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Abstract: Tropical rainforests are complex mosaics of different forests types, each with its
own biodiversity and structure. Efforts to characterize and map diversity and composition
of tropical forests are vital at both local and larger scales in order to improve conservation
strategies and accurately monitor anthropogenic threats. However, despite advances in
remote sensing, classifying and mapping forest types remains a significant challenge and
remotely sensed classifications in the tropics often treat forests as a single category. Here, we
used Sentinel-2 data, and a high-quality ground reference dataset, to map monodominant
Gilbertiodendron dewevrei forest, a unique forest type in central Africa. We used a random
forest classifier, and spectral, vegetation, and textural indices, to map G. dewevrei forest
across the Sangha Trinational, a network of national parks in central Africa. The overall
accuracy of our classification was 83% when evaluated against an independently sampled
reference test dataset, successfully distinguishing this monodominant forest from the
spectrally similar terre firme mixed forest present throughout much of the study area. The
gray level co-occurrence matrix (GLCM) textural metrics proved the most important factors
for distinguishing G. dewevrei forest, due to the homogenous canopy texture created by this
monodominant species. In conclusion, our study illustrates that freely available Sentinel-2
data hold promise for mapping distinct forest types in tropical forests, particularly when
they exhibit structural and textural differences, as seen in monodominant and mixed forests,
and provided that high-quality ground reference data are available.

Keywords: Sentinel-2; Google Earth Engine; random forest; Gilbertiodendron dewevrei;
monodominance; Congo Basin

1. Introduction
Tropical rainforests form complex mosaics of distinct vegetation types, which can vary

substantially in species composition, structure, and function across small spatial scales [1–4].
Despite advances in remote sensing [5–9], accurately classifying and mapping these forest
types remains a significant challenge, with distributions of forest types still poorly known
in tropical forests, e.g., [10–12]. Consequently, remote sensing efforts still often classify
tropical forests as a single category, e.g., [13], limiting our ability to quantify the distribution
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and extent of different rainforest types, to identify the underlying environmental drivers,
and to design specific management and conservation strategies [1,14]. The absence of
maps with a higher-class resolution of forest types also constrains efforts to monitor
anthropogenic threats such as selective logging. Changes in species assemblages and
ecosystem function due to human activities [15] may therefore go undetected, hampering
targeted conservation interventions.

This is of particular concern in central Africa, where there are forests of global conser-
vation priority, due to their high biodiversity [16–19], extensive intact areas of forest [19,20],
large mammal populations [21–23], carbon stocks [24,25], provision of income for na-
tions [22], and livelihoods for local communities [26–28]. These forests are increasingly
threatened by industrial activities and related socioeconomic developments, including
agriculture [29], forestry [22,30], and mining [31]; as well as increasing climatic threats of
decreased rainfall and higher temperatures [32,33]. A lack of on-the-ground data in central
Africa hampers the accurate monitoring of these globally important forests.

The main challenges that currently constrain efforts to classify tropical rainforests
from satellite images are insufficient on-the-ground data [34], the difficulty of establishing
characteristic spectral fingerprints for individual species in such highly diverse systems [35],
and the low availability of cloud-free images across the tropics [36,37]. In addition, in
tropical rainforests, and possibly particularly central Africa, a further challenge is presented
by striping in images, caused by the stitching together of adjacent swaths of satellite imagery
with different viewing angles [38].

A few key studies have highlighted that increasingly, spectral and textural information
contained within satellite data has the potential to differentiate different forest types within
the dense mosaic of the Congo Basin forests [39,40]. In particular, there is an increasing
opportunity with the availability of Sentinel-2 data, which have fine spatial resolution
(10–60 m), global coverage, rich spectral information, and short revisit periods [41]. The
dense time series of Sentinel-2 imagery that has built up is also decreasing the barrier of
persistent cloud cover. A few studies have attempted the use of Sentinel-2 imagery to map
forest types across central Africa, including Dalimier et al. [42], who mapped 13 forest types
on a large scale using both pixel-based and object-based classification; and Picard et al. [12],
who mapped six forest types in a study area in the northern Republic of Congo using deep
learning architectures.

Here, we focus on a forest system in central Africa, Gilbertiodendron dewevrei monodom-
inant forest. This is a type of tropical lowland rainforest dominated by the leguminous tree
Gilbertiodendron dewevrei. This species dominates in the canopy, making up 60–90% of the
canopy level trees, and creating its own ecosystem through environmental filtering [43–50].
Heimpel et al. [51] show that this forest type harbors a unique diversity of vascular plant
species, and differs structurally from other forest types. They highlight the need for its sep-
arate consideration within conservation policy measures and carbon modelling. However,
monodominant G. dewevrei forest has low spectral separability from adjacent mixed terre
firme forest. For example, Barbier et al. [52] could successfully automate the mapping of
G. dewevrei forest with extremely high-resolution data, but not with spot6–7 images with
a spatial resolution of just over 2 m. Previous studies have had some success mapping
monodominant forest using multi-spectral Landsat imagery. Degagne et al. [53] mapped
the distribution of monodominant Dicymbe corymbosa forest in Guyana’s upper Portaro
River Basin, achieving user accuracies of above 80%, and Helmer et al. [54] found that
a decision tree-based classification of gap-filled Landsat images could distinguish Mora
excelsa forests from other forest types in Trinidad and Tobago, due to the smoother and
taller canopy created by the dominance of this species.
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This study investigates whether Sentinel-2 multi-spectral imagery can be used to
produce a high-resolution map of monodominant Gilbertiodendron dewevrei forest, a forest
type in central Africa that shows low spectral separability from the surrounding mix of
spectrally very similar forest types. We used a high-quality ground reference dataset,
supplemented by points collected from high-resolution satellite imagery. We dealt with
striping issues within Sentinel-2 imagery by including multiple spectral, vegetation, and
textural inputs to the classification, removing those most influenced by the striping; and by
incorporating large amounts of reference data. The study produced a map of G. dewevrei
forest across the study site of the Sangha Trinational, a network of national parks in the
Republic of Congo, Cameroon, and the Central African Republic, and investigated the
importance of different predictors for separating G. dewevrei from surrounding forest types,
including individual spectral bands, vegetation indices, and textural metrics, to guide
future studies attempting to separate monodominant tropical forest types.

