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A B S T R A C T   

Under the Paris Agreement, signatories are obliged to reduce carbon emissions and enhance carbon sinks. 
Multiple global aboveground biomass products are now available; however, they still require additional cali
bration and validation datasets at the local scale. I use South Africa’s Afrotemperate forests as a case study to 
investigate best practice for remote sensing aboveground carbon for improving the accuracy of reporting under 
the Paris Agreement. I collected both field and LiDAR data for three forests in KwaZulu-Natal, South Africa, and 
tested three different allometric equations for calculating AGC. I used linear models to predict AGC from LiDAR 
data for both local and multi-site models and then compared the results with two global biomass products. The 
locally derived allometric produced intermediate AGC values to the temperate and pan-tropical equations and is 
recommended for use in South African forests. Local LiDAR models for each forest varied in performance with R2 

values ranging from 0.16 to 0.75, and RMSE% of 7.3–50%. Overall, the multi-site LiDAR model performed better 
than two of the three local models with a conditional pseudo-R2 of 0.82 and RMSE on 24% (30 MgC.ha− 1) and is 
recommended in the absence of field data. However, since the forest physiognomy is diverse, it is important to 
take local context into account when interpreting AGC results. Although global biomass products tend to 
overestimate the carbon in these forests, they can still be used for the UNFCCC’s 2023 global carbon stocktake 
until further calibration and validation data have been included. While generalized mapping techniques may 
produce some errors in AGC estimates, it’s important to use the data that’s currently available and report the 
uncertainty in the estimates as part of mitigating anthropogenic changes.   

1. Introduction 

Anthropogenic change has degraded the ability of the environment 
to provide critical ecosystem services including carbon sequestration 
(Parmesan et al., 2022). Strong evidence is available linking climate 
change to shifts in vegetation and biomes, affecting habitat quality, and 
carbon removal, emissions, and stocks (Parmesan et al., 2022). Under 
the Paris Agreement (2015) of the UNFCCC (United Nations Framework 
Convention on Climate Change), the 196 signatories are obliged to 
reduce carbon emissions and enhance carbon sinks. Targets to reduce 
the net carbon emissions include those related to greenhouse gas (GHG) 
emissions, indirect targets that impact on GHG emissions (increase 
contribution of renewable energy; reduce deforestation), and actions 
(change legal policies) (Fransen, 2021). Annex I countries contribute the 
most towards global emissions, and all but Russia have committed to 
significant reductions in emissions by 2030. Although their emissions 
are substantially lower, Non-Annex I countries including Argentina, 
Brazil, South Africa and South Korea have submitted revised Nationally 

Determined Contributions (NDC) pledging reduced emissions (Fransen, 
2021). 

South Africa’s (SA) updated first Nationally Determined Contribu
tion (NDC) goal for emissions is to be in a range of 398–510 MgCO2 by 
2025, and 350–420 by 2030 MgCO2. National carbon sinks are often 
included in a country’s GHG emissions inventory; however, measuring, 
mapping and monitoring carbon stocks is a subject of much debate and 
research globally (Duncanson et al., 2022; Kim et al., 2021). In the 
National Terrestrial Carbon Sinks Assessment (2020) for SA, the Total 
Ecosystem Organic Carbon (TEOC) is calculated by adding together the 
various carbon pools (soil organic carbon + above and below ground 
biomass for woody and herbaceous plants + biomass of above ground 
litter) multiplied by a carbon fraction. All carbon pools are based on the 
area of land covered by each biome and calculated using published 
carbon values for each biome, which were either estimated using 
fieldwork or remote sensing, and mapped at a 1 km resolution. These 
values therefore do not account for spatial-temporal heterogeneity in 
carbon storage within each biome and, at best, estimates intact, 
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non-degraded landscapes (DEFF, 2020a). 
The forest biome in South African covers 0.56% of the country 

(Mucina and Rutherford, 2006); however, the TEOC for forests is re
ported as zero (DEFF, 2020a). This is due to the fact that the models used 
for estimating above ground carbon do not perform well over steep 
terrain (Spracklen and Righelato, 2014) (many forests are on the 
escarpment), the models tend to saturate at 120 MgC.ha− 1, and due to 
the coarse resolution (1 km), the smaller and often non-contiguous 
forests are poorly mapped (DEFF, 2020a). However, Reducing Emis
sions from Deforestation and forest Degradation (REDD+) has been 
identified as a climate change mitigation strategy in the NDC (DEFF, 
2020a, 2020b) and in order to participate in strategies such as REDD+ , 
baseline measurements, and further monitoring, of carbon are necessary 
(Araza et al., 2023). 

