monitoring

systems.

Forest and Landscape Restoration (FLR) provides an immediate application of this capability. The dataset was developed from
landscapes associated with AFR100 restoration projects and encompasses agroforestry, reforestation, assisted natural
regeneration, and other land-management systems. Current restoration indicators frequently emphasize hectares under
restoration, trees planted, or changes in tree cover, but these measures alone do not quantify changes in tree structure, biomass,

or carbon stocks. Crown-based individual-tree observations calibrated with datasets such as this one can provide a quantitative
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baseline of existing tree resources that can subsequently be remeasured using VHR remote sensing. Repeated observations
could document changes in tree abundance, crown dimensions, biomass, and carbon stocks and thereby provide an additional

quantitative dimension to restoration monitoring and measurement, reporting, and verification (MRV).

The longer-term scientific value of the dataset will increase as comparable observations are collected across additional
ecological zones, species assemblages, management systems, and African regions. The standardized field protocol provided
with the dataset is therefore an important component of the data product. Application of a common protocol would allow new
crown—stem observations to be incorporated into an expanding distributed database, providing increasingly robust estimates
of both the central tendencies and geographic variability of African tree allometry. Such expansion would also allow stronger
testing of the extent to which crown—stem relationships can be transferred among landscapes and where local calibration
remains necessary. More broadly, the dataset provides an empirical connection between three measurement domains that have
often developed separately: field-based tree mensuration, individual-tree Earth observation, and landscape-scale biomass and
carbon monitoring. Its principal contribution is therefore not a single allometric equation, but a standardized set of primary
observations that enables these domains to be linked. By making concurrent crown, stem, height, species, and spatial
measurements available for reuse, the dataset provides a foundation for improving crown-based allometry, testing ecological
scaling relationships, developing and validating new individual-tree remote-sensing methods, and extending biomass and
carbon measurement to TOF landscapes. This combination of standardized observations, demonstrated allometric application,
and capacity for future reuse provides a basis for progressively improving individual-tree measurement and for more fully

representing trees outside forests in African restoration monitoring, carbon accounting, and Earth system observations.

Code and data availability

The complete and open-access dataset has been published in Zendo at https://doi.org/10.5281/zenodo.20862469 (Alimo et al.

2025) under Creative Commons Attribute 4.0 license. Data are provided in CSV format, accompanied by a data dictionary,
field measurement protocol, site and plot identifiers, units, coordinate reference information and documentation of quality
control procedures. All results from data analysis needed to evaluate this report are also available in the main text or in tables
and figures. Code developed in R routine statistical code and graphical production libraries (e.g. ggplot2) are not archived in
the Zendo but are available as open source from the R Project (https://www.r-project.org/). Satellite data were used to process
tree crown data but these products were not essential to this field dataset, but can be obtained from the NASA Commercial
Smallsat Data Acquisition Program (https://www.earthdata.nasa.gov/esds/csda). The remote sensing—derived products, spatial
data layer products, and validation data, are also available from the Tropical Rain Forest Information Center, a NASA ESIP
Data Center, now maintained by the Global Observatory for Ecosystem Services at Michigan State University
(https://goeslab.us/Indiadata) and from the NASA Land Cover and Land Use Change Program data server
(https://Icluc.umd.edu/content/metadata).
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Supplement link

The supplementary material is provided online as separate file.
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