2. Materials and Methods
The workflow for this study involved the use of a random forest algorithm in Google

Earth Engine, trained on 1378 reference points, to classify a Sentinel-2 image composite for
monodominant Gilbertiodendron dewevrei forest. The overall workflow is summarized in
Figure 1.

2.1. Study Site

This study was conducted in the Sangha Trinational, a network of protected
areas in the north-west of the Congo River basin, across Cameroon, the Central
African Republic, and the Republic of Congo (Figure 2). It covers a total area of
746,309 hectares, including three national parks: the Nouabalé-Ndoki National Park (Re-
public of Congo; 2◦05′–3◦03′N, 16◦51′–16◦56′E, 4238.7 km2), the Lobéké National Park
(Cameroon; 2◦05′–2◦30′N, 15◦33′–16◦11′E, 2178.54 km2), and the Dzanga-Ndoki National
Park (Central African Republic; 2◦22′–3◦08′N, 16◦06′–16◦55′E, 1143.26 km2), which is split
across two distinct units. There is also a buffer zone around the national parks that includes
the Dzanga-Sanga Forest Reserve. For this study, we focus only on the three national parks.

Annual rainfall within the Sangha Trinational ranges from 1450 to more than
1600 mm [49,55]. Soils within the region are classified as Ferralsols (both Xanthic and
Orthic) and Orthic Luvisols [56]. White [16] classified the vegetation of this area broadly
as mixed moist semi-evergreen Guineo-Congolian rainforest, and Harris [57] identified
five distinct forest types: mixed species terre firme forest, monodominant G. dewevrei forest,
Raphia swamp forest, streamside forest, and seasonally flooded forest.

2.2. Dataset
2.2.1. Reference Data Points

In order to produce an accurate map of G. dewevrei forest, we collected a high-quality
dataset of reference points from the Sangha Trinational and surrounding areas to train the
classifier. Reference data consisted of points in G. dewevrei forest and points collected in
other areas of tree cover—primarily mixed terre firme forest, as well as secondary regrowth,
seasonally flooded forests, blackwater flooded forests, oil palm plantations, coffee plan-
tations, other agriculture, swamps, Raphia swamps, etc. This data consisted of a total of
497 points in G. dewevrei forest, and 881 points in other areas of tree cover. These were
primarily field observations, supplemented by data points from herbarium specimens and
those derived from high-resolution satellite imagery.
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country borders. Created using QGIS v3.34.

Field observations were collected on the ground, using hand-held GPS units (Garmin
GPSMap 65s), and consisted of 291 points in G. dewevrei forest and 110 in mixed terre firme
forest. These field data were supplemented by plotting coordinates from geo-referenced
herbarium specimens collected in G. dewevrei forest, and in other forest types, which were
visually examined and verified using high-resolution satellite imagery. Visual interpretation
was carried out using a custom-built project in Collect Earth Online [58], which provided
access to a very high-resolution Mapbox satellite imagery base map. We also used high-
resolution imagery from Google Earth Pro and Microsoft Bing Maps. Only points for
which we had strong confidence were selected. Additional points in both G. dewevrei forest
and other areas of tree cover were selected from high-resolution satellite imagery alone.
Example points are shown in Figure 3, and a map of the training points is presented in
Appendix A (Figure A1).
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Figure 3. Sentinel-2 image composite in Google Earth Engine showing example reference points. Top
panel shows points in G. dewevrei forest (red), middle panel shows points in mixed terre firme forest
(blue), and bottom panel shows examples of other categories of tree cover included in the classification.
Background satellite imagery is an image composite from Sentinel-2 images for 2021–2022, visualized
using B11 (SWIR1), B8 (NIR), and B4 (red band).

2.2.2. Sentinel-2 Images for Classification

Sentinel-2 imagery was downloaded from the study area for the period of 2021–2022.
We used level-2A images, which have undergone atmospheric correction using Sen2Cor.
Multi-year composites were used to reduce the effects of cloud cover, and artifacts caused
by atmospheric correction models in cloudy regions. A phenology approach was also
tested, but this did not improve our classifier and hence was not pursued. To remove
clouds and cloud shadows, we used the QA60 cloud mask band and Sentinel-2 cloud
probability datasets. Pixels were selected with a cloud probability of less than 10%. We
then created an image composite using the median value. To restrict classification to areas
with tree cover, we applied a tree cover mask from the ESA WorldCover 10 m 2020 product,
which provides a global land cover map for 2020 at 10 m resolution [59]. According to an
independent evaluation, the ESA global landcover map achieves good accuracies for tree
cover (user accuracy of 80.1 ± 0.1 95% CI and producer accuracy of 89.9 ± 0.1 95% CI) [60].

2.3. Calculating Spectral, Vegetation and Textural Indices

We computed the following candidate predictors for the classification: spectral bands,
spectral indices, gray level co-occurrence matrix (GLCM) textural indices and a PCA for
each band of Sentinel-2 imagery. GLCM textural metrics represent the distance and angular
relationships between sub-regions of an image, by quantifying the frequency at which, in
a mobile kernel of a specified size, a pair of grayscale pixel brightness values occurs [61].
These were calculated in Google Earth Engine using ee.Image.glcmTexture with a neigh-
borhood size of 7, and kernel size of a 3 × 3 square. Principle component analysis was also
carried out in Google Earth Engine, in order to capture variability in spectral signatures, fol-
lowing methods proposed by Gutkin et al. [62]. This involved centring the data, computing
the covariance matrix, extracting eigenvalues and eigenvectors, and transforming the bands
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into principal components, which were then normalized by their standard deviation. The
final inputs to classification were selected using recursive feature elimination [63], whereby
the classification was run iteratively, removing the least important input variable at each
step. Training and validation accuracies were calculated using a withheld 20% subset of
the training data and plotted (Figure A2) to evaluate the performance of the classification.
A total of 16 input bands and indices were chosen as the fewest number of variables that
still achieved a validation accuracy of 0.98 (Table 1). These included GLCM sum average
(SAVG) texture, the standard deviation of NDVI, and PCAs of Sentinel bands.

Table 1. Input variables to random forest classification of Sentinel-2 imagery for monodominant G.
dewevrei forest in the Sangha Trinational.