Fine-scale field measurements of aboveground carbon (as estimated 
from aboveground biomass by a conversion factor) have only been 
collected for a handful of forests in South Africa (Afrotemperate forests; 
mistbelt forests (Mensah et al., 2017, 2016); dune forests (Mangwale 
et al., 2017; Rolo et al., 2018; Smithwick, 2019); and mangroves (Banda 
et al., 2021; Johnson et al., 2020; Steinke et al., 1995). Forests in South 
Africa are relatively understudied due to their inaccessibility from steep 
terrain or land ownership rights, and their discontinuous distribution. In 
addition, because these forests cover such a small area of land surface, 
research into the biomass of South African forests is often neglected in 
favour of researching the biomass of woodlands (which fall under the 
savanna biome) in South Africa (Bouvet et al., 2018; Colgan et al., 2013, 
2012; Mograbi et al., 2015; Naidoo et al., 2015; Odipo et al., 2016), 
which cover a much larger (46%) extent of the country (Mucina and 
Rutherford, 2006) and therefore account for a larger proportion of 
carbon storage at a national scale. Similarly across the continent, 
aboveground biomass (AGB) in Afromontane and Afrotemperate forests 
is poorly studied and show little agreement between global AGB maps 
(Araza et al., 2023); however, tropical montane forests are estimated to 
contain a median of 254 MgC.ha− 1 (Spracklen and Righelato, 2014) and 
therefore these forests should not be ignored. 

Aboveground biomass is most commonly calculated using allometric 
equations; however, the choice of allometric equation can influence 
results (Ahmed et al., 2013). It is often not feasible to create specific 
allometric equations for each location of interest by destructively sam
pling a minimum of 50 trees depending on the population’s size class 
distribution (Roxburgh et al., 2015). Therefore, one needs to choose the 
most appropriate allometric, or even a suite of parsimonious equations 
and evaluate the range of biomass that could occur in the region. Allo
metric equations for AGB are based on the relationship between tree 
stem diameter at breast height (dbh), crown height, wood density, and 
can also include crown dimensions (Dimobe et al., 2018; Loubota Pan
zou et al., 2021; Ploton et al., 2016); however, this relationship is het
eroscedastic, and the error produced by the equation needs to be 
accounted for (Nickless et al., 2011). Additional uncertainty in biomass 
estimates arise when calculated from remotely sensed imagery as 
biomass is predicted from an aspect of the vegetation’s structure, such as 
tree height derived from active remote sensing, which is related to forest 
biomass as calculated using allometric equations (Ahmed et al., 2013). 
The exclusion of crown dimensions in field and remotely sensed esti
mates can introduce bias towards large trees introducing further un
certainty in biomass estimates (Ploton et al., 2016). 

Airborne Light Detection and Ranging (LiDAR) is an active remote 
sensing method that is used to map vegetation structure and estimate 
aboveground carbon (AGC) in forests globally (Lefsky et al., 2002b). To 
date LiDAR has been used successfully in tropical forests (Asner et al., 
2012; Coomes et al., 2017; Xu et al., 2017); boreal forests (Lefsky et al., 
1999a; Maltamo et al., 2005; Morsdorf et al., 2004; Vepakomma et al., 
2008; Zhao et al., 2018) and deciduous forests (Lefsky et al., 2002a, 
1999b). Although airborne LiDAR is frequently used for commercial pur
poses, the cost of commissioning data capture can be prohibitive for 
research and government agencies especially in the Global South. The 

launch of the Global Ecosystem Dynamics Investigation (GEDI) in 2018 
(Dubayah et al., 2022) has resulted in a new generation of global biomass 
maps (Dubayah et al., 2022; Duncanson et al., 2022) as it was the first 
spaceborne LiDAR sensor which was specifically launched to measure 
ecosystem structure (Dubayah et al., 2022). Several space agencies, 
including NASA (National Aeronautics and Space Administration), ESA 
(European Space Agency) and JAXA (Japanese Aerospace Exploration 
Agency), have prioritized the mapping of aboveground carbon, and have 
produced five "global" biomass products with varying accuracies due to 
different spatial resolutions and sensor types (https://www.earthdata. 
nasa.gov/maap-biomass/). To improve accuracy, global biomass projects 
also use locally collected field and airborne LiDAR data to calibrate and 
validate their models (Duncanson et al., 2022)(https://ceos.org/gst/jpl-
biomass.html; https://ceos.org/gst/africa-biomass.html; https://climate. 
esa.int/en/projects/biomass/about/), resulting in better accuracy for re
gions and biomes with more local data. In 2023, the UNFCCC will perform 
its first "Global Stocktake" of aboveground carbon, further highlighting the 
importance of global biomass mapping. Even though the scientific com
munity is mapping AGB globally, many products do not show agreements 
with country’s National Forest Inventory (NFI) data or with the United 
Nation’s Forest Resource Assessment (FRA) (Araza et al., 2023). 

I use South Africa’s Afrotemperate forests as a case study to inves
tigate best practice for remote sensing aboveground carbon for 
improving the accuracy of global biomass datasets. I address the 
following questions: 1. Which allometric equations should be used for 
South Africa’s temperate forests? 2. Can models relating field measured 
AGC to LiDAR estimated canopy height be generalised across forest 
patches? Finally, I compare the results with those of two global biomass 
products and discuss the way forward for quantifying AGC of these 
forests in sub-Saharan Africa for national inventories and reporting. 

