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Abstract

Accurate assessments of aboveground biomass (AGB) stocks and their changes in extensive
Miombo forests are challenging due to the lack of site-specific allometric equations (AEs).
Terrestrial Laser Scanning (TLS) is a non-destructive method that enables the calibration
of AEs and has recently been validated by the IPCC guidelines for carbon accounting
within the REDD+ framework. TLS surveys were carried out in five non-contiguous 1-ha
plots in two study sites in the wet Miombo forest of Katanga, in the Democratic Republic
Congo. Local wood densities (WD) were determined from wood cores taken from 619 trees
on the sites. After a careful checking of Quantitative Structure Models (QSMs) output,
the individual volumes of 213 trees derived from TLS data processing were converted to
AGB using WD. Four AEs were calibrated using different predictors, and all presented
strong performance metrics (e.g., R2 ranging from 90 to 93%), low relative bias and relative
individual mean error (11.73 to 16.34%). Multivariate analyses performed on plot floristic
and structural data showed a strong contrast in terms of composition and structure between
sites and between plots within sites. Even though the whole variability of the biome has
not been sampled, we were thus able to confirm the transposability of results within
the wet Miombo forests through two cross-validation approaches. The AGB predictions
obtained with our best AE were also compared with AEs found in the literature. Overall,
an underestimation of tree AGB varying from −35.04 to −19.97% was observed when AEs
from the literature were used for predicting AGB in the Miombo of Katanga.

Keywords: aboveground biomass; terrestrial LiDAR; allometric equation; Miombo; Haut-
Katanga; REDD+ process
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1. Introduction
Quantifying the role of tropical forests in the global carbon cycle and climate requires

more and better ground-estimates of carbon density across the biome [1,2]. In addition,
improved estimates will allow developing countries such as the Democratic Republic of
the Congo (DRC) to achieve higher bids in international carbon trading schemes, such
as the Reducing emissions from deforestation and forest degradation (REDD+) initiative.
As most forest carbon is in the above ground biomass (AGB) of trees, attention was paid
to the development of allometry equations, which are statistical models linking routine
forest inventory measurements (diameter at breast height—DBH, total Height—H, and
species mean wood density) to tree biomass. Traditionally, these models were calibrated
using destructively sampled trees. Sampling limitation, such as the difficulty to weigh
large trees or to cover all geographical and biological extant variability, is known to lead
to locally important bias in estimations [3]. The AGB of the largest trees are indeed
generally underestimated (by as much as 50%) even though these trees concentrate most of
the carbon stock of a forest. When estimating carbon in a specific forest type, such as the
Miombo forests of DRC, the current options are either to find published allometry equations
calibrated in a similar vegetation type or to use pantropical or continental equations. In
the first case, models are usually built on small datasets comprising mostly small-sized
trees from a single site and rarely consider tree height. In the other case, datasets used for
calibration are bigger, but the vegetation type of interest or the region of interest may not
have been included.

These issues led to the adoption of a new technology in the last update of the IPCC
guidelines [4], namely Terrestrial Laser scanning (TLS), which allows collecting non-
destructive three-dimensional data describing tree and stand structure with remarkable
accuracy and detail [5–11]. Tree structure analysis from TLS data has now reached a level of
maturity allowing operational use, with fast and efficient data acquisition and processing
chains being released [12–18]. Thus, routines for tree segmentation in plots, wood/leaves
separation, the estimation of crown dimensions and tree volumes (by Quantitative Struc-
tural Models—QSMs) and indirectly AGB (through volume conversion by specific wood
density) at tree and stand scales are now well documented [19–25]. However, manual super-
vision and correction remains necessary [24,26,27], which still prevents the generalization
of the method to routine forest inventory. TLS also presents limitations, such as occlusion
in dense forest and sensitivity to scan positioning [23,28]. However, for allometry model
calibration, the compromise in terms of efficiency and precision is ideal, and the approach
will allow a much better sampling of large trees and varied biotic and abiotic conditions.