Input Description

B3 Sentinel-2 Green band (10 m)
B5 Sentinel-2 Red Edge 1 band (20 m)
B6 Sentinel-2 Red Edge 2 band (20 m)

B8A Sentinel-2 Red Edge 4 band (20 m)
B9 Sentinel-2 Water vapour band (60 m)

B11 Sentinel-2 SWIR 1 band (20 m)
B12 Sentinel-2 SWIR 2 band (20 m)

B3_PCA PCA of B3 (Green band)
B5_PCA PCA of B5 (Red Edge 1 band)

NDVI Normalized difference vegetation index:
NIR = (B8 − B4)/(B8 + B4)

SATVI Soil-adjusted total vegetation index:
SATVI = ((SWIR1 − RED)/(SWIR1 + RED + 0.1)) ×(1.1 − (SWIR2/2))

texture Standard deviation of NDVI (5 × 5 pixel moving window)

savg B11

Sum average B11
Sum average = average of pixel pairs within a GLCM.

Savg = ∑
2Ng
i=2 iPx+y(i)

Where Ng is the number of distinct gray levels in the quantized image.
savg B5 Sum average B5
savg B6 Sum average B6
savg B8 Sum average B8

2.4. Random Forest Classifications

In order to produce a binary classification map of G. dewevrei forest, we ran a random
forest algorithm with 500 decision trees on our Sentinel-2 image composite, using the
reference data as input. Random forest was selected as the algorithm is generally robust to
multi-collinearity and can effectively handle a large number of predictor variables. Random
forest was chosen over deep learning methods due the computational intensity of deep
learning, and the black box nature of these techniques leading to a loss of interpretabil-
ity [64]. Support vector machine (SVM) was considered alongside random forest, as both
these methods are frequently used in the remote sensing community; however, random
forest was selected since it allows the study of variable importance [65], does not come
with the added complexity of choosing a suitable kernel [66], and in a review of remote
sensing literature was reported as achieving higher accuracy and lower variance for studies
of LULC [64].

A sensitivity analysis of the random forest algorithm was carried out, testing the
number of trees iteratively from 100 to 1000, and calculating training and validation
accuracies using a witheld 20% of the training data (Table A2). We selected 500 trees
for the final classification, as maximum training accuracy was achieved, and validation
accuracy had effectively stabilized. This is a common parameter selection in random forest
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classifications [67]. The resulting classification was filtered to remove noise, removing areas
with fewer than 16 connected pixels. Further filtering was carried out on the finished map
by running majority filters twice with kernels of size 7 × 7.

To produce a probability-based classification, we implemented stratified two-thirds
Monte Carlo selection, whereby 1000 times, two-thirds of all data points per class were
randomly selected and the random forest classification was run. Each pixel was then
plotted based on the proportion of times it was identified as G. dewevrei forest. This was
loosely based on methods set out by Crezee et al. [68] when mapping peat thickness in the
Congo basin.

2.5. Accuracy Assessments

We ran accuracy assessments on the binary classification map, following recommended
good practices [69]. Given that splitting data into training and validation data carries a
risk of lack of independence, and may lead to overestimating accuracy, we created a new
independent validation dataset, by randomly selecting 300 points across our study area,
100 that had been classified as G. dewevrei forest and 200 that had been classified as other
areas of tree cover. These points were then visually classified independently using high-
resolution satellite imagery in Collect Earth Online. We compared these validation points
to the classified map following methods proposed by Olofsson et al. [69], to obtain an error
matrix, an error matrix of estimated areas, and user, producer, and overall accuracy figures.
A map of the validation points is presented in Appendix A (Figure A1).

2.6. Linking the Map with Environmental Data

To investigate the association of G. dewevrei forest with watercourses, and to demon-
strate the usability of this map, we mapped rivers across the study area using WWF
hydroSHEDS Free flowing Rivers Networks v1 [70]. A buffer of 250 m was created around
every river, and the proportion of mapped G. dewevrei forest that fell within this area was
calculated.

3. Results
3.1. Classification Maps

We produced a binary classification of monodominant Gilbertiodendron dewevrei forest
versus other forest types across the National Parks of the Sangha Trinational, using a
random forest classification algorithm on a 2021–2022 Sentinel-2 mosaic (Figure 4). This
algorithm classified the study area as 2287 km2 G. dewevrei forest and 5571 km2 other forest
area; thus, the mapped area suggests that forest area within the Sangha Trinational is 29.1%
monodominant Gilbertiodendron dewevrei forest.

In addition to the binary map, we also produced a probability-based classification
by running the random forest classification 1000 times, using a different subset of the
training data each time and then rendering the map based on the proportion of times
each pixel was identified as G. dewevrei forest (Figure 5). This map showed a similar
general pattern of G. dewevrei distribution, but it picked up on smaller patches with a lower
probability of being dominated by G. dewevrei, and highlighted that the boundary pixels
have a lower probability. Shapefiles for the binary map and probability-based map are
provided (Supplementary Materials).
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of training data. Black outlines show national park and country boundaries, and blue represents
large rivers in the area. Created using QGIS v.3.34.
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3.2. Classification Accuracy

Overall accuracy was 0.83 [Cl = 0.04], with user accuracy for G. dewevrei classification
of 0.80 [CI = 0.09], and producer accuracy of 0.67 [Cl = 0.07] (adjusted by area weights,
following Olofsson et al. [69]) (Table 2). The mapped area of G. dewevrei forest was lower
than the estimated area (228,700 ha compared to 272,559 ha), indicating that our mapped
area of G. dewevrei forest is conservative. The actual proportional area covered by G. dewevrei
forest may be 34.7% [CI 30.4–39.0%].

Table 2. Accuracy assessment and area estimation for mapping of Gilbertiodendron dewevrei forest
across the Sangha Trinational according to methods proposed by Olofsson et al. [69].