2. Methods 

2.1. Study sites 

Afrotemperate forests occur non-randomly in the landscape. They 
are found on steep south facing slopes within a grassland matrix, where 
they are protected from fires. Afrotemperate forests occur as an archi
pelago over extent range of 400 km and are typically small in size (mean 
size = 16.0 ha, median size = 2.6 ha; (Adie et al., 2013). The study 
region (Fig. 1) experiences seasonal rainfall with mean annual precipi
tation increasing from west (Umgano – 1100 mm) to east (Karkloof – 
1600 mm) (Mucina and Rutherford, 2006). Average temperatures for 
these forests range from 10 ◦C in July to 19 ◦C in the hottest months 
(January) (Mucina and Rutherford, 2006). Dargle and Karkloof forests 
are both secondary forests while Umgano is considered a primary forest 
patch. Widespread logging was practiced during the mid-1800 s to early 
1900′s as evidenced by sawpits and sliptrails (H.G. FOURCADE, 1889; 
Lawes et al., 2007; Lawes and Eeley, 2000; McCracken, 1986) and as a 
result, very few primary forests remain. Secondary forest is defined here 
as vegetation that shows the structural or compositional legacy of a prior 
disturbance event (Corlett, 1994) whereas the species found in primary 
forest are those indicative of a late successional stage where climax 
vegetation is self-perpetuating. Secondary forests are dominated by 
long-lived angiosperms which were the colonising cohort of trees 
post-logging and show little regeneration under the canopy as they are 
light-demanding; whereas primary Afrotemperate forests are dominated 
by shade tolerant Podocarps (Podocarpaceae) which are often more than 
100 years old and can store up to double the amount of carbon of a 
secondary forest (Adie et al., 2013). 

2.2. Ground truthing of above ground carbon (AGC) 

We collected field inventory data in the three sites from 2016 to 2019 
(Dargle: November 2016, 15 plots; Karkloof: September 2017, March 
2018, June 2019, 16 plots; Umgano: July 2019, 13 plots). In each 
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circular plot (30 m radius, 0.28 ha) we measured stem diameter (at 
breast height, 1.3 m, dbh), stem number, tree height and species identity 
of all living trees with a dbh > 20 cm within the entire plot, and trees 
with a dbh 2.5 – 20 cm within a 0.071 ha centrally located sub-plot 
(15 m radius), except in Dargle forest where we only measured trees 
> 20 cm. From preliminary fieldwork in the Dargle forest, where we 
enumerated all stems ≥ 10 cm dbh in five 0.28 ha plots, we established 
that trees < 20 cm dbh contributed < 3% of stand biomass. Conse
quently, we only measured stems > 20 cm dbh and increased plot size 
because precision in AGC estimation increases with plot size (Zolkos 
et al., 2013). (Mascaro et al., 2011) investigated the error in AGC for 
different plot sizes and when crown placement (if the crown occurred 
within or outside the plot) was taken into account to relate field 
measured AGC and LiDAR estimated AGC, error for a plot of 0.25 ha was 
found to be 16.2 MgC.ha− 1 (15%); when crown placement was not taken 
into account, as in this study, RMSE was 20.6 MgC.ha− 1(19%). Each tree 
> 20 cm DBH was uniquely tagged for future reference. Tree height for 
each individual was measured using a laser distance meter (Leica 
DISTO™ D510) or laser rangefinder (TruPulse™ 360◦ B). A Trimble 
(Trimble® Recon® Handheld with ProXRS antenna) differential GPS 
was used to collect the coordinates of the plot centre; points were then 
differentially corrected to sub-meter accuracy using the Pietermaritz
burg trigonometric base station one second data (http://www.trignet. 
co.za/). The relationship between stem dbh and height was established 
using power law (Chave et al., 2014; Mensah et al., 2018). 

Above ground biomass was calculated for each tree (each stem of 
multi-stemmed trees were treated as a single tree) using three different 
allometric equations (see below) for comparison with published data on 
AGB in Afrotemperate forests. Eq. 1 was derived from a set of 50 trees 
destructively sampled by (Beets, 1980) in a temperate rain forest in New 
Zealand and included species of Podocarpaceae (Coomes et al., 2002). 
Chave et al. (2014) developed Eq. 2 from a dataset of 4004 trees from 
lowland and montane tropical forests in the Americas, Africa, Asia, and 
Australia and is the most extensive pantropical allometric to date. In 
2016 Mensah et al. (2016) developed an allometric equation (Eq. 3) 
specifically for mistbelt forests in South Africa. The authors collected 

data non-destructively from 59 individuals of four species, with Com
bretum kraussii being common between the sampled mistbelt forests, and 
the Afrotemperate forests considered in this study (Mensah et al., 2016). 
All three allometric equations contain a height parameter which im
proves the precision of biomass estimates (Chave et al., 2005).  

AGB = 0⋅0000598ρ(d2H)0⋅946(1–0⋅0019d) + 0⋅03d2⋅33 + 0⋅0406d1⋅53       (1) 

(Coomes et al., 2002).  

