Article

Improving Forest Baseline Maps in Tropical Wetlands Using
GEDI-Based Forest Height Information and Sentinel-1
Kamiel Verhelst *, Yaqing Gou, Martin Herold and Johannes Reiche
Laboratory of Geo-Information Science and Remote Sensing, Wageningen University & Research, Droevendaalsesteeg 3, 6708 PB Wageningen, The Netherlands; yaqing.gou@wur.nl (Y.G.);
martin.herold@wur.nl (M.H.); johannes.reiche@wur.nl (J.R.)
* Correspondence: kamiel.verhelst@wur.nl

Citation: Verhelst, K.; Gou, Y.;
Herold, M.; Reiche, J. Improving
Forest Baseline Maps in Tropical
Wetlands Using GEDI-Based Forest
Height Information and Sentinel-1.
Forests 2021, 12, 1374. https://
doi.org/10.3390/f12101374

Abstract: Remote Sensing-based global Forest/Non-Forest (FNF) masks have shown large inaccuracies in tropical wetland areas. This limits their applications for deforestation monitoring and alerting
in which they are used as a baseline for mapping new deforestation. In radar-based deforestation
monitoring, for example, moisture dynamics in unmasked non-forest areas can lead to false detections. We combined a GEDI Forest Height product and Sentinel-1 radar data to improve FNF masks
in wetland areas in Gabon using a Random Forest model. The GEDI Forest Height, together with
texture metrics derived from Sentinel-1 mean backscatter values, were the most important contributors to the classification. Quantitatively, our mask outperformed existing global FNF masks by
increasing the Producer’s Accuracy for the non-forest class by 14%. The GEDI Forest Height product
by itself also showed high accuracies but contained Landsat artifacts. Qualitatively, our model was
best able to cleanly uncover non-forest areas and mitigate the impact of Landsat artifacts in the GEDI
Forest Height product. An advantage of the methodology presented here is that it can be adapted
for different application needs by varying the probability threshold of the Random Forest output.
This study stresses that, in any application of the suggested methodology, it is important to consider
the UA/PA trade-off and the effect it has on the classification. The targeted improvements for wetland forest mapping presented in this paper can help raise the accuracy of tropical deforestation
monitoring.
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Increasing volumes of satellite Remote Sensing (RS) data have enabled the creation
of global, high-resolution Forests/Non-forest (FNF) masks. These binary classifications
provide information on the status of the forest extent [1] and are used for a large variety
of applications, e.g., forest accounting [2], land cover monitoring [3,4] and estimating forest carbon fluxes [5]. FNF masks are also used as a basis for deforestation monitoring and
alerting (e.g., GLAD alerts [6] and RADD alerts [7,8]). Deforestation alerts can be used by
governments for early responses to illegal deforestation events [9]. These alerts are particularly important in tropical regions, where rainforests suffer the highest loss rates compared to other forest types, making up 32% of the total forest area loss [4]. Persistent anthropogenic disturbances are identified as causes of large-scale deforestation, degradation
and highly fragmented forests in tropical regions [10,11]. Forest loss does not only cause
a direct release of CO2 into the atmosphere, but also reduces the capacity of forests to
sequester that carbon [12].
Available global FNF masks are mainly based on optical RS data [1,13], but increasingly also on radar data [14,15]. A prime example of an FNF mask based on optical data
is the Global Forest Change product by Hansen et al. [1], who used a bagged decision tree
model to classify 30 m Landsat pixels, generate a percentage canopy cover map for 2000
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and then detect the annual change in canopy cover. However, a crucial limitation of optical sensors is their dependence on good sunlight and cloud conditions [15], which is especially challenging in wet, tropical regions. Radar data—using larger-wavelength signals—are often used to overcome atmospheric disturbances. For example, Shimada et al.
[15] used L-band (24 cm) Advanced Land Observing Satellite Phased Array type L-band
Synthetic Aperture Radar (ALOS PALSAR) data to create an annual FNF mask with a 25
m ground range resolution.
A major shortcoming of the state-of-the-art FNF masks is their poor performance in
tropical wetland regions, where short vegetations (e.g., marshlands and shrubs) are often
included in the forest class. Figure 1 shows two commonly used FNF products in tropical
wetland areas. In the optical high-resolution PlanetScope reference image (Figure 1a), unforested wetland areas can be distinguished by their lighter colors, while forested wetlands are darker and rougher in texture. Both optical- and radar-based products overallocated the forest class to the unforested wetland regions (Figure 1b,c). The causes of the
misclassification of these two products, however, are partly different in nature. As for the
Landsat-based Global Forest Change product (Figure 1b), this is likely caused by the similar spectral signatures of forest and non-forest vegetation. For the radar-based DLR (German Aerospace Centre) FNF product, distinguishing forest and non-forest classes might
be hindered by similar backscatter values of the short wavelength X-band radar and by
frequent inundation [16]. Tropical wetlands have strong moisture dynamics, compared to
moist tropical forests [17], greatly affecting the radar response [8,17]. Additionally, input
data used for both FNF masks are insensitive to forest height, making it hard to distinguish different vegetated land cover classes. Over-estimating forest extent in a FNF mask
poses a major issue for deforestation monitoring, often resulting in false positive detection
of deforestation (high commission error) in wetland regions [7].