(A) Error Matrix of Reference Data

Reference

G. dewevrei Other Total Area Precision

Map G. dewevrei 65 16 81 228,700 0.80
Other 35 184 219 557,100 0.84

Total 100 200 300 785,800
Recall 0.65 0.92

F1 score 0.72 0.88

(B) Error Matrix of Area Proportions

Reference

G. dewevrei Other Total User accuracy 95% CI

Map G. dewevrei 0.234 0.057 0.291 0.8 0.09
Other 0.113 0.596 0.709 0.84 0.05

Total 0.347 0.653 1
Producer accuracy 0.67 0.91 Overall 0.83 0.04

95% CI 0.07 0.04

(C) Mapped and Estimated Area

Mapped area (ha) Estimated area (ha) Lower 95% CI Upper 95% CI

G. dewevrei 228,700 272,559 238,907 306,211
Other 557,100 513,241 479,589 546,893

Total 785,800

To establish the sensitivity of the accuracy figures to uncertainty and errors in the
class labelling, we also present the accuracy values that we obtained if we assumed that
every point in our validation dataset of which we were not 100% confident was in fact the
alternate class (Table A1). This resulted in negligible changes to our user and producer
accuracy figures, and no change to overall accuracy.

3.3. Striping in Satellite Imagery

We used level 2A Bottom-Of-Atmosphere (BOA) Sentinel-2 imagery, which has under-
gone atmospheric correction. This should also ensure a bidirectional reflectance distribution
function (BRDF)-corrected product. However, the L2A products currently available from
ESA do not fully resolve the issue in the difference in brightness across the acquisitions in
the west–east direction [38]. This is an artifact caused by the double acquisition of sentinel
images [71]. The striping effect caused by this is apparent in our satellite image compos-
ite (Figure 6A), and calls into question the accuracy of the classification for this section
(Figure 6B). However, accuracy assessments within the stripe report similar accuracies to
that of the whole map, and that of the non-striped region (Tables A3 and A4), demonstrating
we have minimized the potential residual influence of the striping on our classification.
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Figure 6. Striping in Sentinel-2 imagery caused by adjacent swaths from the two Sentinel satellites at
different viewing angles. (A) Sentinel- 2 image composite for 2021–2022 showing striped portion.
Visualized in Google Earth Engine using B11 (SWIR1), B8 (NIR) and B4 (red band). Non-forest
pixels are masked out according to the ESA global landcover map. (B) Classified map of the Sangha
Trinational in Google Earth Engine, with the region of the classification affected by striping in the
Sentinel-2 composite highlighted with a red polygon.
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3.4. Variable Importance

We performed recursive feature elimination to remove redundant layers, leaving only
those input variables contributing most to classification accuracy. Textural metrics made
the greatest contribution to classification accuracy scores, in particular savgB6 and savgB11
(Figure 7).
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imagery across the Sangha Trinational for monodominant Gilbertiodendron dewevrei forest.

3.5. Linking Gilbertiodendron dewevrei Distribution to Environmental Variables

Our binary classification map (Figure 4) confirms that G. dewevrei forest is often found
along the borders of rivers and watercourses. However, there are also large areas of
connected pixels that extend beyond rivers. We conducted an analysis to investigate how
much of our mapped G. dewevrei forest was found in close proximity to a river, finding
that only 11.4% of G. dewevrei forest in the Sangha Trinational was within 250 m of a river
(Figure 8). The dataset of watercourses used here is a global one, whose resolution does not
go down to the smallest streams. Therefore, it is likely this figure is a slight underestimation.
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Figure 8. Section of river buffer analysis conducted in Google Earth Engine. A global dataset of
watercourses was plotted (WWF hydroSHEDS Free Flowing Rivers Networks v1), and a 250 m buffer
was drawn around each river. The proportion of G. dewevrei forest that fell within these buffers was
then calculated. The dark green color shows G. dewevrei forest and the light green is other forest types.

4. Discussion
Here, we map monodominant Gilbertiodendron dewevrei forest across the Sangha Tri-

national based on Sentinel-2 imagery, and 1378 reference points, with an overall accuracy
of 0.83. The most important inputs were two textural metrics: sum average of B11, and
sum average of B6, suggesting that the uniform texture created by the many crowns of
similar shape and width is key to the mapping of monodominant G. dewevrei forest. Sum
average (SAVG) is the average of pixel pairs within a GLCM [72], and this metric has also
been identified by other studies as useful for forest applications such as mapping forest
disturbance [73], mapping oil palm [74], and for detecting selective logging [75].

Remote sensing imagery has previously shown promise for mapping monodominant
forests. Letouzey [76] began mapping G. dewevrei forest in Cameroon using visual inter-
pretation of aerial photographs. Degagne et al. [53] found Landsat imagery was able to
delineate monodominant D. corymbosa forest in Guyana with an accuracy of more than
80%. Barbier et al. [52] used a set of high spatial resolution satellite images (including spot6
and 7 images, Pleiades, Orbview, Quickbird, and GeoEye images) to manually map areas
dominated by G. dewevrei. More recently, Picard [12] mapped out the vegetation types in an
area of 18,500 km2 to the south of our study area in the Republic of Congo, of which a small
proportion was G. dewevrei forest, using sentinel-2 imagery and deep learning architectures.
Here, we build on this work by focusing on G. dewevrei forest in an area with much greater
distribution of this forest type (29% compared to 2%), and investigating more spectral and
textural inputs to the classification.

The current study maps 29% of the Sangha Trinational as monodominant G. dewevrei
forest. This is significantly higher than estimates in the literature for the Sangha Trinational
(e.g., 11% in [77]), and for other areas across the Congo Basin [12,76,78]. We also map
higher quantities of G. dewevrei forest in the Nouabalé-Ndoki national park in northern
Republic of Congo, and the Dzanga-Ndoki national park in the Central African Republic,
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than in the Lobéké National Park in eastern Cameroon. This fits with previous mapping
and observations from Letouzey [76]. Extending this classification over a larger area
would provide further insights into the underlying drivers of current day distribution of G.
dewevrei, including soils, climate, and past human activity.

Gilbertiodendron dewevrei forest is reported as occurring mainly along riversides [1,48].
Kearsley et al. [48] argue, in their study area west of Kisangani, DR Congo, that this is
due to the low drought resistance and low potential for water regulation of G. dewevrei
trees. However, other studies have noted areas of G. dewevrei forest on hilltops away from
water courses [49,52,79,80]. Here, we find that only 11.4% of the G. dewevrei forest in the
Sangha Trinational is within 250 m of a river. This contrasts with Kearsley’s et al. [48]
theory, and also findings by Picard et al. [12], who investigated a proxy for water table
depth, HAND (height above nearest drainage) index, which suggested that G. dewevrei
forest is distributed where the water table is shallow. However, G. dewevrei forest is much
more represented in our study area, making up almost 30% of forest cover in the Sangha
Trinational, which may explain the differences in distribution patterns. G. dewevrei trees
have a large taproot [50], which can reach a depth of approximately 2 m, potentially helping
it access deep groundwater and grow in these higher elevation areas [49]. Further work
could investigate the differences between G. dewevrei forest in the upland patches and
streamside G. dewevrei forest, both through looking for differences in spectral signatures,
and fieldwork investigating ecological factors such as soil.