AGB = 0⋅0673 x (ρd2H)0⋅976                                                             (2) 

(Chave et al., 2014).  

lnAGB = − 2⋅69 + 0⋅69lnρ + 0⋅95ln(d 2 x H )                                     (3) 

(Mensah et al., 2016). 
Where H is tree height (m), d is dbh (cm), and ρ is species-specific 

wood density (measured in kg m− 3 for Eq. 1, and g cm− 3 in Eqs. 2 and 
3). It was important to use allometric equations which include height, as 
height is the metric that correlates to the LiDAR data. Wood density 
values were taken from a global database (Chave et al., 2009; Zanne 
et al., 2009); mean genus values were used if the species value was not 
available (Marshall et al., 2012). If no value was available, a generic 
value of 580 kg.m− 3 was used (Chave et al., 2005). Biomass was then 
converted to AGC by multiplying by 0.47 (Martin and Thomas, 2011). 

2.3. Light detection and ranging (LiDAR) 

Small footprint, discrete return LiDAR data were collected over the 
Dargle forest in June 2016 and over Karkloof and Umgano forests in 
June 2018 (Table 1). Since the forests are predominantly evergreen, the 
time gap between LiDAR data collection and field data collection did not 
affect phenology, quality of ground truthing data, or quality of the 
LiDAR data. The first LiDAR return typically indicates the top of canopy 
vegetation (or ground if it is the sole return), and the last return indicates 
ground, unless dense vegetation is present. The point cloud was pro
cessed using LASTools to create a Digital Elevation Model (DEM - 
ground) and a Digital Surface Model (DSM – top-of-canopy). A Canopy 

Fig. 1. Study sites in KwaZulu-Natal, South Africa. a. Karkloof Forest, b. Dargle Forest and c. Umgano forest.  
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Height Model (CHM) was then created by subtracting the DEM from the 
DSM. The DEM and DSM are triangulated models created using linear 
interpolation of ground and surface returns respectively. 

2.4. Mapping aboveground carbon 

The circular field plots were mapped on the CHM dataset and mean 
top of canopy height was extracted for each plot in ArcGIS 10.1. This 
value was then regressed against field estimated AGC in order to esti
mate AGC from the LiDAR dataset. Next, a grid of 0.28 ha was used to 
divide the LiDAR dataset, to match the field data plot size, and mean top 
of canopy height was then extracted from the CHM for each grid cell. 
The relationship between the field estimated AGC, and LiDAR mean top 
of canopy height, further referred to as the local model, was then used to 
estimate AGC across the entire forest. This was done for each of the three 
forests, for each allometric equation (Eqs. 1, 2, 3). Data from the three 
forests was then used to create a single multi-site model to predict the 
AGC from the LiDAR CHM using a linear mixed effects model (LMM) 
with forest being included as a random effect. All analyses were run in R 
vers 4.2.1, the LMM was run using the ‘lmer’ function from the ‘lme4′ 
package (Bates et al., 2015; R Core Team, 2018). A LMM was used to test 
for differences between the different allometric equations with forest, 
model (local/multi-site) and source (field/LiDAR) included as random 
effects. Relationships were significant (Table 2); however, these results 
are not ecologically meaningful as the large sample sizes from the LiDAR 
data result in significant values (Kitchin, 2014) even though the stan
dard deviations overlap, therefore differences were assessed 
qualitatively. 

Aboveground carbon values for each forest were also compared to 
two globally derived aboveground biomass (AGB) products to assess the 
suitability of such products for mapping carbon in these Afrotemperate 
forests. The National Centre for Earth Observation (NCEO) Africa 
Aboveground Woody Biomass (AGB) product for the year 2017 
(Rodriguez-Veiga and Balzter, 2021) has a 100 m spatial resolution, and 
was developed using a combination of satellite data including NASA’s 
Global Ecosystem Dynamics Investigation (GEDI – spaceborne LiDAR), 

JAXA’s L-band SAR ALOS-2 PALSAR-2 mosaics (RADAR) and Landsat 
Percent Tree Cover (PTC) (Optical remote sensing; (Hansen et al., 
2013)). The JPL 2020 Global Biomass Product has a 100 m spatial res
olution was derived from a combination of Landsat 8 composite images, 
JAXA’s L-band SAR ALOS-2 PALSAR-2 mosaics, and SRTM DEM data. 
The model was created using training data from ICESAT-1 (spaceborne 
LiDAR), airborne LiDAR and field inventory data (https://ceos. 
org/gst/jpl-biomass.html). Data were extracted for each of the three 
forests to measure the mean and standard deviation in values for each 
forest. Biomass was converted to carbon using the same conversion 
factor of 0.47 (Martin and Thomas, 2011). 

3. Results 

The relationship between diameter and height is the weakest in the 
Dargle forest (R2 =0.33), with dbh ranging from 7 to 126 cm and tree 
height peaking at 26 m (Fig. 2a). Dargle shows the highest standard 
error in diameter values (0.75), compared to Karkloof (0.24) and 
Umgano (0.66). The majority of trees in Karkloof had a dbh < 60 cm, 
with very few trees > 80 cm (dbh range 3.5 – 103 cm), and no trees 
> 25 m in height. Trees in Umgano were the largest and tallest 
compared to other sites, with dbh up to 159 cm, and trees up to 35 m 
tall. This old growth site shows the best D:H relationship with 86.3% of 
the variation explained. 

