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ABSTRACT: Remotely sensed maps of forest carbon stocks have enormous potential for sup- 13 

porting greenhouse gas (GHG) inventory and monitoring in tropical countries.  However, most 14 

countries have not used maps as the reference data for GHG inventory due to the lack of confidence 15 

in the accuracy of maps and of data to perform local validation. Here, we use the first national forest 16 

inventory (NFI) data of the Democratic Republic of Congo (DRC), to perform an independent as- 17 

sessment of the country’s latest high-resolution LiDAR-based carbon stocks map. We compared 18 

plot-to-plot variations and areal estimates of forest aboveground biomass (AGB) derived from NFI 19 

data and from the map across jurisdictional and ecological domains. Across all plots, map predic- 20 

tions were nearly unbiased and captured c. 60% of the variation in NFI plots AGB. Map performance 21 

was not uniform along the AGB gradient, and saturated around c. 290 Mg.ha-1, increasingly under- 22 

estimating forest AGB above this threshold. Splitting NFI plots by land cover types, we found map 23 

predictions unbiased in the dominant terra firme Humid forest class, but weakly captured plot-to- 24 

plot variations (R² of c. 0.33, or c. 0.20 after excluding perturbed plots). In contrast, map predictions 25 

underestimated AGB by c. 33% in the low-AGB Woodland savanna class, but captured a much 26 

greater share of plot-to-plot AGB variation (R² of c. 0.41, or 0.58 after excluding perturbed plots). 27 

Areal estimates from the map and NFI data depicted a similar trend with a slightly lower (but sta- 28 

tistically indiscernible) mean AGB from the map across the entire study area (i.e., 252.7 vs 280.6 29 

Mg.ha-1) owing to the underestimation of mean AGB in the Woodland savanna domain (31.8 vs 57.3 30 

Mg.ha-1), which was broadly consistent with the results obtained at provincial level. This study 31 

provides insights and outlooks for the computation of emission factors in DRC for REDD+.        32 
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 35 

1. Background 36 

The Congo Basin hosts the second largest block of continuous tropical dense forests 37 

on Earth, and thus plays an important role in global carbon and climate systems [1]. Direct 38 

threats to these forests include in particular smallholder agriculture, unsustainable forest 39 

logging, fuelwood energy consumption and carbonization that are exacerbated by the 40 

rapid population growth, the lack of efficient land use planning and the weak governance 41 

in the forestry sector [2]. In the Democratic Republic of Congo (DRC) for instance, which 42 

is home to the largest share of the basin’s forests, the deforestation rate has been increasing 43 

since the early 2000s, from ca. 0.9% between 2000 and 2010 to ca. 1.3% between 2010 and 44 
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2014 [3]. Everything being equal as observed over the last two decades, the DRC defor- 45 

estation trend will most likely increase in the coming years as 80-90% of DRC’s deforesta- 46 

tion is driven by small-scale clearing for subsistence agriculture [2,3], while the population 47 

is forecasted to increase by more than height fold between 2000 and 2100 [4]. In this con- 48 

text of a growing pressure on tropical forests and of international concerns about climate 49 

change, initiatives to curb tropical forest carbon emissions have emerged, such as the Re- 50 

ducing Emissions from Deforestation and forest Degradation (REDD+) scheme in which 51 

the DRC has been engaged since 2009 [3,5].  52 

REDD+ implementation requires participating countries to monitor forest carbon 53 

emissions at national scale following a set of good practices that warrant the transparency, 54 

completeness and accuracy of the results. The general methodology of such monitoring 55 

system usually amounts to quantifying forest cover changes between consecutive moni- 56 

toring dates (i.e., activity data) and to infer associated carbon dioxide emissions (or ab- 57 

sorptions) by multiplying activity data with emission factors [6]. In this computation 58 

workflow, emission factors represent the largest source of uncertainty on carbon emission 59 

estimates [7] due to the uncertainty on forest carbon stocks prior to landcover change [8]. 60 

Indeed, in contrast with Northern countries where ground-based forest resource assess- 61 

ment is a long-standing tradition [9], much less forest inventory data is available in trop- 62 

ical countries. In fact, National Forest Inventories are still challenging for many tropical 63 

developing countries [7], including DRC, due to several reasons such as the lack of ade- 64 

quate infrastructure, human resource and financial constraints and security issues. Im- 65 

proving our understanding of the spatial distribution of tropical forest carbon stock thus 66 

remains a central stake to constrain uncertainties on carbon emissions, help tropical coun- 67 

tries to fully operationalize the REDD+ process and inform forest management decision- 68 

making.  69 

Spaceborne remote-sensing (RS) is seen as a key tool for country-wide, repeated mon- 70 

itoring of the spatial distribution of forest carbon stocks using limited ground inventories 71 

[8]. However, broad-scale remote sensing studies of forest carbon stocks – or its proxy, 72 

namely the aboveground biomass (AGB) – cope with large sources of uncertainty in the 73 

AGB mapping chain [10]. AGB mapping uncertainty might result from several factors in- 74 

cluding (1) the paucity of data available to calibrate and validate RS models, (2) difficulties 75 

to link field and RS data (mismatch in spatial resolutions [11], edge effect [12], geolocation 76 

uncertainty [13], etc.), (3) the map over-estimation of low AGB values [14,15] and (4) the 77 

saturation of current wall-to-wall RS data leading to underestimating high-AGB values as 78 

in dense forests [14,15]. These challenges have not been completely overcome in current 79 

pantropical AGB maps which show substantial disparities both in terms of the magnitude 80 

of forest biomass at any given place and its variation pattern over space notably in the 81 

Congo basin[16]. To date, countries are thus encouraged to favor AGB estimates from na- 82 

tional ground-based inventories over broad-scale RS maps for their international green- 83 

house gas reporting [17]. While improvements of pantropical mapping products are ex- 84 

pected in the coming years thanks to recent and upcoming spaceborne missions (GEDI, 85 

BIOMASS), a new carbon map is already available for DRC [18]. This map – hereafter 86 

referred to as the LiDAR-based biomass map – has been produced using original data and 87 

a mapping methodology that should improve the quality of AGB predictions over existing 88 

pantropical products. For instance, the mapping model has been trained on a probability 89 

sample of hundreds of thousands of hectares of aerial LiDAR data distributed over the 90 

entire country. In comparison with spaceborne LiDAR data from the GLAS sensor used 91 

to train older pantropical products, the detailed characterization of vegetation structure 92 

provided by aerial LiDAR data should provide more accurate reference AGB estimates. 93 

Aerial LiDAR data also provide a complete coverage of reference pixels used to train the 94 

mapping model, thereby solving the issue of sampling uncertainty introduced by the 95 

small size of GLAS shots with respect to the mapping resolution in pantropical studies 96 

[19]. Further, LiDAR-derived reference AGB estimates were upscaled using Landsat data, 97 

which has a much finer spatial resolution than MODIS data used in pantropical studies 98 

reviewer
What you mean? 

reviewer
consists of? 
includes?

reviewer
"absorbtions"  . Do  you mean  gross primary production? 