Miombo woodland, with approximately 2.7 million of km2, represents the most exten-
sive tropical seasonal and dry forest which covers substantial portions of Angola, Namibia,
Burundi, Democratic Republic of the Congo, Botswana, Malawi, Mozambique, Tanzania,
Zambia, Zimbabwe, and South Africa [29]. Based on a mean annual precipitation, two
types of Miombo have been defined: wet Miombo with precipitation > 1000 mm and dry
with precipitation between 700 and 1000 mm [30,31]. The dominance of tree species in
the Fabaceae subfamily Detarioideae, particularly trees in the Brachystegia, Julbernardia
and Isoberlinia genera constitute the main floristic difference between Miombo forest and
other ecosystems such as savannah, woodland, and forest [32]. The undergrowth of the
miombo forest is dominated by Poaceae family. But as the canopy evolves, the intensity of
light reaching the ground diminishes and the Poaceae are replaced by other, more shade-
tolerant herbaceous species, including lianas, which widely found on diverse and poor
soil types [33,34]. Miombo forests are one of the world’s hotspots of biodiversity as they
contain a considerable plant diversity with about 8500 species of higher plants of which
54% are endemic [32,35]. In Katanga, the South-east of DRC, forest landscape is mainly
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characterized by Miombo and appears as a large forest matrix with relics of dry dense
forest, gallery forest and termite mound vegetation. Considering its great importance
particularly for providing ecosystem services, it is essential for the REDD+ process to
be used to accurately quantify carbon stock (loss or store) in this forest in relation to the
magnitude of diverse anthropogenic pressures that it faces.

Here, we evaluate the effectiveness of terrestrial LiDAR data to build a non-destructive
biometric database required to calibrate local AGB allometries specific to the Miombo
forest in DRC. More specifically, we aim to (i) propose and validate allometric equations;
and (ii) compare predictions derived from our local allometries with those derived from
equations commonly used at the stand-level for carbon estimation.

2. Materials and Methods
2.1. Study Sites and Data Collection
2.1.1. Study Sites

Data were collected in Mikembo Wildlife Reserve and Upemba National Park (UNP),
both located in the Katanga region of DRC (Figure 1). These sites are characterised by a
tropical climate with two distinct seasons of equal length [33,34].

Figure 1. Location of the study sites in R.D. Congo at Mikembo Wildlife Reserve and Upemba
national Park.

UNP was created in 1939 in the heart of the Katanga province on an area of nearly
1,200,000 hectares. The initiative to create this protected area lies in the protection and
conservation of a subspecies of zebra (Equus burchelii bohomi) endemic to the region [36].
Located in the Kamalondo depression, UNP hosts a matrix of grasslands, open forests,
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and gallery forests. In particular, the site is characterized by the presence of hills and
high plateaus covered by open forests, where species of Monotes (Dipterocarpaceae) and
Uapaca (Phillanthaceae) genus dominate. Approximately 10 km south of these plateaus, a
plain shelters Miombo vegetation, characterized by a variety of species of Brachystegia and
Isoberlinia (Detarioideae) genus. The soil on the plain is relatively deep and the litter layer
thicker than in the open Monotes-Uapaca forests found on the plateaus and hills. During dry
months, temperatures in the park range from 20 to 22 ◦C in the daytime and drop to 8 ◦C
by night and average annual rainfall varies between 1200 to 1500 mm.

Mikembo reserve, located 1200 m a.s.l (at ca. 30–40 km northeast of Lubumbashi
city), is an 800-ha private protected area where 442-ha of natural vegetation have been
protected for at least fifteen years. The mean annual temperature and rainfall is 20.3 ◦C and
1240 mm, respectively. The dominant vegetation is typical wet Miombo woodland (char-
acterized by species of genus Brachystegia spp., Julbernardia spp. and Marquesia macroura)
with a sparse herbaceous stratum generally affected by high drainage during rainy sea-
son. This landscape has a flat topography with termite mounds up to 8 m high and the
geological substrate of this area is characterized by dolomitic shales and siltstones from the
Neoproterozoic, Nguba and Roan group [37]. For more details, we recommend reading
also [38].

2.1.2. Data Collection
Forest Inventory Data

We set up two and three square 1 ha forest sample plots in Mikembo and UNP,
respectively. Within each site, the choice of plots location was based on expert knowledge
and aimed at sampling contrasted forest stands in terms of species composition and
structure. Plot census protocol followed classical scientific forest inventory practices [39]
and the Seosaw protocol [40]. Within each plot, the diameter at breast height (DBH) and
taxonomic identification of all trees with DBH ≥ 10 cm were recorded. During the process
of the establishment, plots were subdivided into 20 × 20 m quadrats and the relative
coordinates of each censused tree within quadrats were recorded using a measuring tape
and Suunto compass.