Although Dargle has the weakest D:H relationship, the site displays 
the strongest relationship between field measured AGC and LiDAR 
estimated mean canopy height (R2 >0.72 for each type of allometry 
used) and the lowest RMSE (RMSE < 12 MgC.ha− 1) (Table 2). Karkloof 
has the weakest relationship (R2 = 0.16–0.26; Table 2) and although the 
RMSE is comparable to Umgano (44–58 MgC.ha− 1 in Karkloof, and 
38–48 MgC.ha− 1 in Umgano; Table 2), it is relatively higher (43–65% in 
Karkloof versus 18–33% in Umgano; Table 2). The multi-site model 
produces a stronger or similar fit to Karkloof and Umgano if using the 
marginal pseudo R2 which includes only the fixed effects, and shows a 
stronger fit than all other models when the random effect of forest is 
taken into account with the condition pseudo R2 (Table 2). The relative 

Table 1 
LiDAR data collection information for three forests in KwaZulu-Natal, South Africa.   

Date of 
Acquisition 

Scanner Pulse rate 
(Hz) 

Scan 
rate 
(Hz) 

Flying height agl 
(m) 

Swath 
width 
(m) 

Average point 
density 

Ground pixel 
resolution 
(cm) 

Extent 
(ha) 

Dargle June 2016 Leica 
ALS50–2 

149 000 54 850 480 10 25 238 

Karkloof 17 & 18 June 
2018 

Leica ALS70 150400 63.3 900 580 12 10 2080 

Umgano 14 June 2018 Leica ALS70 150400 63.3 900 580 12 10 157  

Table 2 
Model estimates, R2, and RMSE for the local models created to estimate aboveground carbon (AGC) from mean canopy height (MCH) measured from LiDAR images 
over three Afrotemperate forests in KwaZulu-Natal, South Africa using the equation AGC = b1(MCH) + c. Aboveground carbon was calculated using three different 
allometric equations (Chave et al., 2014; Coomes et al., 2002; Mensah et al., 2016). Marginal (R2m) and conditional (R2c) pseudoR2 are reported for the multi-site 
models as they were run using linear mixed effects models.    

Allometry b1 c R2 RMSE (MgC.ha− 1) RMSE (%) 

Local Dargle Coomes 0.0503 1.1905 0.7184 11.02 9.72 
Mensah 0.0569 1.1214 0.7451 9.80 7.80 
Chave 0.0571 1.1745 0.7305 10.46 7.27 

Karkloof Coomes 0.0214 1.7343 0.1557 57.56 64.48 
Mensah 0.0279 1.6893 0.2417 46.57 50.00 
Chave 0.0291 1.7232 0.2564 44.85 43.40 

Umgano Coomes 0.0386 1.5251 0.567 47.82 32.65 
Mensah 0.0454 1.4927 0.6104 39.18 22.18 
Chave 0.0482 1.5077 0.6169 38.01 18.61 

Multi-site  R2m R2c   
Coomes 0.0342 1.5566 0.5610 0.7595 38.40 33.75 
Mensah 0.0414 1.5003 0.5951 0.8151 30.30 23.64 
Chave 0.0329 1.6728 0.6063 0.8173 29.57 20.25  
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RMSE for each allometric is also lower for the multi-site model 
compared to the local model for Karkloof, and similar to the RMSE 
percentage for Umgano (Table 2). 

LiDAR estimated AGC for the entire forest patch, for each forest, 
resulted in lower overall AGC estimates than those applied to field data 
(Fig. 3). Regardless of allometry, Karkloof forest consistently has the 
lowest AGC (82 – 103 MgC.ha− 1; Fig. 3, Fig. 4). The majority of the 
forest is below 100 MgC.ha− 1, with the few high AGC pixels resulting 
from exotic pines (pers. obs.; Fig. 4d). Karkloof is the largest forest 
mapped in this study, and has the greatest variation in vegetation 

structure across its extent (Fig. 4c.). Umgano has the highest measures of 
AGC when calculated using local models (146 – 204 MgC.ha− 1; Fig. 3), 
but estimates are more similar to the AGC stored in Dargle forest when 
using the multi-site model (Fig. 3). When observing the AGC estimates 
spatially as calculated using the Mensah et al. (2016) allometry from 
local models, it becomes even more apparent that the AGC in Karkloof is 
lower than the other two forests, and this is consistent across the entire 
forest patch (Fig. 4d) with 93.52% of grid cells in Karkloof containing 
less than 100 MgC.ha− 1 (Fig. 5). Dargle and Umgano show a greater 
number of pixels with high AGC with almost 50% of Umgano, and 12% 

Fig. 2. Diameter height relationships for trees in a. Dargle (n = 902), b. Karkloof (3737) and c. Umgano (n = 1727) forests, KwaZulu-Natal, South Africa.  