Please check for correct opposite word for emission  in the context here. 

reviewer
check phrasing. 

How you multiply data? 



reviewer
sibjective. 

do you mean global or continental or country-wide? 

reviewer
low and high is most frequently used for geographical altitude. 

"small" is appropriate word here. 

reviewer


reviewer
THis is only "half truth" as : 
In [18] is: 
(1) lidar random transects and 
(2) MaxEnt produced estimates of AGB at 100 m (1-ha) spatial resolution from Landsat, ALOS PALSAR, and SRTM data.

: So,  you are not correct here.  Lidar transects were used as intermediate step for training samples. It is reasonable approach for large area estimation. However, why you hide the fact  that actual prediction was based on space-borne  radar and optical data? 



Remote Sens. 2022, 14, x FOR PEER REVIEW 3 of 24 
 

 

(i.e., 30 m vs 500 m) and should therefore allow discerning more variability in forest dy- 99 

namics to ultimately improve our capabilities to map AGB variation. That being said, 100 

while the LiDAR-based biomass map could help DRC to reduce uncertainty on its national 101 

emission factors, the aforementioned map has not been subject to an independent valida- 102 

tion yet and has thus not been used by the country in its Forest Reference Emission Level 103 

[3].   104 

In this study, we leveraged hundreds of field sample plots from the yDRC’s first NFI 105 

to perform an independent assessment of the LiDAR-based biomass map [18]. Specifi- 106 

cally, we seek to (1) evaluate the map predictive power on biomass variation across all 107 

plots and within broad landcover types, and (2) compare population-level mean biomass 108 

estimates derived from NFI data with those derived from the map at different spatial 109 

scales.  110 

 111 

Figure 1. a., Location of the study area (black square) in Africa. b., Spatial distribution of sampling 112 
units within the study area. Sampling units that were effectively sampled are represented with filled 113 
black circles, while sampling units left unsampled are represented with empty black circles. Thick 114 
and thin black lines represent countries and DRC provinces borders, respectively. c., Illustrative 115 
example of one sampling unit, composed of four sample plots (white hashed squares). The locations 116 
of GPS measurements by plots are represented by red circles.   . 117 

2. Materials and methods 118 

2.1. Study area 119 

The study area comprises the nine northern DRC provinces (out of 26 for the whole 120 

country), which represents a total size of c. 900,000 km² or about half the country. The 121 

climate is characterized by two rainy seasons per year usually starting around March (for 122 

two months) and October (for three months). Annual precipitation ranges from 810 to 123 

2,000 mm and annual temperature from 24 to 25°C. The study area is dominated by for- 124 

ested lands and notably encompasses the vast majority of DRC’s humid forests (Fig. 1-b).   125 

2.2. National Forest Inventory data 126 

2.2.1. Sampling design 127 

The DRC NFI was based on probabilistic sampling principles and used a systematic 128 

clustered sampling design. A triangular sampling grid was created and randomly posi- 129 

tioned over the country. The grid was composed of isosceles triangles oriented along the 130 

N-S axis with bases measuring c. 110 km and equal sides c. 78 km. Each node of the grid 131 

was used as the origin of a sampling unit, which was composed of four 75 m x 75 m sample 132 

plots spaced out by 250 m (Fig. 1-c) to limit spatial autocorrelation in measurements 133 

among plots. The sampling strategy brought a total of 321 sampling units spread over the 134 

country area excluding Maï Ndombe, Kwilu and Kwango provinces which were not 135 
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targeted by the NFI, resulting in a sampling intensity of one sampling unit per c. 6.3 x 103 136 

km². 143 sampling units were located in the study area among which one was located in 137 

the Congo River and 20 were not surveyed by the field teams due to local armed conflicts, 138 

notably in the North- and South-Eastern edges of the study area. Among 122 remaining 139 

sampling units (representing 488 plots), 11 plots were not sampled due to conflicts with 140 

local populations and access difficulties (e.g., strong slopes). Therefore, the total number 141 

of plots for this study is 477. 142 

2.2.2. Field data 143 

To perform the field survey, ten field teams were simultaneously deployed by the 144 

Forest Inventory and Management Direction (“Direction des Inventaires et Aménagement 145 

Forestier”, DIAF) of the Minister of Environment and Sustainable Development (“Minis- 146 

tère de l’Environnement et du Développement Durable”, MEED). Each team was com- 147 

posed of two forest engineers from DIAF and a trained botanist from the University of 148 

Kisangani. Data collection over the study area (Fig. 1-b) corresponded to the first phase of 149 

the NFI and was performed between September 2017 and December 2018. For each sam- 150 

pling unit, the origin (S-W corner) of the four plots were provided to the field teams and 151 

located in the field using a handheld global positioning system (GPS) device (Garmin 64S). 152 

Plot limits were delimited using compasses and measurement tapes. To limit plot geolo- 153 

cation errors and facilitate spatial co-registration with remote sensing products, the geo- 154 

location of five locations per plot were recorded (i.e., the four corners and the plot center, 155 

Fig. 1-c) by averaging GPS measurements over a few seconds at each location. 156 

Plot measurements followed a standard protocol. Each tree with a diameter at breast 157 

height (DBH) ≥ 20 cm was measured and identified, while trees in the 10-20 cm DBH range 158 

were sampled on a subset of the plot of size 50 x 25 m. Tree DBH were measured at 1.3 m 159 

height, or 30 cm above any buttresses or deformities. The height (H) of c. 50 trees distrib- 160 

uted across the DBH range found in the plot were measured using a laser rangefinder 161 

device (TruPulse 360R). Herbarium specimens were collected on each tree for which the 162 

identification was uncertain and were stored at the Ecology and Forest Management la- 163 

boratory (LECAFOR) of Kisangani University. The total raw inventory dataset for the 164 

study area contains 46,963 tree DBH measurements and 13,365 H measurements. Of the 165 