Mapping of specific forest types, as presented here, has the potential to inform local
conservation management and planning. G. dewevrei forest in the Sangha Trinational is
distinct from mixed species forest [51], and has apparent old-growth status [81]. At present,
indications are that, if cleared, this forest type may take thousands of years to grow back,
due to its slow growth rate, extremely low dispersal rate, and the importance of feedback
mechanisms for the maintenance of its monodominance [43,44,46,47,49]. This map will
inform management of G. dewevrei forest within the national parks, and can be extended
to the surrounding areas in which logging, hunting, and harvesting of some non-timber
forest products is permitted.

Our study was impacted by striping in Sentinel-2 imagery, an artifact caused by the
double acquisition of Sentinel satellites. This effect is especially pronounced over dense
humid forests [38]. In initial iterations, the striping effect was influencing our classification,
leading to an over-classification of G. dewevrei forest within the striped area. We addressed
this by removing certain inputs from the classification that were most affected by the
striping, achieving comparable accuracies to that in the non-striped region. However,
when the classification was extended to areas where less training data were available
(e.g., 150 km2 in all directions from our study area), the over-classification of these pixels
to the east and west of the adjacent swaths as G. dewevrei forest was still apparent. We
therefore advise caution in expanding classifiers over larger regions where high-quality
training data are not available. Other authors have cited this as a problem, especially
across tropical central Africa, e.g., [38,42], suggesting various fixes, which although they
do improve the quality of the imagery, do not completely remove the effect. The need for
complex corrections for the geometry of the sensor undermines efforts to make remote
sensing products accessible, and ESA needs to provide a product for which this effect is
addressed and accounted for.

In this study, we present both a binary classification, and a probability-based classifi-
cation. These were similar; however, there were more small patches of G. dewevrei forest in
the probability-based classification. This was partly due to the lack of filtering for this map,
as pixels did not exist in discreet classes. Most smaller patches of G. dewevrei had a lower
probability (often 60–70%), suggesting that our classification was less effective at delimitat-
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ing smaller patches of G. dewevrei forest. Sentinel-2 data do have the potential to distinguish
between small patches of highly fragmented forest types (e.g., [82]). Our training data
are of note here, as some of the field data did come from small patches of G. dewevrei,
but largely the training data from satellite imagery were skewed towards larger areas of
G. dewevrei as they are easier to delimitate with a high confidence level. Collecting more
field data from small patches of G. dewevrei forest may therefore improve the sensitivity of
our classifier. Our probability-based classification also showed more uncertainty around
the boundaries of G. dewevrei forest. This was unexpected since G. dewevrei is reported as
forming extremely sharp boundaries with mixed forest [44,83].

Efforts to improve sensitivity of the classification could also investigate other remote
sensing products; however, a key issue is the availability of data across Central Africa.
Hyperspectral sensors capture reflected radiation in narrower spectral bands than multi-
spectral sensors (around 10 nm), capturing fine spectral differences across a broad range
of wavelengths [84]. Recent advances in hyperspectral sensors such as EnMAP [85] may
offer new possibilities for mapping forest types. Very high-resolution images (VHRI)
have a spatial resolution of less than 0.5 m [84]. These images have shown promise in
identifying individual tree species, enabling the extraction of structural information from
individual tree crowns [86,87]. Barbier et al. [52] report that mapping of G. dewevrei pockets
based on canopy texture descriptors works well for Pleiades, GeoEye, and Worldview
images. However, their high costs restrict their use to small-scale studies where budget is
available [88].

Recent progress has also been made in distinguishing different forest types using LiDAR
and radar data [84,89], which can penetrate the forest canopy, allowing the measurement of
structural aspects of the vegetation such as forest height, canopy openness, and density [90–93].
LiDAR data have been used to improve tree species classifications [94–96], and to map
vegetation types in a tropical forest-savanna matrix in Gabon, including monodominant
Okoumé (Aucoumea klaineana) forest [97]. Airborne radar and LiDAR can provide higher
resolution data, but these technologies lack global coverage and can be prohibitively expensive.
Space-born LiDAR data readily available from the GEDI mission could be investigated to
improve classification accuracy, as monodominant G. dewevrei forest has structural differences
from mixed terre firme forest [51]. Sentinel-1 Synthetic-aperture Radar (SAR) data also provide
consistent measurements almost unaffected by cloud cover. However, initial inclusion of VV
and VH bands from Sentinel-1 images in preliminary classifications for this study showed
very low variable importance scores and so were excluded from the final classification.

There is potential for applying this classification to a different study area or scaling up
to cover a larger region. Additional considerations, which we were not able to address in
the scope of this study, include how well the classifier would distinguish between other
tree species that also form monodominant stands, such as Julbernardia seretii, especially in
the DRC. However, G. dewevrei is uniquely dominant in central Africa, reaching higher
levels of dominance than any other species [45,50,98], and so may form more uniform
canopies than other species, and thus still be distinguished by the Sentinel-2 classifier.
Additionally, further investigation into other tree species which form monodominant
stands may reveal traits that can be used to separate them from G. dewevrei, such as any
phenological differences. Our study also focused only on G. dewevrei forest within protected
areas where human disturbance is minimized. Further studies and data are needed to
investigate whether G. dewevrei forest can be separated from degraded and disturbed areas
and from tree plantations using the methods developed here.

The research presented in this study also indicates exciting possibilities in the field
of mapping individual tree species, which is an area of high interest in the current remote
sensing research environment, e.g., [35,99]. However, a key feature of the monodomi-
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nant stands we were able to map was the uniform texture created by the many adjacent
crowns of the same species, which may limit its applicability to species that do not form
monodominant stands of this kind.