Fig. 3. Mean aboveground carbon (AGC) for three forests in KwaZulu-Natal, South Africa calculated using three different allometric equations (Chave et al., 2014; 
Coomes et al., 2002; Mensah et al., 2016) as calculated from field plot data (Dargle n = 14, Karkloof n = 16, Umgano n = 13) and estimated from LiDAR data (Dargle 
n = 665, Karkloof n = 5892, Umgano n = 404) using a local and multi-site model. Mean AGC was also calculated from two global biomass products, the NCEO Africa 
Aboveground Woody Biomass Product (AfricaAGC) and the JPL 2020 Global Biomass Product (JPL AGC). Error bars denote standard deviation. 
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of Dargle forest containing more than 150 MgC.ha− 1 (Fig. 4d, f; Fig. 5). 
In Dargle forest the areas with higher AGC are towards the northern 
section of the forest which occurs on the steepest slopes, and in Umgano 
the higher AGC areas are concentrated in the centre of the forest with 
lower AGC around the edges, particularly in the eastern section of the 
forest (Fig. 4b,f). 

When using the multi-site model, AGC estimates for Karkloof 
remained similar to those obtained using a local model; however, Dargle 
was estimated to have more AGC than Umgano for each of the three 
allometries (Fig. 3). Across forest sites, the lowest AGC was consistently 

calculated using the Coomes et al. (2002) allometry, and the highest 
using Chave et al. (2014) (Fig. 3). Both global biomass products over
estimate the amount of AGC in Karkloof forest (Fig. 3). The estimates 
given by the JPL product is more similar to the multi-site LiDAR models 
for Dargle and Umgano forest, while the NCEO Africa AGC product 
underestimates the carbon in both of those forests (Fig. 4). 

4. Discussion 

The accuracy of mapping aboveground carbon in Afrotemperate 
forests using a multi-site LiDAR model is approximately 24% (30 MgC. 
ha− 1; Table 2), falling within the range reported in other studies (Coops 
et al., 2021). Local LiDAR models exhibit greater variability in RMSE 
values with Dargle and Umgano having lower RMSEs than the standard 
deviation in AGC values, while Karkloof has the opposite result, indi
cating a higher margin of error in AGC predictions for Karkloof. The high 
spatial variability of topography and vegetation within Karkloof, the 
largest forest included in the study, leads to low R2 and relatively high 
RMSEs. In addition, the site has high intra-forest variability of tree 
structure and composition (pers. obs.), indicating different trajectories 
of regrowth post-logging. While the multi-site LiDAR model is more 
appropriate for mapping carbon across a large extent of Afrotemperate 
forests, the high structural variability across forest patches should be 
considered when interpreting the results. The LiDAR estimated AGC 
from the multi-site model remains comparable to the local model only 
for Karkloof forest. For Dargle and Umgano, the AGC is overestimated 
and underestimated respectively, indicating that variation in AGC per 
forest patch is lost when using large extent AGB maps. This issue is often 

Fig. 4. Maps of mean canopy height (m) and aboveground carbon (AGC; Mg C ha− 1) distribution for Dargle forest (a, b), Karkloof forest (c, d) and Umgano forest (e, 
f) in KwaZulu-Natal, South Africa. Canopy height maps are at a 1 m resolution, and AGC maps are at a 0.28 ha resolution. 

Fig. 5. Percent contribution of 0.28 ha grid cells to four aboveground carbon 
categories in three forests in KwaZulu-Natal, South Africa. 
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observed in other studies covering large extents (Araza et al., 2022; 
Réjou-Méchain et al., 2019). 

Karkloof had the lowest AGC, followed by Dargle and Umgano. 
Although logging in both Karkloof and Dargle forests is estimated to 
have ended around the 1890 s, Dargle exhibits higher AGC (Figs. 3, 4). 
The higher carbon in Dargle is not uniformly distributed throughout the 
forest, with taller trees, and thus higher AGC, in the north-west of the 
forest. The lower AGC towards the edges of the forest could be a result of 
the forest expanding over time due to fire suppression as the southern 
border of the forest is surrounded by commercial timber plantations 
where fires are excluded. Alternatively, the edges could be showing 
signs of degradation, but would need to be investigated using historical 
imagery to confirm this (Lawes and Eeley, 2000). Given the location of 
the timber plantations, and the forest being protected through a local 
conservancy, fire suppression and forest expansion is a more likely 
scenario (Adie et al., 2017; Geldenhuys, 1994). Karkloof forest has a 
uniform distribution of low AGC and shows levels of carbon more similar 
to a degraded forest (Adie et al., 2013). Umgano contained the highest 
amount of AGC, as expected from an old-growth forest dominated by 
long-lived podocarps (Adie et al., 2013), although the carbon estimated 
in this study is lower than the previous measurement by Adie et al. 
(2013) of 252.7 (193.4–339.6) MgC.ha− 1. The differences in AGC values 
are attributed to a variety of factors including the allometric used, the 
size and number of field plots, and the relationship between field 
measured AGC and LiDAR estimated AGC. 