46,963 trees, 89.5% were identified at the species level, 6.6% at the genus level and 3.9% 166 

were left unidentified. Further database screening showed that some tree H measure- 167 

ments within 8 sampling units surveyed by the same field team were unrealistic. All H 168 

measurements from those sampling units were thus discarded leaving a total of 12,359 H 169 

measurements in the dataset.      170 

Because of the systematic sampling design, some plots overlaid different land cover 171 

classes (e.g., humid forest, crops, etc.). For each plot, a sketch was drawn to represent the 172 

spatial distribution of land cover classes within the plot, following a detailed classification 173 

system containing 15 classes. For the purposes of this analysis, we simplified this classifi- 174 

cation system, aggregating NFI’s land cover classes into six aggregate classes that matched 175 

the land cover classification used by DRC in its Forest Reference Emission Levels [3]: sa- 176 

vannas, crops, natural regenerations on abandoned crops, dense humid forests on hydro- 177 

morphic soil, terra firme dense humid forests and other forests. This simplified land cover 178 

classification was used for the establishment of tree height-diameter (H:D) allometric 179 

models (see next section).   180 

2.2.3. Aboveground biomass estimation from inventory data  181 

We used the BIOMASS package (v. 2.1.5.9) in the R statistical platform (v. 4.0.5) to 182 

estimate sample plots aboveground biomass and its uncertainty.  183 

The first step of the procedure consisted in attributing a wood density (WD) estimate 184 

(and its uncertainty) to each tree in the dataset. This was performed by the getWoodDensity 185 

function, which relies on WD measurements available in the Global Wood Density 186 
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database (GWDdb [20,21]). For trees identified at species or genus levels, the mean WD of 187 

tropical African trees at the appropriate taxonomic level was used. When tree taxonomy 188 

was only available at the family level or trees were unidentified, the mean WD of trees 189 

found in the same sampling unit and land cover class was used. The getWoodDensity func- 190 

tion provides for each mean WD estimate the associated uncertainty. This uncertainty is 191 

either based on the standard deviation of individual WD measurements used to compute 192 

the mean WD (when 10 measurements or more were used) or on the standard deviation 193 

of individual WD measurements across the entire database (when less than 10 measure- 194 

ments were used). 195 

Second, we built H:D allometric models to predict the height of trees that were not 196 

measured in the field. Given the high spatial variability in H:D relationships [22], we fa- 197 

vored local H:D models (e.g. by sampling unit) over more generic, regional-scale models 198 

(e.g. by land cover class). When ≥ 15 H measurements were available for a land cover class 199 

within a sampling unit (which represents 91.1 % of the trees), a two-parameter Weibull 200 

distribution function was fitted on those trees and used to predict the H of unmeasured 201 

trees within the same stratum. For the remaining 8.9% of trees in the dataset, H was pre- 202 

dicted with land cover class specific H:D models fitted on the entire dataset. H prediction 203 

uncertainty for each tree in the dataset was computed as the residual standard error of the 204 

corresponding H:D model.  205 

Third, to account for the partial sampling of trees in the 10-20 cm DBH range, we 206 

followed the procedure described in [23]. This procedure is embedded in the Monte Carlo 207 

computation scheme described in the subsequent paragraph and allows simulating, for 208 

each plot, the missing inventory data (i.e. tree diameters and identifications) for trees in 209 

the 10-20 cm DBH range that were not sampled on the entire plot (i.e. so-called Specific 210 

functions 1 and 2 in [23]). In practice, this procedure (i) expands the count of trees in the 211 

10-20 cm DBH class from the observed count r in the spatial fraction p of the plot that was 212 

actually surveyed to the entire plot area by randomly generating a value from a negative 213 

binomial distribution X ~ NegBin(r, p), (ii) assigns species labels to simulated trees at the 214 

pro-rata of species abundance observed in the p fraction of the plot and (iii) assigns a con- 215 

tinuous diameter to each simulated tree by inverse transform sampling from a two-pa- 216 

rameter Weibull distribution function, with a scale parameter λ = 8.593 and a shape pa- 217 

rameter k = 0.737. 218 

Fourth, we used a Monte Carlo procedure to compute the AGB of each tree (and its 219 

uncertainty) with the pantropical AGB allometric model [24]. The procedure propagates 220 

uncertainties arising from the simulation of missing inventory data, WD, H, and the al- 221 

lometric model to tree AGB predictions (see [23] for details). The output of the procedure 222 

is a vector of 1,000 AGB replicates per tree. For a given sample plot, the output matrix can 223 

thus be summed by Monte Carlo iterations to obtain a vector of 1,000 replicates of plot 224 

AGB (i.e., 𝐴𝐺𝐵𝑖𝑡𝑒𝑟 , with iter in [1-1,000]), which incorporates the different sources of un- 225 

certainty.  Each  𝐴𝐺𝐵𝑖𝑡𝑒𝑟  replicate represents a realization of plot AGB for trees with 226 

DBH ≥ 10 cm over the 75 x 75 m plot area. 𝐴𝐺𝐵𝑖𝑡𝑒𝑟 replicates were thus standardized to 227 

1-ha to allow for comparison with biomass density values of the LiDAR-based AGB map.   228 

Last, to account for trees in the range of 1-10 cm DBH, we used the model proposed 229 

by [18]: 230 

𝐴𝐺𝐵≥1𝑐𝑚 = 1.872 ∗ 𝐴𝐺𝐵𝑖𝑡𝑒𝑟
0.906   (eq. 1) (1) 

Following [18], we assumed that scaling up 𝐴𝐺𝐵𝑖𝑡𝑒𝑟  to 𝐴𝐺𝐵≥1𝑐𝑚 propagated a neg- 231 

ligible uncertainty. The mean of the 𝐴𝐺𝐵≥1𝑐𝑚 vector was then used as our field estimate 232 

of plot AGB (i.e., 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑).   233 

2.2.4. Linking field plots to LiDAR-based biomass and land cover maps 234 

An important stake when evaluating a map is to accurately position reference data. 235 

Under forest canopy, the error on a GPS measurement acquired with a precise receiver 236 
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commonly exceeds 20 m, and can be as high as 200 m [25]. Reducing plot geolocation 237 

errors therefore requires using GPS measurements at multiple locations of the plot, so that 238 

random GPS errors average out [13]. For each plot, we thus leveraged all (usually five) 239 

GPS measurements to determine the most probable plot geolocation using the cor- 240 

rectCoordGPS function of the BIOMASS R package. The correctCoordGPS function performs 241 

a procrust (translation, rotation) on the set of GPS coordinates while preserving plot size 242 