Terrestrial Laser Scanning Data

After plots census, each plot was scanned using a Leica C10 (https://cpec.leica-
geosystems.com/fr/producto/leica-scanstation-c10/, accessed on 28 June 2025) terrestrial
laser scanner following a systematic sampling design with one scan performed on each node
of a regular grid of 20 m resolution (i.e., one scan on each quadrat corner). This resulted in
a total of 36 scans per plot. The scanning resolution was set to “high”, corresponding to
a point spacing of 5 cm at 100 m. The scanning protocol is described in detail in [27] and
requires only two targets between scans (aka “backsight procedure”, [41]) to perform scans
co-registration.

Wood Density Data

In addition to inventory and LiDAR data, we collected wood samples from a subset
of trees within plots. For selected trees, wood samples were extracted from bark and pith
slightly below the DBH measurement point, using a wood auger. After extraction, samples
were directly stored in individual plastic straws and their fresh volume was recorded the
same day using the volume displacement method [42–44]. After each field campaign,
wood samples were brought to the laboratory. Dry mass was measured with a Kern and
Sohn electronic scale with a capacity of 500 g and an accuracy of 0.001 g of all the samples
after drying to constant weight (generally obtained after 60 to 72 h, depending on the tree
species). Thus, the species Wood Density (WD) was computed as the ratio of dry weight

https://cpec.leica-geosystems.com/fr/producto/leica-scanstation-c10/
https://cpec.leica-geosystems.com/fr/producto/leica-scanstation-c10/
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over fresh volume. In total, we sampled 36 trees in Mikembo and 158 trees in UNP. Beside
these data, we collected 425 additional WD estimates from Miombo forests species nearby
Lubumbashi that were measured in the frame of previous projects [45]. Therefore, the total
set of local WD estimates spans of 619 trees spread to over 81 species.

2.2. Methods
2.2.1. Terrestrial Laser Scanning Data Processing

For each forest sample plot, all TLS scans were co-registered using the automatic
co-registration procedure implemented in Leica proprietary Cyclone software (v.9.2) based
on forward and backward targets and point-based optimization. The full point cloud was
then exported and underwent three main processing steps: (i) extraction of individual
trees from the stand, (ii) for each tree, segmentation to separate leaf from wood points and
(iii) from the cloud of wood points, reconstruction of the tree using quantitative structure
modelling. The three processing steps mix automatic approaches using different algorithms
and software (to obtain an initial result) and manual refinement of those initial results. The
entire processing chain is described in [27] to which we refer the reader for details, and
only provide a brief summary of each step hereafter:

- An R code developed by Martin-ducup [27] was modified and used to automatically
extract individual trees. For each tree, the code builds a cylindrical bounding box
centered on that tree (using tree relative coordinates from forest inventory data) and
sized so as to englobe the entire tree (using tree DBH from forest inventory data as
well as height and crown diameter allometry models, [46]. The bounding box was
then used to subset the stand points cloud and export points within the bounding
box as a separate CSV file. The file was then imported into the 3Dforest software
(Version 052) [16] for automatic ground removal, and into the CloudCompare software
(Version V2.12) (Figure 2(C1–C3)) for a careful supervised refinement of the result i.e.,
the manual removal of points that do not belong to the focal tree.

- An automatic wood/leaf segmentation was then performed on each focal tree using
the algorithm developed by [17] in MATLAB iDSM (R2018a version). Subsequently, a
manual correction of misclassified points (i.e., wood classified as leaf or vis versa) was
performed in CloudCompare (Figure 2D).

- Last, the TreeQSM algorithm (V.2.3.3, [15] was used on the focal tree wood points
cloud to generate a quantitative structure model (QSM). The automatic QSM was then
manually refined in AMAPStudio-Scan (Figure 2(E1,E2)), see also [22].

In this study, we extracted and processed 106 trees at the Mikembo site and 107 trees
at the UNP site following the same guidelines for tree selection as for the collection of
wood samples (i.e., preferentially targeting trees from abundant species and that spanned
the entire DBH gradient found within plots). Following the processing of those trees, we
measured their respective height (H) from the points cloud in 3Dforest.