Adie et al. (2013) used the Coomes et al. (2002) allometric, which 
results in the lowest AGC in this study (Table 2), to compare the AGC of 
five Afrotemperate forest patches in KwaZulu-Natal, South Africa. Adie 
et al. (2013) chose the Coomes et al. (2002) allometric because of the 
structural similarities between the Afrotemperate forests studied and the 
forest in New Zealand where the equation was developed (Beets, 1980). 
However, the allometric equations used in studies of AGB in African 
montane forests vary. Chave et al. (2005) developed their AGB allo
metric by compiling biomass data from 2410 trees across 27 tropical 
sites in the Americas, Asia, and Oceania, while Chave et al. (2014) 
updated this work and applied stricter requirements for data to be 
included. They refined the original dataset used by Chave et al. (2005) 
and included data from Latin America, the Afro-tropical realm including 
Madagascar, and Southeast Asia and Australia resulting in 4004 trees. 
Studies conducted prior to 2014 tend to use Chave et al. (2005), while 
those conducted after the paper by Chave et al. (2014) was published use 
the updated allometric equation (Cuni-Sanchez et al., 2021; Imani et al., 
2017; Moore et al., 2018; Nyirambangutse et al., 2017). While the 
updated equation accounts for more variety, Chave et al. (2014) shows 
that if the variation in diameter-height relationships are accounted for, 
the pantropical AGB allometries are robust across all sites, including 
those allometries developed by Chave et al. (2005) and Feldpausch et al. 
(2012). Although pantropical allometric equations are suitable for 
multiple locations, studies suggest locally-derived allometric equations 
should be used where available. Mensah et al. (Mensah et al., 2016) 
created a biomass allometric for the northern Mistbelt forests in Lim
popo province, South Africa. Despite various shortcomings of the Men
sah et al. (2016) equation, which include the small sample size (59 
trees), the non-destructive method (which was necessary as the forests 
were conserved), and the limited number of species (four) included, the 
equation was developed using robust methods and produces realistic 
results (Mensah et al., 2017, 2016) because of the inclusion of dbh, 
height and species-specific wood density. In this study, the results pro
duced using different allometric equations (Fig. 3) are not ecologically 
different from one another, and perform within an expected range of 
uncertainty in carbon estimates. I recommend using the Mensah et al. 
(2016) allometric for calculating AGC in South African Afrotemperate 
forests as the values are intermediate to the ones resulting from the 
Coomes et al. (2002) and Chave et al. (2014) equations, and the equa
tion was developed in a South African system. 

The patterns in AGC for each of the three forests using the local 

models are consistent regardless of the allometric used (Fig. 3); how
ever, the LiDAR estimated AGC is lower than the field estimated AGC 
(Fig. 3). This is because of the different sample sizes, where field 
measured AGC was sampled in 13 – 16 plots within the forests covering 
3.7 – 4.5 ha in total per forest, sampling from the interior of forests, and 
the LiDAR estimated AGC is for the entire forest patch (157 ha in 
Umgano to >2000 ha in Karkloof (Table 1)). Therefore, the LiDAR 
estimated AGC captures all the variation in AGC including the edge 
areas which typically have lower AGC (Fig. 4). Similarly, when using a 
globally or regionally derived AGB/AGC product such as the NCEO Af
rica Aboveground Woody Biomass product (Rodriguez-Veiga and 
Balzter, 2021), AGC values are grossly under-estimated for Umgano 
forest, and over-estimated for Karkloof (Fig. 3). Likewise, the AGC 
estimated using the JPL product overestimates carbon in Karkloof but 
estimates for Dargle and Umgano are more similar to those estimated 
using the multi-site LiDAR model (Fig. 3). The question that remains 
though, is what level of accuracy is necessary for measuring these car
bon values for reporting on sustainability? 

Ultimately there is no answer to this question, rather, when reporting 
carbon values, it is essential to be transparent about the methods used to 
derive the values, results should be comparable over time, and error 
estimates should be included (Araza et al., 2022; IPCC, 2006; Pulles, 
2017; UNFCCC Secretariat, n.d.). Design-based sampling error and the 
parameters used in allometric equations are the greatest sources of error 
in AGC values (Araza et al., 2022; McGlynn et al., 2022). Remote sensing 
of forest biomass can reduce the sample-based error by providing bio
mass/carbon estimates over greater extents (Herold et al., 2019; 
McGlynn et al., 2022). But what about Afrotemperate forests? The ma
jority of the Afrotemperate forests in South Africa are secondary forests 
(such as Dargle and Karkloof) but over 70% of them are not protected 
and are likely to be degraded due to the high density of surrounding 
human settlements who rely on NTFPs (Non-Timber Forest Products) 
and harvest from these forest patches. Therefore currently, global 
biomass products such as NCEO Africa AGB and the JPL AGC will 
overestimate their AGC contributions, as is the case with Karkloof forest 
(Fig. 3). The same is likely to be true for Afromontane and Afrotem
perate forests in the rest of the continent as they too are surrounded by 
rural settlements who rely on NTFPs. The NCEO Africa AGB product 
estimate of 126 MgC.ha− 1 is 36% greater than the conservative estimate 
of 81 MgC.ha− 1 as calculated using the multi-site LiDAR model for 
Karkloof (Table 2) which is greater than the current RMSE on the 
multi-site LiDAR model estimate. However, considering the contribution 
of Afrotemperate forest carbon across South Africa (~270 000 ha) to the 
global carbon commitments of South Africa in the NDC is only around 
1% (21.9 MgC.ha− 1 (LiDAR model) - 34.01 MgC.ha− 1 (NCEO model)), 
when it comes to reporting, this carbon is unlikely to make much of a 
difference. If we extrapolate these carbon values across all Afromontane 
forests on the content which span an estimated 71 500 000 ha (White, 
1983), the carbon sink would be 5791–9009 MgC.ha− 1. While these 
carbon sinks are unlikely to tip the scale, they are threatened by sub
sistence use and deforestation, and as such should be prioritized for 
monitoring. 