(75 m x 75 m) and squared shape. For some plots, a few GPS measurements were either 243 

missing or unrealistic (e.g. located ≥ 100 km from the plot center). To avoid introducing 244 

errors in the assessment of the LiDAR-based AGB map associated with spatial mismatches 245 

between the map and the reference data, we discarded all plots with less than three GPS 246 

measurements (n = 7). For the remaining 470 plots, we extracted (i) the area-weighed 247 

means of AGB values in the LiDAR-based AGB map (hereafter 𝐴𝐺𝐵𝑚𝑎𝑝) and (ii) the modal 248 

class of the land cover map used in the construction of the LiDAR-based model (made 249 

available by the authors), for pixels that intersected the plots.    250 

2.3. Statistical analyses 251 

2.3.1. Assessment of map predictive power at plot locations 252 

We compared the LiDAR-based biomass map predictions at plot locations (i.e., 253 

𝐴𝐺𝐵𝑚𝑎𝑝) to field-based estimates (i.e., 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑) using the squared correlation between the 254 

two data sets (denoted R², eq. 2), a metric of bias (denoted B, eq. 3), the root mean square 255 

error (RMSE, eq. 4) and the coefficient of variation (CV, eq. 5).  256 

𝑅2 = 𝐶𝑜𝑟(𝐴𝐺𝐵𝑚𝑎𝑝 ,  𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑)
2

   (eq. 2) (2) 

𝐵 =
(𝐴𝐺𝐵𝑚𝑎𝑝̂ −𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑̂ )

𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑̂
  (eq. 3) (3) 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∗ ∑ (𝐴𝐺𝐵𝑚𝑎𝑝,𝑖 − 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑖)

2𝑛
1   (eq. 4) (4) 

𝐶𝑉 =  
𝑅𝑀𝑆𝐸

𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑̂
  (eq. 5) (5) 

With n the number of sample plots, 𝐴𝐺𝐵𝑚𝑎𝑝,𝑖  and 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑖  respectively the bio- 257 

mass of plot i extracted from the map and derived from field data, and  𝐴𝐺𝐵𝑚𝑎𝑝
̂  and 258 

𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑
̂  their mean across the n plots.     259 

While 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑  are assumed to be of greater quality (that is, of greater accuracy) [26] 260 

than 𝐴𝐺𝐵𝑚𝑎𝑝, both set of predictions are subject to a non-negligible uncertainty. In section 261 

‘Aboveground biomass estimation from inventory data’, we described the Monte Carlo proce- 262 

dure used to generate 1,000 AGB replicates by plot incorporating and allowing to quantify 263 

the uncertainty on 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑 . The uncertainty on map AGB predictions have also been 264 

made available at pixel level in [18], and can be aggregated among pixels intersected by 265 

each plot (SEplot) using standard error propagation rules. To account for the imperfect na- 266 

ture of AGB predictions when evaluating the LiDAR-based map, statistics of map predic- 267 

tive power (i.e., R², B, RMSE and CV) were computed by comparing each of the 1,000 plot 268 

AGB replicates (i.e., 𝐴𝐺𝐵≥1𝑐𝑚) to a realization of 𝐴𝐺𝐵𝑚𝑎𝑝, defined as the sum of 𝐴𝐺𝐵𝑚𝑎𝑝to 269 

an error randomly drawn from the distribution N(0, SEplot,i). This led to a vector of length 270 

1,000 for each performance metric, from which we report the mean and its 95% confidence 271 

interval.   272 

The temporal mismatch between the biomass map – which is representative of the 273 

early 2010s – and NFI data – which were acquired in 2017-2018 – may also introduce un- 274 

certainty in the assessment of map predictive power. For example, if a forested land was 275 

converted to a crop in the year 2015, the map would predict a high biomass for that land 276 
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while the biomass estimation from NFI data would be low, hence resulting in a large pre- 277 

diction error for the map. This prediction error would therefore not reflect the predictive 278 

performance of the map but is attributable, in this example, to the 2015’s land cover 279 

change. To further investigate the influence of this temporal mismatch, we used GLAD 280 

vegetation loss data [27] to remove all plots where one (or more) vegetation loss was de- 281 

tected in the 2010-2017 period. Map validation statistics were then computed using both 282 

the full set of 470 plots and the subset of unperturbed plots.     283 

2.3.2. Design-based inference from the field sample plots and error propagation 284 

AGB density per unit area for the whole area of study and for the subpopulations of 285 

interest were estimated using field plots data. The field plots were treated as a systematic 286 

cluster sample of size n = 122. The 122 elements in the sample represent all clusters in 287 

which at least one plot was accessible by the field crews and whose tree variables could 288 

be measured. The average AGB densities were estimated using ratio estimators [28,29], 289 

which are widely used for estimating population parameters in large-area forest surveys 290 

[30–34]. The ratio estimators were chosen because of the ability to accommodate cluster 291 

plots with partial nonresponse [35] and because they can be used efficiently for providing 292 

estimates for targeted subpopulations (also known as domains), such as forest types and 293 

administrative boundaries [34,36,37]. For estimation purposes, we assume that the set of 294 

nonresponse plots is missing at random, and they are not systematically different from 295 

the responding ones [38]. The population AGB density per unit area is estimated using 296 

the following ratio estimator (also known as ratio-to-size estimator [29,37,39]): 297 

𝜇̂𝑅𝐴𝑇𝐼𝑂 =  
∑ 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗

𝑛
𝑗=1

∑ 𝑎 𝑗
𝑛
𝑗=1

  (eq. 6) (6) 

𝑉𝑎𝑟̂(𝜇̂𝑅𝐴𝑇𝐼𝑂) =
𝑛

(𝑛−1)

∑ (𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗−𝑎 𝑗𝜇̂𝑅𝐴𝑇𝐼𝑂)2𝑛
𝑗=1

∑ (𝑎 𝑗)2𝑛
𝑗=1

  (eq. 7) (7) 

where n is the total sample size, 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗 is the aboveground biomass measured in 298 

the jth cluster and 𝑎 𝑗 is the area of the jth cluster which was accessible by the field crew.  299 

Averages by land use class and provinces are also estimated using the following domain 300 

ratio estimators: 301 

𝑅̂𝑑 =  
∑ 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗,𝑑

𝑛
𝑗=1

∑ 𝑎 𝑗,𝑑
𝑛
𝑗=1

  (eq. 8) (8) 

𝑉𝑎𝑟̂(𝑅̂𝑑) =
𝑛

(𝑛−1)

∑ (𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗,𝑑−𝑎 ,𝑑𝑗𝜇̂𝑅𝐴𝑇𝐼𝑂)2𝑛
𝑗=1

∑ (𝑎 𝑗,𝑑)2𝑛
𝑗=1

  (eq. 9) (9) 