2.2.2. Computation of Reference Aboveground Biomass Estimates

For each tree, the tree QSM was used to derive total tree volume by summing the
volume of all QSM cylinders. Reference tree aboveground biomass estimates (AGBTLS)
were then computed by multiplying tree total volume by (i) the individual WD estimate
when the tree was sampled in the field or (ii) the species average WD estimate from our
local WD database when the tree was not sampled in the field. It is noteworthy that some
tree species show marked within-tree variation of WD, notably along a vertical gradient
(from the stump to the branch tips). Basal WD estimates—such as the ones we used—
may therefore not be representative of the whole tree WD, thereby propagating errors on
biomass estimates from TLS data. This issue has been studied on dense forests by [47]
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whom proposed a model based on basal WD and tree diameter to predict whole tree WD
estimates. This model builds upon species ontogenetic and functional strategies which
may differ between dense/wet forests and drier Miombo forests (see for instance [48,49].
For this reason, the correction model proposed in [47] was not implemented for the results
presented in the main text of this study, but alternative sets of results that integrate this
correction on WD—and hence AGBTLS—can be found in Supplementary Materials.

 

Figure 2. TLS processing workflow. (A) One hectare Canopy Height Model (CHM) derived from
scans co-registration. (B1,B2) Top and side views of target tree inside the cylindrical points cloud.
(C1–C3) Different steps for tree extraction. (D) Leaf and wood segmentation. (E1,E2) Automated and
manual editing QSMs.

2.2.3. Statistical Analyses
Flora Analysis

First, we analyze the flora composition from UNP and Mikembo in terms of species
abundance, richness and frequency. We hypothesize that plots were distributed among a
contrasted floristic assemblage. To illustrate this heterogeneity, we have used ade4 and
vegan (Version 2.7-1 for vegan and Vesion 1.7-18 for ade4) packages to perform a Non-
Symmetric Correspondence Analysis (NSCA) on the contingency table [50,51] of floristic
data to obtain a synthetic description of the floristic variation. To fully capture the variation
in the sampled stands, we introduce three additional variables: wood density (WD, g cm−3),
mean diameter (Dg) and mean basal area (G, m2 h−1).

AGB Model Calibration

First, we selected a subset of 213 tree species as described in Section 2.2.1. For the
sake of precision, we set up six DBH classes of 10 cm width, on which we performed
the Chi2 test of adequacy of distributions (with K−1 degree of freedom) to check whether
the subset had the same distribution as the original data. The results show that there is
no significant difference in the distribution of trees in diameter classes between the two
datasets (X-squared = 0.09762, df = 5, p-value = 0.9998 ns) assuming that the subset is
representative of the original dataset.

We built four linear AGB allometric models on log-transformed data that are specified
as follows:

(m1) : log(AGBTLS) ∼ a + b × log(DBH) + ε (1)

(m2) : log(AGBTLS) ∼ a + b × log
(

DBH2 × H
)
+ ε (2)

(m3) : log(AGBTLS) ∼ a + b × log
(

DBH2 × H × WDi

)
+ ε (3)
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(m4) : log(AGBTLS) ∼ a + b × log(DBH) + c × log(H) + d × log(WDi) + ε (4)

with AGBTLS (in Kg) the reference tree aboveground biomass, DBH (in cm) the diameter at
breast height, H (in m) the total tree height, WDi (in g cm−3) the tree wood density and ε

the error term, which is assumed to follow a normal distribution N~(0, RSE2), where RSE is
the Residual Standard Error of the model.

The model (m1) exclusively takes DBH as a predictor of AGB because it usually
explains about half of AGB variation in tropical forests [52]. In addition to DBH, the
second model (m2) integrates tree height and should thus provide a better approximation
of tree volume [26,49,51]. Even more so that H-DBH relationships are known to be spatially
structured [53,54] and thus to vary systematically between forest plots and sites [53]. This
can result in stand level bias if the two variables are not accounted for. The third model
(m3) combines DBH, H and WDi in a compound variable as in the widely-used pantropical
AGB model [55], and should thus account for variation in WD among trees of similar
volume. The last model (m4) includes three predictors of m3 but in separate terms and
should provide a better fit than m3 at the cost of model generality. We assessed model fit
using classical statistics: the coefficient of determination (R2), the Residual Standard Error
(RSE), the Akaike Information Criterium (AIC) and Bayesian Information Criteria (BIC).
We also quantified model uncertainty on back-transform predictions (AGBpred) using the
relative individual mean error (S, in %, Equation (5)) and the mean relative bias (B, in %,
Equation (6)):

S =
1
n
× ∑n

i=1


(

AGBpred,i − AGBTLS,i

)
AGBTLS,i

× 100 (5)

B =


(

ÂGBpred − ÂGBTLS

ÂGBTLS

× 100 (6)

with i denoting individual trees. Due to the bias induced when back-transforming pre-
dictions from logarithmic to natural units (Kg), back-transformed AGB predictions were

corrected using the Correction Factor (CF), CF = e
RSE2

2 [55].