5. Conclusions
Our findings show that Sentinel-2 data can successfully map a tropical forest type

within a matrix of spectrally very similar forest types. Monodominant Gilbertiodendron
dewevrei forest was mapped across the Sangha Trinational using Sentinel-2 data, and a
combination of standard spectral bands, vegetation indices, and GLCM textural metrics.
The textural metrics proved to be the most important factors for delimitating this forest
type, due to the more regular texture created by crowns of G. dewevrei being consistently
different from the more varied texture created by the high numbers of different species in
mixed terre firme forest. We have also shown that within the Sangha Trinational, unlike in
other areas, G. dewevrei forest is not just distributed alongside rivers, but a large amount of
G. dewevrei forest exists in large upland patches. This presents exciting avenues for future
research focusing on a better understanding of the ecology of this species. Our analysis
produced a local map of G. dewevrei forest, which will be useful for informing conservation
management of the Sangha Trinational, and more generally demonstrated the potential
of Sentinel-2 data, and in particular that of textural metrics, in mapping different forest
types across central Africa, if these exhibit structural and textural differences, such as seen
in monodominant and mixed forest types.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17091639/s1; File S1: Shapefiles for maps of Gilbertiodendron
dewevrei forest across the Sangha Trinational.
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cording to methods proposed by Olofsson et al. [69] if all points in our validation dataset of which 
we were uncertain had the opposite class to what was assigned. 

(A) Error Matrix of Reference Data 
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Figure A1. Training and validation datasets. (A) Dataset of Gilbertiodendron dewevrei points and
points in other categories of tree cover, used to train the random forest algorithm. Green points are
G. dewevrei and pink points are other vegetation types. (B) Randomly generated validation dataset,
plotted according to results from accuracy assessment. Green points are those correctly classified as
G. dewevrei, pink points are those correctly classified as other, red points are false positives (classified
as G. dewevrei but validated as other), and blue points are false negatives (classified as other but
validated as G. dewevrei).

Appendix B

Table A1. Accuracy assessment for mapping of G. dewevrei forest across the Sangha Trinational
according to methods proposed by Olofsson et al. [69] if all points in our validation dataset of which
we were uncertain had the opposite class to what was assigned.

(A) Error Matrix of Reference Data

Reference

G. dewevrei Other Total Area Precision

Map G. dewevrei 68 18 86 228,700 0.79
Other 32 182 214 557,100 0.85

Total 100 200 300 785,800
Recall 0.68 0.91

F1 score 0.73 0.88
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Table A1. Cont.

(B) Error Matrix of Area Proportions

Reference

G. dewevrei Other Total User accuracy 95% CI

Map G. dewevrei 0.23 0.061 0.291 0.79 0.09
Other 0.106 0.603 0.709 0.85 0.05

Total 0.336 0.664 1
Producer accuracy 0.68 0.91 Overall 0.83 0.04

95% CI 0.07 0.03

(C) Mapped and Estimated Area

Mapped area (ha) Estimated area (ha) Lower 95% CI Upper 95% CI

G. dewevrei 228,700 264,137 230,925 297,349
Other 557,100 521,663 488,451 554,875

Total 785,800
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Figure A2. Training and validation accuracies from recursive feature elimination (RFE) process.
Initial classification was run iteratively, removing the least important variable at each step. Training
accuracies and validation accuracies based on a withheld 20% subset of the training data are plotted.

Appendix D

Table A2. Sensitivity analysis for number of trees used in random forest algorithm for classifying
monodominant G. dewevrei forest. Table reports number of trees used, training accuracy of initial
classification, and validation accuracy based on a withheld 20% subset of the training data.

Number of Trees Training Accuracy Validation Accuracy

100 0.996 0.898
200 0.999 0.895
300 0.999 0.898
400 1 0.895
500 1 0.902
600 1 0.902
700 1 0.902
800 1 0.906
900 1 0.906

1000 1 0.906
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Appendix E

Table A3. Accuracy assessment for mapping of G. dewevrei forest across the Sangha Trinational
according to methods proposed by Olofsson et al. [69] for the region of the classification influenced
by striping in the Sentinel-2 imagery.

(A) Error Matrix of Reference Data

Reference

G. dewevrei Other Total Area Precision

Map G. dewevrei 31.00 3.00 34 84,800 0.91
Other 7.00 39.00 46 163,900 0.85

Total 38.00 42.00 80 248,700
Recall 0.82 0.93

F1 score 0.86 0.89

(B) Error Matrix Of area Proportions
Reference

G. dewevrei Other Total User accuracy 95% CI

Map G. dewevrei 0.311 0.03 0.341 0.91 0.1
Other 0.1 0.559 0.659 0.85 0.1

Total 0.411 0.589 1
Producer accuracy 0.76 0.95 Overall 0.87 0.08

95% CI 0.13 0.05

(C) Mapped and Estimated Area

Mapped area (ha) Estimated area
(ha) Lower 95% CI Upper 95% CI

G. dewevrei 84,800 102,259 83,201 121,317
Other 163,900 146,441 127,383 165,499

Total 248,700

Table A4. Accuracy assessment for mapping of G. dewevrei forest across the Sangha Trinational ac-
cording to methods proposed by Olofsson et al. [69] for classification excluding the region influenced
by striping in the Sentinel-2 imagery.

(A) Error Matrix of Reference Data

Reference

G. dewevrei Other Total Area Precision

Map G. dewevrei 34.00 13.00 47 143,900 0.72
Other 28.00 145.00 173 393,200 0.84

Total 62.00 158.00 220 537,100
Recall 0.55 0.92

F1 score 0.62 0.88

(B) Error Matrix of Area Proportions

Reference

G. dewevrei Other Total User accuracy 95% CI

Map G. dewevrei 0.194 0.074 0.268 0.72 0.13
Other 0.118 0.614 0.732 0.84 0.06
Total 0.312 0.688 1

Producer accuracy 0.62 0.89 Overall 0.81 0.05
95% CI 0.09 0.05

(C) Mapped and Estimated Area

Mapped area (ha) Estimated area
(ha) Lower 95% CI Upper 95% CI

G. dewevrei 143,900 167,737 139,199 196,275
Other 393,200 369,363 340,825 397,901

Total 537,100



Remote Sens. 2025, 17, 1639 20 of 24

References
1. Fayolle, A.; Picard, N.; Doucet, J.-L.; Swaine, M.; Bayol, N.; Bénédet, F.; Gourlet-Fleury, S. A New Insight in the Structure,

Composition and Functioning of Central African Moist Forests. For. Ecol. Manag. 2014, 329, 195–205. [CrossRef]
2. Réjou-Méchain, M.; Mortier, F.; Bastin, J.-F.; Cornu, G.; Barbier, N.; Bayol, N.; Bénédet, F.; Bry, X.; Dauby, G.; Deblauwe, V.; et al.