 302 

where 𝐴𝐺𝐵𝑓𝑖𝑒𝑙𝑑,𝑗,𝑑 is the aboveground biomass measured in domain 𝑑 and in the jth 303 

cluster and 𝑎 𝑗,𝑑 is the area of the jth cluster falling into domain d and that was accessible 304 

by the field crew.  Despite the fact that 𝑉𝑎𝑟̂(𝜇̂𝑅𝐴𝑇𝐼𝑂)and 𝑉𝑎𝑟̂(𝑅̂𝑑)  from eq. 7 and eq. 9 305 

may be biased when applied to systematic sampling, they are however likely to overesti- 306 

mate the variance [28], offering an acceptable conservative approach to the sample esti- 307 

mates. It is worthwhile to notice that the variance estimators (eq. 7 and eq. 9) account for 308 

the fact that both the aboveground biomass and the area measured are random variables. 309 

The uncertainties arising from the missing inventory data, WD, H, and the allometric 310 

model obtained through the Monte Carlo simulation procedure described in section 311 

‘Aboveground biomass estimation from inventory data’ above, were propagated to the large- 312 

area estimates of mean AGB following the methodology provided by [38] (see also [40]). 313 

For each 𝑘𝑡ℎ  Monte Carlo replication, the mean AGB, 𝜇̂𝑘 , and variance of the mean 314 

𝑉𝑎𝑟̂(𝜇̂𝑘) for the overall study area and for each domain were estimated using the ratio 315 

estimators (eq. 6) to (eq. 9) described above. The mean and variance over replications were 316 

estimated by  317 
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𝜇̂ =
1

𝑛𝑟𝑒𝑝
∑ 𝜇̂𝑘𝑛𝑟𝑒𝑝

𝑘=1    (eq. 10) (10) 

𝑉𝑎𝑟̂(𝜇̂)  = (1 + 1/𝑛𝑟𝑒𝑝)𝑊1 + 𝑊2   (eq. 11) (11) 

where 𝑛𝑟𝑒𝑝 is the number of replications, 𝑊1 = (𝑛𝑟𝑒𝑝 −1)−1 ∑ (𝜇̂𝑘 − 𝜇̂)
𝑛𝑟𝑒𝑝

𝑘=1  is the 318 

among replication variance and 𝑊2 = (𝑛𝑟𝑒𝑝 −1)−1 ∑ 𝑉𝑎𝑟̂(𝜇̂𝑘)
𝑛𝑟𝑒𝑝

𝑘=1
 is the mean variance 319 

within replications. 320 

2.3.3. Model-based inference from the biomass map 321 

For calculation of mean biomass over large regions from the biomass map, we used 322 

the model-based estimator (MB) given in eq. 12, which simply consists of averaging map 323 

predictions over the region pixels. 324 

 𝜇̂𝑀𝐵 =
1

𝑁
× ∑ 𝐴𝐺𝐵𝑚𝑎𝑝,𝑖

𝑁
𝑖=1    (eq. 12) (12) 

where i indexes the pixels and N the total number of pixels within the region. We did 325 

not compute the variance of the MB estimate, which would require additional information 326 

on the biomass map, such as the spatial autocorrelation among the residuals, which were 327 

not available.   328 

3. Results  329 

3.1. Predictions of plot-to-plot biomass variation 330 

3.1.1. Relationship between AGBMAP and AGBFIELD across all plots 331 

Using the full set of 470 sample plots, we found that the map predicted 58 % of 332 

AGBFIELD variation (Fig. 2-a) with an average prediction error (RMSE) of 103.6 Mg.ha-1 or 333 

36.9 % (CV). The relationship between AGBFIELD and AGBMAP was slightly biased (slope of 334 

Major Axis regression: 1.16, 95% CI: 1.08-1.25), leading to a small underestimation of the 335 

biomass across plots (B = -2.4 %, Fig. 2-b). Removing plots where a loss of vegetation cover 336 

was detected between 2010 and the establishment of NFI sample plots (hereafter “per- 337 

turbed plots”, n = 59) did not lead to noticeable changes in the results (Fig. S1).  338 
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 339 

Figure 2. Relationship between sample plots aboveground biomass derived from inventory data 340 
(AGBFIELD) and from the biomass map (AGBMAP). a, Scatterplot of AGBFIELD vs AGBMAP. AGBFIELD 341 
estimates are bounded by their 95% confidence intervals including uncertainties arising from the 342 
simulation of missing inventory data, WD, H, and the allometric model (grey segments). The dash 343 
line represents the fit of a major axis regression. b, Distributions of AGBFIELD and AGBMAP. Distribu- 344 
tion means are represented with thick circles (bounded by ± one s.e.). Dotted lines connect distribu- 345 
tion means between data sources (i.e., forest inventories or biomass map). 346 

3.1.2. Mapping error by classes of AGBFIELD  347 

Breaking down the assessment of map prediction error by AGBFIELD classes of 50 348 

Mg.ha-1 width, we found that map predictions were nearly unbiased on the early range 349 

of biomass (0 – 150 Mg.ha-1, Fig. 3-a) which mostly comprised non-forest and open-canopy 350 

forest areas (Fig. 2-a). Beyond 150 Mg.ha-1, map prediction error showed a non-linear pat- 351 

tern of bias. Across plots of intermediate biomass (c. 150 – 300 Mg.ha-1), the map showed 352 

a moderate positive median error (c. 24.5 – 47.0 Mg.ha-1, Fig. 3-a). From 300 Mg.ha-1 on- 353 

ward, map prediction error decreased as AGBFIELD increased, becoming negative around 354 

c. 350 Mg.ha-1 and further decreasing up to the highest values of AGBFIELD, which were 355 

largely underestimated (median error : -234.6 Mg.ha-1, n = 10). Removing perturbed plots 356 

unveiled a simpler bias pattern beyond 150 Mg.ha-1 consisting of a single linear decreasing 357 

trend (Fig. S2-a). This bias pattern suggests a loss of map predictive power on the second 358 

half of the AGBFIELD range. Using piecewise regression, we found a significant breakpoint 359 

in the AGBMAP – AGBFIELD relationship at 286 Mg.ha-1 (Davies’ test P < 0.0001, Fig. 3-b) after 360 

which the linear correlation between AGBMAP and AGBFIELD was weak (R² = 0.1). The loca- 361 

tion of the breakpoint did not change when excluding perturbed plots (Fig. S2-b)    362 

 363 

reviewer
Variables were ( and shall be) in italics  in previous text. 