Model Cross-Validation

To assess model predictive performance, we first performed a 10-fold cross-validation
(CV). This CV procedure consists of randomly splitting the tree dataset in 10 groups of
equal size, then iteratively using nine folds for model calibration and the remaining fold for
model testing. To further test models’ predictive performance outside sampled areas, we
also used a leave-one-site-out model CV, which consisted in training models on data from
one site and predicting tree AGB on data from the left-out site. For each CV procedure,
we used back-transformed AGB predictions to compute a pseudo-R2 (i.e., the squared
correlation between AGBpred and AGBTLS) as well as the S and B statistics described above
(Equations (5) and (6)).

Comparison of Local and Literature-Based Model Predictions

Tree AGB predictions derived from the best local model were compared to those of
AGB models from the literature, notably (i) the pantropical model of Chave et al. [55], (ii) the
regional model of Fayolle et al. [56] as well as (iii) models built on trees of Miombo forests,
namely by Chidumayo [57] and Mugasha et al. [58,59] which were applied in Zambia and
Tanzania, respectively. Comparison with existing models is a good way of validating and
better understanding the variation of AGB across the region by using different models [60].
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All data analyses were performed on the R (Version 2.1.8. for BIOMASS; Version
2.5 pour Factoshiny; Agricolae 1.3.5) statistical platform [61] using mainly the following
packages: BIOMASS [62], Factoshiny [63], Agricolae [64] and Vegan [65].

3. Results
3.1. Floristic Structure

Among the 1667 trees censused on the five forest plots, we identified 61 species,
39 genera and 20 families (while 2 trees remained unidentified). The five most represented
families on both sites are Fabaceae (57.47%), Dipterocarpaceae (14.70%), Apocynaceae
(8.98%), Phyllanthaceae (8.34%) and Myrtaceae (2.88%). In terms of genera, Brachystegia
(34.49%), Monotes (7.50%), Marquesia (7.20%), Diplorhynchus (7.08%) and Uapaca (7.02%)
are the five most represented groups. Approximately half of the species (n = 30) were
encountered at both sampling sites.

The first two NSCA axes explained 54.41% of the total variance in the data. The first
axis opposed quadrats characterized by the abundance of Brachystegia utilis (from two 1-ha
plots at the Upemba site, Figure 3A) compared to the other quadrats. The second axis
opposed quadrats from the third Upemba plot on its positive side, which was dominated by
the species Uapaca robynsii and Monotes africanus—compared to quadrats from the Mikembo
site, which were on its negative side and were characterized by the abundance of the species
Marquesia macroura and Diplorhynchus condylocarpon.

Figure 3. (A) Two first axes of the NSCA analysis on 20 × 20 m quadrats’ floristic data. Species
standing out in the NSCA ordination are labelled. Supplementary variables (i.e., Dg, G and WD)
are represented with black and grey (not significant) arrows. Forest quadrats from the Upemba
and Mikembo sites are represented in blue and maroon colors, respectively. Note that rare species
(corresponding to 2.5% of the floristic dataset) were discarded from the data table prior to performing
the NSCA, following Pélissier [66]. (B) Height-diameter relationships calibrated for each plot on the
subset of scanned trees selected for allometry model building. (C) Description (dendrometric curves)
of inventory and TLS data from Mikembo (maroon) and Upemba (blue).
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Floristic assemblages influenced the average wood density found at quadrat level
(WD), which positively correlated with the first NSCA axis (Figure 3A) and indicated a
higher average wood density for Upemba‘s quadrats dominated by Brachystegia utilis—
which had a relatively high species-level wood density (c. 0.83 g·cm−3). From the structural
standpoint, Mikembo’s plots had a larger basal area on average (i.e., 22.75 m2·ha−1) than
UNP’s plots (11.18 m2·ha−1) due to the presence of larger trees (Figure 3C), notably at Mik2
(G: 30.1 m2·ha−1). This between-site difference was reflected in the size-distribution of
trees selected for allometry model building (Figure 3C, dashed lines). Lastly, canopy height
and H: DBH allometry were homogeneous across plots at the exception of UP3, where trees
reached much lower heights for similar DBHs (Figure 3B).