Unveiling African Rainforest Composition and Vulnerability to Global Change. Nature 2021, 593, 90–94. [CrossRef] [PubMed]
3. Jucker, T.; Bongalov, B.; Burslem, D.F.R.P.; Nilus, R.; Dalponte, M.; Lewis, S.L.; Phillips, O.L.; Qie, L.; Coomes, D.A. Topography

Shapes the Structure, Composition and Function of Tropical Forest Landscapes. Ecol. Lett. 2018, 21, 989–1000. [CrossRef]
[PubMed]

4. Givnish, T.J. On the Causes of Gradients in Tropical Tree Diversity. J. Ecol. 1999, 87, 193–210. [CrossRef]
5. Kerr, J.T.; Ostrovsky, M. From Space to Species: Ecological Applications for Remote Sensing. Trends Ecol. Evol. 2003, 18, 299–305.

[CrossRef]
6. Turner, W.; Spector, S.; Gardiner, N.; Fladeland, M.; Sterling, E.; Steininger, M. Remote Sensing for Biodiversity Science and

Conservation. Trends Ecol. Evol. 2003, 18, 306–314. [CrossRef]
7. Wang, K.; Franklin, S.E.; Guo, X.; Cattet, M. Remote Sensing of Ecology, Biodiversity and Conservation: A Review from the

Perspective of Remote Sensing Specialists. Sensors 2010, 10, 9647–9667. [CrossRef]
8. Anderson, C.B. Biodiversity Monitoring, Earth Observations and the Ecology of Scale. Ecol. Lett. 2018, 21, 1572–1585. [CrossRef]
9. Cavender-Bares, J.; Schneider, F.D.; Santos, M.J.; Armstrong, A.; Carnaval, A.; Dahlin, K.M.; Fatoyinbo, L.; Hurtt, G.C.; Schimel,

D.; Townsend, P.A.; et al. Integrating Remote Sensing with Ecology and Evolution to Advance Biodiversity Conservation. Nat.
Ecol. Evol. 2022, 6, 506–519. [CrossRef]

10. Ordway, E.M.; Naylor, R.L.; Nkongho, R.N.; Lambin, E.F. Oil Palm Expansion and Deforestation in Southwest Cameroon
Associated with Proliferation of Informal Mills. Nat. Commun. 2019, 10, 114. [CrossRef]

11. Fonteyn, D.; Vermeulen, C.; Gorel, A.; Silva de Miranda, P.L.; Lhoest, S.; Fayolle, A. Biogeography of Central African Forests:
Determinants, Ongoing Threats and Conservation Priorities of Mammal Assemblages. Divers. Distrib. 2023, 29, 698–712.
[CrossRef]

12. Picard, J.; Nungi-Pambu Dembi, M.M.; Barbier, N.; Cornu, G.; Couteron, P.; Forni, E.; Gibbon, G.; Lim, F.; Ploton, P.; Pouteau, R.;
et al. Combining Satellite and Field Data Reveals Congo’s Forest Types Structure, Functioning and Composition. Remote Sens.
Ecol. Conserv. 2024, 11, 200–220. [CrossRef]

13. Turubanova, S.; Potapov, P.V.; Tyukavina, A.; Hansen, M.C. Ongoing Primary Forest Loss in Brazil, Democratic Republic of the
Congo, and Indonesia. Environ. Res. Lett. 2018, 13, 074028. [CrossRef]

14. Gourlet-Fleury, S.; Mortier, F.; Fayolle, A.; Baya, F.; Ouédraogo, D.; Bénédet, F.; Picard, N. Tropical Forest Recovery from Logging:
A 24 Year Silvicultural Experiment from Central Africa. Phil. Trans. R. Soc. B 2013, 368, 20120302. [CrossRef]

15. Edwards, D.P.; Socolar, J.B.; Mills, S.C.; Burivalova, Z.; Koh, L.P.; Wilcove, D.S. Conservation of Tropical Forests in the Anthro-
pocene. Curr. Biol. 2019, 29, R1008–R1020. [CrossRef] [PubMed]

16. White, F. The Vegetation of Africa; United Nations Educational, Scientific and Cultural Organization: Paris, France, 1983.
17. Raven, P.H.; Gereau, R.E.; Phillipson, P.B.; Chatelain, C.; Jenkins, C.N.; Ulloa Ulloa, C. The Distribution of Biodiversity Richness

in the Tropics. Sci. Adv. 2020, 6, eabc6228. [CrossRef]
18. Mittermeier, R.A.; Myers, N.; Thomsen, J.B.; Da Fonseca, G.A.B.; Olivieri, S. Biodiversity Hotspots and Major Tropical Wilderness

Areas: Approaches to Setting Conservation Priorities. Conserv. Biol. 1998, 12, 516–520. [CrossRef]
19. Grantham, H.S.; Shapiro, A.; Bonfils, D.; Gond, V.; Goldman, E.; Maisels, F.; Plumptre, A.J.; Rayden, T.; Robinson, J.G.; Strindberg,

S.; et al. Spatial Priorities for Conserving the Most Intact Biodiverse Forests within Central Africa. Environ. Res. Lett. 2020, 15,
0940b5. [CrossRef]

20. Brooks, T.M.; Mittermeier, R.A.; Da Fonseca, G.A.B.; Gerlach, J.; Hoffmann, M.; Lamoreux, J.F.; Mittermeier, C.G.; Pilgrim, J.D.;
Rodrigues, A.S.L. Global Biodiversity Conservation Priorities. Science 2006, 313, 58–61. [CrossRef]

21. Maisels, F.; Strindberg, S.; Blake, S.; Wittemyer, G.; Hart, J.; Williamson, E.A.; Aba’a, R.; Abitsi, G.; Ambahe, R.D.; Amsini, F.; et al.
Devastating Decline of Forest Elephants in Central Africa. PLoS ONE 2013, 8, e59469. [CrossRef]