Remote Sens. 2022, 14, x FOR PEER REVIEW 10 of 24 
 

 

 364 

Figure 3. a., Breakdown of mapping error by classes of aboveground biomass derived from inven- 365 
tory data (AGBFIELD). b., Breakpoint in the relationship between sample plots aboveground biomass 366 
derived from the biomass map (AGBMAP) and AGBFIELD. The red line represents the fit of a piecewise 367 
regression. The dashed vertical line highlights the location of the breakpoint. 368 

3.1.3. Relationship between AGBMAP and AGBFIELD per landcover classes  369 

We split the set of plots by landcover classes and assessed map predictive perfor- 370 

mance within classes, excluding the Miombos woodland class which only contained three 371 

plots. 372 

Unsurprisingly, the map explained a greater share of AGBFIELD variation in the low- 373 

biomass class of Woodland savanna (R² = 0.41) than in higher-biomass forest classes (Tab. 374 

1). In the latter classes, the map captured 33% of AGBFIELD variation within Humid forests, 375 

and did not discriminate any AGB variation within swamp forests (as seen in Fig. 2-a). 376 

This pattern of map predictive performance among landcover classes is consistent with 377 

the notion of signal saturation for higher AGBFIELD values (ie., ≥ c. 290 Mg.ha-1) and was 378 

strengthen when removing perturbed plots, with a higher predictive power on Woodland 379 

savanna (R² = 0.58) and a lower predictive power on humid forests (R² = 0.20, Tab. S1).    380 

Table 1. Relationships between field- and map-derived plots aboveground biomass by land cover 381 
class. 382 

Landcover N R2 B RMSE CV 

Woodland Savanna 77 0,41 ± 0,07 -33,3 ± 3,1 54,4 ± 3,2 94,9 ± 5,1 

Swamp Forests 46 0,02 ± 0,03. -17,6 ± 1,4 113,3 ± 4,4 37,4 ± 1,3 

Humid Forests 344 0,33 ± 0,02 0,8 ± 0,7 110,5 ± 2,9 33,6 ± 0,9 

 383 

It is noteworthy that map predictions on the set of NFI plots were virtually unbiased 384 

in humid forests (B < 1 %) but underestimated the average biomass of swamp forest plots 385 

by 17.5% and of woodland savanna plots by 33.2%. Removing perturbed plots accentu- 386 

ated the negative bias on the Woodland savanna class (B = -45.0 %, Tab. S1).  Since map 387 

predictions were nearly unbiased on the early biomass range (0-150 Mg.ha-1), the large 388 

underestimation of biomass in the woodland savanna class shows that this negative bias 389 

was in fact balanced-out by a positive bias on plots classified as forests (either Swamp or 390 

Humid) in this biomass range (Fig. 4-a). Landcover classification based on field observa- 391 

tions made during the NFI showed that unperturbed plots classified as Woodland sa- 392 

vanna by the landcover map corresponded in fact to a variety of non-forest classes. These 393 

classes are commonly found in the agro-mosaic landscape of central Africa, including 394 
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savanna (37.0 %), crops (10.9 %), natural regeneration on abandoned crop (13.0 %) and 395 

mixes of non-forest (17.4 %) or non-forest and forest (21.7 %) classes (Fig. 4-b). Concerning 396 

unperturbed plots classified as Forest by the landcover map, most plots (i.e., 69.2 %) in- 397 

deed corresponded to forests classes in the NFI classification (notably forests on hydro- 398 

morphic soil) but with much lower biomass value than predicted by the map, while re- 399 

maining plots were attributed to non-forest classes (Fig. 4-b), reflecting classification er- 400 

rors in the landcover map.   401 

 402 

Figure 4. a., Relationship between sample plots aboveground biomass derived from inventory data 403 
(AGBFIELD) and from the biomass map (AGBMAP) in the early AGB range (i.e., 0 – 150 Mg.ha-1 of 404 
AGBFIELD). Plot belonging to the woodland savanna or to a forest class are depicted in dark and light 405 
grey, respectively. Perturbed plots are highlighted with a red circle. b., Pie charts showing the pro- 406 
portion of landcover classes from the NFI landcover classification found among plots belonging to 407 
the woodland savanna or to a forest class in the landcover map. Black number represent the number 408 
of plots by slice. 409 

3.1.4. Predictions of mean biomass at population-level 410 

We used the field sample plots to compute mean biomass estimates at different scales 411 

(i.e., the full study area, the land cover classes, the provinces) and contrasted these esti- 412 

mates to the ones obtained from the biomass map.  413 

At the scale of the study area, the mean biomass estimate derived from field sample 414 

plots was           280.6 Mg.ha-1 and its 95 % CI (252.2 – 309.0 Mg.ha-1) included the es- 415 

timate derived from the map (i.e., 252.7 Mg.ha-1, Fig. 5).   416 

Among land cover classes, both data sources led to similar mean biomass estimates 417 

for the Humid forests class (i.e., 328.8 and 319.7 Mg.ha-1 for field sample plots and the 418 

map, respectively), but using field plots led to higher mean biomass estimates for Wood- 419 

land savanna (i.e., 57.3 Mg.ha-1, 95 % CI: 39.8 – 74.9 Mg.ha-1) and Swamp forests classes 420 

(i.e., 302.7 Mg.ha-1, 95 % CI: 251.6 – 353.7 Mg.ha-1) than using the map (i.e., 31.8 and 247.8 421 

Mg.ha-1, respectively).  422 

Among provinces, 95 % CIs around mean biomass estimates derived from field sam- 423 

ple plots were large owing to the relatively small number of plots by provinces (range: 28 424 

– 97 Mg.ha-1, see Tab. S2 for details) and included mean biomass estimates from the map 425 

in six out of the nine provinces. At the province scale, the general trend observed is that 426 

using field sample plots led to higher mean biomass estimates as compared to estimates 427 
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from the map. This observation is consistent with the results obtained with mean biomass 428 

estimates per land cover classes. In contrast, the mean biomass estimates for the Sud- 429 

Ubangui and Tshopo provinces were higher with the map than with field plots, indicating 430 

that the deviation between map and field mean biomass estimates differed in those prov- 431 

inces from the regional trend. In the Tshopo province for instance, where the Humid forest 432 

class covered 92.3 % of the land, the mean biomass estimate for that class was higher with 433 

the map (341.3 Mg.ha-1) than with field sample plots (292.6 Mg.ha-1, Fig. S3).   434 

 435 

 436 

Figure 5. Mean biomass estimates at study area-, landcover class- and provincial-scale. Estimates 437 
from field data are bounded by a 95 % confidence interval. All confidence intervals include errors 438 
arising from sampling, missing inventory data, WD, H, and the allometric model.  . 439 

4. DISCUSSION 440 

Validation of RS-derived maps is both essential to compare and improve mapping 441 

methodologies and to build confidence in mapping products and support their adoption 442 

by end-users [41]. Here, we performed an assessment of the LiDAR-based AGB map of 443 