3.2. Calibrating and Validating Allometry Models

Using the set of 213 scanned trees to calibrate AGB allometry models, we found that
each model’s functional form performed relatively well (R2 > 0.9, Table 1). As expected, the
successive addition of key additional AGB predictors (from m1 to m3) gradually improved
model fit by increasing the share of variance explained (R2) and decreasing tree-level mean
percent error (S) and model’s AIC (Table 1). Further, splitting the compound predictor
variable of m3 into three separate predictors in m4 led to an additional improvement in fit
statistics (AIC of 154.63 vs. 137.15 for m3 and m4, respectively).

Table 1. Statistics of AGB models calibration fit. Models’ predictors include the diameter at breast
height (DBH in cm), the mean specific wood density (WDi in g·cm−3), the total tree height (H in m),
and tree aboveground biomass (AGB), in kg. Provided statistics include the share variance explained
(R2), the residual standard error (RSE), the AIC, the BIC, the relative individual mean error (S, in %)
and the mean relative bias (B, in M·g). Model coefficient estimates (a, b, c and d) are provided along
with standard error (SE).

Model
Performance Criteria Coefficient Estimates (±SE)

R2 RSE AIC BIC S B a b c d

(m1) log (AGB) ~ a + b ×
log (DBH) 0.91 0.37 193.90 203.99 16.34 2.78 −2.6230

(±0.1792)
2.6338

(±0.0584) - -

(m2) log (AGB) ~ a + b ×
log (DBH2 × H) 0.90 0.38 198.19 208.28 15.67 −0.27 −2.9297

(±0.1881)
0.9920

(±0.0222) - -

(m3) log (AGB) ~ a + b ×
log (DBH2 × H × WDi) 0.92 0.34 154.62 164.70 12.65 −0.71 −2.4368

(±0.1585)
0.9790

(±0.0196) - -

(m4) log (AGB) ~ a + b ×
log (DBH) + c × log (H) +

d × log (WDi)
0.93 0.32 137.15 153.96 11.73 0.53 −2.2499

(±0.1974)
1.0871

(±0.0378)
0.6485

(±0.0853)
1.2101

(±0.2124)

To assess the generality of AGB models, we performed a random 10-fold and a leave-
one-site-out model CVs. CV statistics show that models m1 and m4 tend to explain slightly
more variation in tree AGB than m2 and m3, but with relatively similar or higher levels of
tree- and plot-level biases (Table 2). In the case of the 10-fold random CV for example, R2

values for m1 and m4 was 0.91 against 0.88 for m2 and 0.90 for m3, but their plot-level bias
(B) was close to 3 M·g. against B < 1 M·g. for both m2 and m3. This pattern is explained by
the better predictive performance of m2 and m3 on small and medium sized trees—which
dominates the dataset and disproportionally affect bias metrics—while m1 and m4 slightly
outperform m2 and m3 on the few large trees. Further, the leave-one-site-out CV confirmed
the higher generality of m3’s functional form which better transposed to new sites, with
lower tree- and plot-level prediction biases than any other models (i.e., S = 12.86% and
B = 0.22 M·g, Table 2).
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Table 2. Statistics of AGB models predictive performance from random and leave-one-site-out model
CV. Models’ predictors include the diameter at breast height (DBH in cm), the mean specific wood
density (WDi in g cm−3) and the total tree height (H in m), and the tree aboveground biomass (AGB)
in kg. Provided statistics include the share variance explained (R2), the relative individual mean error
(S, in %) and the mean relative bias (B, in M·g).