As more independent datasets consisting of field and LiDAR data are 
shared for calibration and validation of global biomass products, these 
products applicability to novel ecosystems will improve over time. 
Studies such as Chave et al. (2019), McRoberts et al. (2019), and 
Réjou-Méchain et al. (2019) have demonstrated the importance of these 
datasets. However, until more such data becomes available, it is advis
able to use locally derived remote sensing estimates of aboveground 
carbon. For Afrotemperate forests in South Africa, Mensah et al.’s 
(2016) allometry should be applied, while for other afromontane and 
Afrotemperate forests where a local allometry does not exist, I would 
advocate for the use of Mensah et al.’s (2016) or Chave ’s et al. (2014) 
allometrics, the latter because it is so widely used and thus values can be 
compared globally. The multi-site LiDAR model, which has lower error 
estimates than the Karkloof and Umgano local models, could be used for 
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forests where LiDAR data is available without concurrent field data, 
including indigenous forest patches adjoining plantations that are 
regularly surveyed. Nevertheless, the multi-site LiDAR model should be 
updated as more field data becomes available and should cover a wider 
range of conditions and AGC values, including degraded forest patches. 

5. Conclusion 

The best practice for measuring AGC of Afrotemperate forests is to 
use the locally derived allometric presented by Mensah et al. (2016). The 
other allometrics reviewed in this study can still be calculated as all 
three require dbh, height and species-specific wood density as inputs. 
Therefore, when conducting field work such as forest inventory or 
ground validation for remote sensing, it is imperative to collect these 
measurements and information (species). Mapping of these forests is still 
difficult as indicated by the low R2 for Karkloof and Umgano forests 
because of the structural heterogeneity in vegetation and the steep 
terrain. Even so, predictions can be improved by pooling datasets 
(multi-site model) and these predictions will only get better with the 
addition of more field validation sites, and greater LiDAR coverage. 
Estimates of mean canopy height from LiDAR data do present limitations 
in that the values do not account for the variability in the canopy. This 
variability can be accounted for by using smaller grid cells for calcula
tions; however, this will significantly increase the processing power 
needed. For the 2023 ‘Global Stocktake’ of AGC, I recommend using 
values from the JPL AGC product for Afromontane and Afrotemperate 
forests. For subsequent carbon reports, research and conservation 
groups should collaborate and contribute towards a national database 
for forest inventory. These data should then be shared with agencies 
creating global biomass/carbon products to improve calibration and 
validation of these forest systems. The cost of LiDAR data does make it 
prohibitive for operational use, but it should be used for calibration and 
validation of free remote sensing products such as Sentinel 1 and 2 
imagery which can then be used to map AGC in Afromontane and 
Afrotemperate forests across their entire extent. 
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Duque, Á., Balaji, A., Von Hildebrand, P., Maatoug, L., Phillips Bernal, J.F., Yepes 
Quintero, A.P., Knapp, D.E., García Dávila, M.C., Jacobson, J., Ordóñez, M.F., 2012. 
High-resolution mapping of forest carbon stocks in the Colombian Amazon. 
Biogeosciences 9, 2683–2696. https://doi.org/10.5194/bg-9-2683-2012. 

Banda, S.P., Adams, J.B., Rajkaran, A., Johnson, J.L., Raw, J.L., 2021. Chapter 18 - Blue 
carbon storage comparing mangroves with saltmarsh and seagrass habitats at a 
warm temperate continental limit, in: Sidik, F., Friess, D.A. (Eds.), Dynamic 
Sedimentary Environments of Mangrove Coasts. Elsevier, pp. 447–471. https://doi. 
org/10.1016/B978–0-12–816437-2.00008–2. 
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Sonké, B., Texier, N., Thomas, D., Zebaze, D., Couteron, P., Berger, U., Pélissier, R., 
2016. Closing a gap in tropical forest biomass estimation: taking crown mass 
variation into account in pantropical allometries. Biogeosciences 13, 1571–1585. 
https://doi.org/10.5194/bg-13-1571-2016. 

Pulles, T., 2017. Did the UNFCCC review process improve the national GHG inventory 
submissions? Carbon Manag. 8, 19–31. https://doi.org/10.1080/ 
17583004.2016.1271256. 
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