DRC using NFI data regularly distributed over the northern part of the country, which 444 

hosts the majority of the Congo basin dense forests, an ecosystem on which AGB mapping 445 

is notoriously challenging. Our results show that the map predicts about 60% of plot-to- 446 

plot variation in field-derived AGB, but that its predictive performance is not homogene- 447 

ous along the AGB gradient. Hereafter, we discuss our findings and their implications in 448 

using map-derived AGB in the context of REDD and forest management. 449 

4.1. The overall relationship between RS- and field-derived AGB predictions is coherent 450 

An important challenge when mapping forest AGB over a geographic extent as broad 451 

as the one covered by the DRC country (2.3 M km²) is to build a prediction model that is 452 

sufficiently general i.e. that allows producing reliable AGB predictions in areas that are 453 

far apart model training data, which necessarily represent a very tiny fraction of the study 454 

area. To cope with the lack of field-derived reference data available to train RS models 455 

and the potential bias in their spatial distribution – which limits their representativity of 456 
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the study area [42] –, it is increasingly recognized that a two-stage calibration strategy 457 

leveraging aerial LiDAR data is adequate [10,13]. In practice, the limited set of field inven- 458 

tory data is used to train aerial LiDAR data, and LiDAR-derived predictions are then used 459 

to calibrate the wall-to-wall RS model, which largely expands the size of the RS model 460 

training dataset. This strategy, which was used by [18], has been successfully employed 461 

on relatively small geographic areas (i.e., from a few hundreds to thousands km²), but 462 

implementations at country-scale and independent assessments of the resulting maps re- 463 

main seldom (but see [43] for an implementation over Peru). Despite the vast geographic 464 

extent of DRC and the availability of only 92 1-ha plots clustered in a few sampling sites 465 

to calibrate the LiDAR-model, our results show that the mean deviation (or bias) of map 466 

AGB predictions at NFI plot locations is lower than 3%. Further, the LiDAR-based map 467 

explained about 60% of plot-to-plot variation in AGB across all plots, which is well within 468 

the range of results reported by local case studies using spatial cross-validation [14,44] 469 

and confirms the scalability of the two-stage calibration strategy.  470 

4.2. The RS signal saturates on dense forests – but at relatively high AGB levels 471 

While map validation statistics over the entire AGB gradient sampled by NFI plots 472 

were satisfying, we nonetheless observed a saturation phenomenon in the relationship 473 

between map- and field-derived AGB predictions around c. 290 Mg.ha-1, above which the 474 

map’s ability to predict plot-to-plot variation was weak (R² = 0.1). The saturation of mul- 475 

tispectral imagers on high-biomass forest has been widely reported and the AGB thresh- 476 

old at which the loss of sensitivity occurs varies among sensors and forest types, notably. 477 

Interestingly, the saturation threshold found in this study is higher than that usually re- 478 

ported for Landsat data (100 – 200 Mg.ha-1) [45] and even higher spatial resolution imagers 479 

(e.g. 250 Mg.ha-1 for Worldview-3 [14]). We suggest that two main reasons explain this 480 

difference. First, Xu et al. used both Landsat and L-band ALOS PALSAR imagery to ex- 481 

trapolate LiDAR-derived predictions. The positive relationship between L-band backscat- 482 

ter and AGB have been widely-used in AGB mapping studies, which usually report an 483 

attenuation of the signal around c. 150 Mg.ha-1. While this attenuation is interpreted as a 484 

complete loss of sensitivity (saturation), it has been shown that the relationship between 485 

L-band backscatter and forest AGB changes on dense forest canopies but could remain 486 

informative far beyond 150 Mg.ha-1 [46]. It is thus possible that by using the MAXENT 487 

algorithm, which accommodates for non-linear relationships between model’s covariates 488 

and the dependent variable, the inclusion of L-band radar in the mapping model allowed 489 

widening its range of sensitivity. Second, Xu et al’s mapping methodology consisted in 490 

separately mapping forest canopy height and stand wood density prior to fusing the two 491 

maps into an AGB map. In contrast with the more common methodology which consists 492 

in directly relating spaceborne data to forest AGB, the indirect approach used in [18] may 493 

better model variation in forest structure – through canopy height – and in fine capture 494 

more spatial variability in AGB. Indeed, variation in stand wood density among field sam- 495 

ple plots may had a “noise” in field-derived AGB predictions that cannot be predicted by 496 

the mapping model, as current wall-to-wall spaceborne sensors have shown some sensi- 497 

tivity to variation in forest structure – such as forest canopy height [47] – while mapping 498 

wood density remain challenging [48].  499 

4.3. The map shows contrasted performances within landcover classes 500 

We used a simple landcover classification composed of two classes of forests (Humid 501 

and Swamp) and a single non-forest class (Woodland savannas) to disaggregate the map 502 

predictive performance by landcover classes. Given the non-homogenous performance of 503 

the map along the AGB gradient (i.e. saturation) and the structuration of landcover classes 504 

along this gradient, we naturally observed contrasted map performances per landcover 505 

classes.    506 
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The mean biomass for forest classes (i.e., 303 and 329 Mg.ha-1 for Swamp and Humid 507 

forests, Tab. S2) were above the saturation threshold of the spaceborne mapping model 508 

leading to a weak correlation between map predictions and  field-derived AGB predic- 509 

tions, with R²s of 0.20 and 0.02 on Humid and Swamp forests (after excluding perturbed 510 

plots, Tab. S1), respectively. While map predictions were unbiased on the Humid forest 511 

class (B < 1 %), which cover most of our study area, we observed a systematic under- 512 

estimation of Swamp forests AGB (c. -17.6%, Tab. S1). We suspect that the relatively 513 

poorer performance of the map on Swamp over Humid forests, both in terms of ability to 514 

capture the AGB gradient and the mean of the distribution, is related to the lack of field 515 

sample plots from this forest class in the training set of the LiDAR-based mapping model 516 

(i.e. a single Swamp forest plot, information communicated by the authors). Since swamp 517 

forests are clearly discernable from terra firme forest in optical very high resolution space- 518 

borne data, and given the influence of humidity on the RADAR signal, it is indeed likely 519 

that relationships between model’s covariates and forest AGB differs among Swamp and 520 

Humid forests.    521 

As expected, the map showed a much higher predictive power on plot-to-plot AGB 522 

variation in Woodland savannas (R² = 0.58, Tab. S1), where the mean plot AGB (i.e., 57.3 523 

Mg.ha-1, Tab. S2) was much lower than the saturation threshold of the mapping model. 524 