Models
10-Fold CV Spatial CV

R2 S B R2 S B

(m1) AGB_kg = 0.0718 × DBH2.6338 0.91 16.41 2.92 0.91 19.45 3.52
(m2) AGB_kg = 0.0534 × (DBH2 × H)0.992 0.87 15.75 −0.21 0.87 16.11 2

(m3) AGB_kg = 0.0927 × (D2 ×
H × WDi)0.979 0.90 12.72 −0.64 0.90 12.86 0.22

(m4) AGB_kg = 0.1054× DBH1.0871 ×
H0.6485 × WDi1.210 0.91 14.70 3.22 0.90 17.13 3.68

3.3. Comparing Local Allometry Equations with State of Art

Aboveground biomass predictions derived from the m3 AGB model were compared
with predictions from the pantropical model (denoted as Chave et al. (2014) [55] in Figure 4),
a regional model (denoted as Fayolle et al. 2018) [42] as well as two local models developed
on Miombo’s forests in neighboring countries (denoted as Chidumayo (2013) [57] and Mu-
gasha et al. (2013)) [59]. Overall, this comparison shows that AGB models from literature
tend to underestimate tree AGB in the wet Miombo forests of DRC, which is particularly
evident for trees larger than 1000 kg (Figure 4A), while predictions from the model m3 de-
veloped in this study are closer to a 1:1 line. Across all trees, the underestimation observed
by AGB models from the literature lead to a substantial negative bias of c. 29.58–35.04%
for the pantropical and regional model, and of c. 19.97–21.47% for models developed on
Miombo forests (Figure 4B).

Figure 4. Comparison of AGB predictions from our study (model m3) to those of models from
literature. (A) Models predictions against reference AGB values (i.e., AGBTLS). (B) Model bias
statistics (B, in %) in comparison to [55–59].

4. Discussion
4.1. Floristic Communities

The survey carried out on the two sites showed that the flora is mainly dominated
by Detarioideae species. The predominance of this family reveals that the two sites are
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mainly home to miombo type vegetation [32,67]. The projection of the flora in an NSCA
analysis showed the distinction of three distinct plant communities. The community with
Brachystegia and Isoberlinia is classified as being in the Mesobrachytegion phytosociological
alliance. The latter is a type of vegetation growing on generally deep colluvial soils on the
hillside [68]. The second is that of the Marquesia and the Julbernardia, which he classifies as
being in the Berlinio-Marquesion, a type of vegetation found on flat ground, and which are
relics of dense dry forests. While a third community is that of Uapaca and Monotes which
the same author classifies in the Xerobrachystegion. It is a type of vegetation developing on
rocky, xeric substrates, with a superficial horizon very poor in clay and organic matter than
the previous ones [68,69]. These types of vegetation have also been encountered elsewhere,
such as in Zambia [57], Tanzania [70]. These results show that the vegetation used to
establish this allometry equation is both varied and representative of forest ecosystems
evolving in the landscape of the Miombo ecoregion in Haut-Katanga. Additionally, the high
abundance of D. condylocarpon which is an heliophilous undergrowth species [71], tolerant
to bush fire [72] confirms that the Mikembo forest is more degraded than the Upemba
forest and can therefore be considered as representative of a forest that is recovering after a
degradation process.

4.2. Allometric Models

We calibrated a set of allometry models using a relatively large dataset (213 trees, i.e.,
more than all previous studies in the region [55–59,73] and covering a representative DBH
(10 to 61.4 cm) and wood density range.

The protocol used for terrestrial LiDAR scanning data acquisition and processing
follows currently established standards with the addition of careful manual check. This
last step can make substantial difference as previously shown [22,27]. During calibration of
allometry equations (AEs), DBH measured from our floristic survey were used instead of
those derived from TLS to avoid possible cross-modality error in DBH estimation [22,74], as
the developed models are targeted to an operational use within traditional forest invento-
ries, and in particular the DRC National Forest Inventory. Also, Tree height (H) was derived
from the TLS point clouds by identifying the highest point associated with each segmented
tree. TLS generally improves accuracy compared to manual or LiDAR aerial approaches;
some uncertainty remains due to factors such as occlusion, scan angle or canopy density,
and crown complexity. Recent studies in tropical forests have quantified the accuracy of
TLS-derived height estimates, reporting root mean square errors (RMSEs) typically ranging
between 0.5 and 1.5 m, depending on forest structure and scanning configuration [25].
During our field work, all scans were performed in high resolution which means that
0.05 m between points at 100 m [22].