22. Abernethy, K.; Maisels, F.; White, L.J.T. Environmental Issues in Central Africa. Annu. Rev. Environ. Resour. 2016, 41, 1–33.
[CrossRef]

23. Strindberg, S.; Maisels, F.; Williamson, E.A.; Blake, S.; Stokes, E.J.; Aba’a, R.; Abitsi, G.; Agbor, A.; Ambahe, R.D.; Bakabana, P.C.;
et al. Guns, Germs, and Trees Determine Density and Distribution of Gorillas and Chimpanzees in Western Equatorial Africa. Sci.
Adv. 2018, 4, eaar2964. [CrossRef]

24. Saatchi, S.S.; Harris, N.L.; Brown, S.; Lefsky, M.; Mitchard, E.T.A.; Salas, W.; Zutta, B.R.; Buermann, W.; Lewis, S.L.; Hagen, S.;
et al. Benchmark Map of Forest Carbon Stocks in Tropical Regions across Three Continents. Proc. Natl. Acad. Sci. USA 2011, 108,
9899–9904. [CrossRef] [PubMed]

25. Sullivan, M.J.P.; Talbot, J.; Lewis, S.L.; Phillips, O.L.; Qie, L.; Begne, S.K.; Chave, J.; Cuni-Sanchez, A.; Hubau, W.; Lopez-Gonzalez,
G.; et al. Diversity and Carbon Storage across the Tropical Forest Biome. Sci. Rep. 2017, 7, 39102. [CrossRef] [PubMed]

https://doi.org/10.1016/j.foreco.2014.06.014
https://doi.org/10.1038/s41586-021-03483-6
https://www.ncbi.nlm.nih.gov/pubmed/33883743
https://doi.org/10.1111/ele.12964
https://www.ncbi.nlm.nih.gov/pubmed/29659115
https://doi.org/10.1046/j.1365-2745.1999.00333.x
https://doi.org/10.1016/S0169-5347(03)00071-5
https://doi.org/10.1016/S0169-5347(03)00070-3
https://doi.org/10.3390/s101109647
https://doi.org/10.1111/ele.13106
https://doi.org/10.1038/s41559-022-01702-5
https://doi.org/10.1038/s41467-018-07915-2
https://doi.org/10.1111/ddi.13677
https://doi.org/10.1002/rse2.419
https://doi.org/10.1088/1748-9326/aacd1c
https://doi.org/10.1098/rstb.2012.0302
https://doi.org/10.1016/j.cub.2019.08.026
https://www.ncbi.nlm.nih.gov/pubmed/31593660
https://doi.org/10.1126/sciadv.abc6228
https://doi.org/10.1046/j.1523-1739.1998.012003516.x
https://doi.org/10.1088/1748-9326/ab9fae
https://doi.org/10.1126/science.1127609
https://doi.org/10.1371/journal.pone.0059469
https://doi.org/10.1146/annurev-environ-110615-085415
https://doi.org/10.1126/sciadv.aar2964
https://doi.org/10.1073/pnas.1019576108
https://www.ncbi.nlm.nih.gov/pubmed/21628575
https://doi.org/10.1038/srep39102
https://www.ncbi.nlm.nih.gov/pubmed/28094794


Remote Sens. 2025, 17, 1639 21 of 24

26. Poulsen, J.R.; Clark, C.J.; Mavah, G.; Elkan, P.W. Bushmeat Supply and Consumption in a Tropical Logging Concession in
Northern Congo. Conserv. Biol. 2009, 23, 1597–1608. [CrossRef]

27. Nasi, R.; Taber, A.; Van Vliet, N. Empty Forests, Empty Stomachs? Bushmeat and Livelihoods in the Congo and Amazon Basins.
Int. For. Rev. 2011, 13, 355–368. [CrossRef]

28. White, L.J.T.; Masudi, E.B.; Ndongo, J.D.; Matondo, R.; Soudan-Nonault, A.; Ngomanda, A.; Averti, I.S.; Ewango, C.E.N.; Sonké,
B.; Lewis, S.L. Congo Basin Rainforest—Invest US$150 Million in Science. Nature 2021, 598, 411–414. [CrossRef]

29. Shapiro, A.; d’Annunzio, R.; Desclée, B.; Jungers, Q.; Kondjo, H.K.; Iyanga, J.M.; Gangyo, F.I.; Nana, T.; Obame, C.V.; Milandou,
C.; et al. Small Scale Agriculture Continues to Drive Deforestation and Degradation in Fragmented Forests in the Congo Basin
(2015–2020). Land. Use Policy 2023, 134, 106922. [CrossRef]

30. Mayaux, P.; Pekel, J.-F.; Desclée, B.; Donnay, F.; Lupi, A.; Achard, F.; Clerici, M.; Bodart, C.; Brink, A.; Nasi, R.; et al. State and
Evolution of the African Rainforests between 1990 and 2010. Phil. Trans. R. Soc. B 2013, 368, 20120300. [CrossRef]

31. Edwards, D.P.; Sloan, S.; Weng, L.; Dirks, P.; Sayer, J.; Laurance, W.F. Mining and the African Environment. Conserv. Lett. 2014, 7,
302–311. [CrossRef]

32. Zhou, L.; Tian, Y.; Myneni, R.B.; Ciais, P.; Saatchi, S.; Liu, Y.Y.; Piao, S.; Chen, H.; Vermote, E.F.; Song, C.; et al. Widespread Decline
of Congo Rainforest Greenness in the Past Decade. Nature 2014, 509, 86–90. [CrossRef]

33. Zelazowski, P.; Malhi, Y.; Huntingford, C.; Sitch, S.; Fisher, J.B. Changes in the Potential Distribution of Humid Tropical Forests
on a Warmer Planet. Phil. Trans. R. Soc. A. 2011, 369, 137–160. [CrossRef] [PubMed]

34. Fritz, S.; See, L.; McCallum, I.; Schill, C.; Obersteiner, M.; Van Der Velde, M.; Boettcher, H.; Havlík, P.; Achard, F. Highlighting
Continued Uncertainty in Global Land Cover Maps for the User Community. Environ. Res. Lett. 2011, 6, 044005. [CrossRef]
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