While a common bias pattern in biomass mapping models is to over-estimate low AGB 525 

values and to under-estimate of high-AGB value [14,15], map predictions were – at first 526 

glance – nearly unbiased below the model saturation threshold. However, decomposing 527 

map predictive performance by landcover classes revealed a more complex pattern of er- 528 

ror among low-AGB plots, with a large under-estimation of AGB on Woodland savanna 529 

plots (B = -45%) and an over-estimation of AGB on forest plots in the range 0 – 150 Mg.ha- 530 
1 (Fig. 4-a). A possible reason for the underestimation of vegetation AGB in Woodland 531 

savannas could be, again, an improper calibration of the LiDAR model due to a lack of 532 

field data, since only five plots located in savannas were available for model training.  533 

4.4. Implications for DRC’s carbon emissions reporting and outlooks  534 

The recent availability of a NFI in DRC gives to the country, for the first time, the 535 

opportunity to estimate mean carbon stocks of landcover classes in a design-based infer- 536 

ential framework, which warrant the unbiasedness of the estimates [13].  537 

Using a ratio estimator, we obtained an estimate of mean AGB for the dominant Hu- 538 

mid forest class that was very close to the estimate derived from the LiDAR-based map, 539 

but mean AGB estimates for the two other landcover classes (i.e. Swamp forest and Wood- 540 

land Savanna) differed markedly between the two data sources (Fig. 5). We thus do not 541 

recommend the use of the LiDAR-based map in a model-based inferential framework to 542 

compute landcover classes mean carbon stocks, and in fine national emission factors, for 543 

REDD+ MVR reporting. This is not to say that the current LiDAR-based map, or the tre- 544 

mendous investment made to acquire aerial LiDAR data over the country, cannot be val- 545 

ued in REDD+ framework.   546 

The logical next step to this study would be to assess the usefulness of the current 547 

LiDAR-based map to reduce the uncertainty on landcover class mean carbon stocks when 548 

combined with (rather than separately from) NFI plots. For instance, the map could be 549 

leveraged to increase the precision of the AGB estimates in the context of design-based 550 

inference through model-assisted estimation [13], which still relies on the probabilistic 551 

nature of the NFI plot design and warrants unbiasedness of the resulting estimates, de- 552 

spite potential biases in the map. Such an approach has proven to reduce the standard 553 

error on mean carbon stocks by more than twofold on Miombo woodlands of Tanzania 554 

[49], for example. Auxiliary data coming from the LiDAR-based map can also be used to 555 

address the non-response in ground data collection, in combination with special estima- 556 

tion techniques such as weighting or imputation [38,50]. 557 

The current acquisition of GEDI data, together with the availability of NFI data, also 558 

open avenues to improve the DRC LiDAR-based carbon map. GEDI data for instance 559 
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could be integrated in the AGB mapping chain in several ways, either in addition to aerial 560 

LiDAR data in the training dataset of the forest canopy height mapping model, or as an 561 

independent validation dataset. In the latter case, the independent set of GEDI canopy 562 

height measurements could be used to select the covariates of the mapping model so as 563 

to maximize its transferability in space [51]. Similarly, the large size of the NFI dataset, its 564 

regular distribution over DRC and its independence from the data used to build the Li- 565 

DAR-based AGB map makes NFI data an ideal validation dataset both to refine the func- 566 

tional forms of models used to build the AGB map (i.e., canopy height and wood density 567 

mapping models) and to assess the uncertainty of the final AGB product. Last, we also 568 

suggest that the landcover map used in the AGB mapping chain should match the official 569 

landcover stratification used by DRC in its international greenhouse gas reporting, which 570 

would facilitate the adoption of the AGB map by the country.     571 
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SUPPLEMENTARY FIGURES 746 

 747 

 748 

 749 

Figure S1. Scatterplot of sample plots aboveground biomass derived from inventory data (AGBFIELD) and vs the biomass 750 

map (AGBMAP). AGBFIELD estimates are bounded by their 95% confidence interval (grey segments). The dash line 751 

represents the fit of a major axis regression. For information, perturbed plots are highlighted by red crossed circles, but 752 

these plots were not used when computing map performance statistics and fitting the major axis regression model.  753 
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 758 

Figure S2. a., Breakdown of mapping error by classes of aboveground biomass derived from inventory data (AGBFIELD). 759 

b., Breakpoint in the relationship between sample plots aboveground biomass derived from the biomass map (AGBMAP) 760 

and AGBFIELD. The red line represents the fit of a piecewise regression. The dashed vertical line highlights the location 761 

of the breakpoint. For information, perturbed plots in a and b are highlighted by red crossed circles, but are not used 762 

when generating boxes (a) or fitting the pricewise regression (b).  763 
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 765 

Figure S3. Provincial distributions of aboveground biomass (AGB) in field sample plots (red) and in the map (dark grey) 766 

for the Humid forests class. Distribution means are represented with thick circles (bounded by ± one s.e.). 767 
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SUPPLEMENTARY TABLES 774 

 775 

Table S1. Relationships between field- and map-derived plots aboveground biomass by land cover class. Perturbed 776 

plots were removed from the analysis. 777 

Landcover N R2 B RMSE CV 

Woodland Savanna 52 0.58 ± 0.09 -45.0 ± 3.3 56.7 ± 4.1 104.9 ± 6.8 

Swamp Forests 46 0.02 ± 0.03 -17.5 ± 1.3 113.1 ± 4.3 37.4 ± 1.3 

Humid Forests 311 0.20 ± 0.02 0.5 ± 0.7 111.9 ± 3.1 32.3 ± 0.9 

 778 

 779 

Table S2. Mean biomass estimation (in Mg.ha-1) by stratum using field sample plots and the biomass map. 780 

Stratum 

FIELD MAP 

n AGB 95% CI AGB 

Study area 470 280.6 252.2 – 309.0 252,7 

Woodland Savanna 77 57.3 39.8 – 74.9 31,8 

Swamp Forests 46 302.7 251.6 – 353.7 247,8 

Humid Forests 344 328.8 305.4 – 352.2 319,7 

Nord-Ubangi 32 266.3 117.3 – 415.2 198,2 

Bas-Uele 77 294.5 244.0 – 345.0 246,8 

Sud-Ubangi 28 122.4 65.9 – 178.8 159,3 

Haut-Uele 32 214.1 146.6 – 281.6 143,2 

Ituri 36 297.9 153.4 – 442.4 234,9 

Mongala 36 300.9 181.9 – 419.8 256,8 

Equateur 58 289.1 243.4 – 334.7 239,5 

Tshopo 97 278.5 238.9 – 318.0 322,7 

Tshuapa 74 338.9 287.4 – 390.5 305,5 
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