Cross-validation showed the AE models calibrated in this study—and particularly the
m3 model—were transposable across sites within wet Miombo, despite strong difference
in forest composition and structure. Surprisingly, the simplest model accounting only for
DBH worked nearly as well as model m4 which also accounted for tree height and wood
density. It is worth noting however that the cross-validation was performed at the site
level, whereas H-DBH (and WD) have been shown (including in this study) to present their
largest variability locally between plots rather than across sites. This is notably because
H-DBH relationships are largely modulated by the competition for light (e.g., through stand
basal area) [54]. The Miombo being open, this modulation might arguably be less intense
than in denser forested ecosystems, but this would deserve more in-depth study before
concluding that local H-DBH relationship can be disregarded for the estimation of AGB in
Miombo forest. Regarding wood density, it is of course impacted by the local history of
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perturbation and succession, but it has been shown to be a less important descriptor even
in dense forest ecosystems, in terms of explained inter-site variance in AGB [75,76]

4.3. Comparison with Models from State of Art

Published allometry models seem to underestimate AGB from our Miombo trees with
an overall bias ranging from c. −35% to c. −20%. This underestimation is more important
for equations calibrated in other forest types [54] different from the Miombo [57,59]. In
particular, despite its remarkable calibration dataset (845 tropical trees, 55 species covering
a wide range in diameter up to 200 cm), the regional model of [42] yielded the largest
bias, which we attribute to the fact that all six forest strata sampled in this study were
not structurally and floristically close to Miombo. This contrast with the pantropical AGB
model [55]—which included data from two Miombo forest sites in its calibration set and
yielded the second largest bias. However, these data only represented 142 trees over a
total sample of more than 4000 trees. Our results are in line with previous studies showing
that large systematic deviations in model predictions may occur when AGB models are
applied on forest strata that differ from that on which they were calibrate. For example, [42]
reported a bias of nearly 80% in AGB when applying a model developed on a tropical moist
forest to a wet Miombo forest. Such biases have also been explored in other studies [56].
Finally, allometry equations adjusted in Miombo from neighboring countries produced a
more moderate—but still noteworthy—bias. The AE from [57] yielded the closest AGB
predictions to our reference trees. Interestingly, the tree dataset used in the latter study
shares the same dominant flora composition (Brachystegia boehmii, B. manga, B. spiciformis,
Julbernardia globiflora, Isoberlinia angolensis and Uapaca spp.) as [59]. The Chidumayo model
yields the closest predictions to ours, as the site is also in the Wet Miombo type and
shares the same dominant Flora. The Mugasha model presents larger differences, being
calibrated in dry Miombo forest. These results show that injecting miombo species into
the model tends to bring biomass estimators closer together. Finally, we noticed that the
Fayolle’s model, which does not include any miombo species, induces a greater bias than
the others. As we move closer to our study area, the bias decreases. Bias can therefore
vary geographically, but also according to the biome or vegetation type considered in the
development of regional pantropical models. These findings highlight the importance of
locally calibrated models for accurate biomass estimation in Miombo ecosystems.

5. Conclusions
This study fills an important gap by developing specific allometric equations for

estimating aboveground biomass (AGB) in the Miombo forests of the Democratic Republic
of Congo (DRC). To minimize errors in the results obtained, we used a combination of
methodological tools to evaluate AGB and allometry equations in a non-destructive and
robust way. Our analysis demonstrates that TLS measurements can be efficiently converted
into AGB (with quantitative structure models and wood density) and help to rapidly
construct an allometry equation for Miombo.

We found that the use of regional or pantropical allometry equations produces a
significant bias in the prediction of Miombo biomass in Upper Katanga that we attribute
to the limited representativeness of this forest type in global tree biomass databases. This
may also be true for the other forest biomes of the Miombo ecoregion. It would therefore
be necessary to produce specific equations for each biome to avoid large systematic error in
biomass predictions, which would be detrimental to the scaling up necessary for monitoring
ecosystem dynamics within the MRV framework—Monitoring, Reporting and Verification—
to support the REDD+ process and achieve sustainable development goals.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/environments12080260/s1, Table S1: Statistics of variables include
tree DBH (in cm), the mean specific wood density (WDi in g·cm−3) and the total tree height (H in m).
Provided statistics include the share variance explained (R2), the residual standard error (RSE), the
AIC, the BIC, the relative individual mean error (S) and the mean relative bias (B. Model coefficient
estimates (a, b, c and d) are provided along with standard error (SE); Figure S1: Comparison of
AGB predictions from our study (model m3) with wood density correction to those of models from
literature. (A) Models predictions against reference AGB values (i.e., AGBTLS). (B) Model bias
statistics (B, in %).
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