(a)

(b)

(c)

Figure 1. A comparison of: (a) a true-color, optical image from PlanetScope [18]; (b) the optical-based Global Forest Change
product [1]; and (c) the radar-based FNF mask from German Aerospace Centre (DLR) [14]. The Global Forest Change loss
product for 2000–2019 [1] was used in (b) and (c) to exclude areas that were deforested in that period. The area is in Eastern
Gabon (14.0683 E, 0.9783 N). The area is masked to only show (buffered) wetland pixels; the others are grey. Pixels classified as forest are shown in green; non-forest areas are shown in black.

One way to discern forests from vegetated wetlands is to use a forest height product.
Potapov et al. [19] recently combined data from the spaceborne Light Detection And Ranging (LiDAR) instrument Global Ecosystems Dynamics Investigation (GEDI) with Landsat
time-series to generate a global forest height product at 30 m spatial resolution. Although
relatively accurate FNF masks can be derived from this product alone [19], its local performance is substantially hindered by Landsat artifacts (e.g., Landsat 7 SLC-off stripes)
[20] and cloud gaps in tropical regions. Other global, wall-to-wall forest height products
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exist [21–23], although these have a much coarser spatial resolution (500 m–1 km) and use
input LiDAR data from before 2010. Combining a forest height product with radar data
could improve the forest mapping accuracy and remove Landsat artifacts and cloud gaps
from the resulting map [24]. As described by Joshi et al. [24], most of the shortcomings of
optical data—from which the GEDI forest height product is partly derived [19]—and radar data are complementary and, therefore, show great combination potential. Sentinel-1
C-band radar data exhibit great potential with high spatial and temporal resolution and
free access at a global scale [25]. No previous work, to the knowledge of the authors, has
attempted to combine the GEDI-based Forest Height product with Sentinel-1 radar data
for the purpose of forest mapping in wetlands.
Through the combination of GEDI-based forest heights and Sentinel-1 radar data in
wetland regions of Gabon, this study aimed to improve the accuracy of FNF masks in
tropical wetlands. We specifically aimed to assess the extent to which the combination
improves the separation of forested and unforested wetland regions and reduces the presence of Landsat artifacts and cloud gaps in GEDI-based FNF masks.
2. Materials and Methods
2.1. Study Area
The wetland regions of Gabon, Central Africa, are taken as the study area (Figure 2).
Gabon has a bimodal rainfall regime, with a long dry season in June–September and a
short dry season in January–February [26]. Altitudes are below 50 m in much of the Ogooué River Delta in the West and reach as high as 1000 m in the mountain ranges further
from the coast [27,28]. The predominant types of vegetation are primary tropical forest
and (dry) savanna [26,29]. An estimation based on the global wetland map developed by
the Center for International Forestry Research (CIFOR) revealed that Gabon holds 21,046
km2 of wetlands, translating to 8% of its surface area [30].

(a)

(b)

Figure 2. Wetland distribution in Gabon (CIFOR wetlands) (a) and the spatial distribution of training clusters (500 clusters
in total with 9 points for each cluster) and validation points (1100 points in total) (b).

The Ogooué River Delta is the largest wetland region of Gabon (Figure 2) [31] and is
under increasing anthropogenic threat due to, for example, agricultural expansion, oil and
gas exploration and infrastructural projects [29]. Gabon’s wetland areas support local
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communities by providing clean drinking water and a habitat for many fish, birds, mammals and other species [29].
Due to frequent cloud cover in Gabon [32], the use of optical remote sensing data is
severely hampered, leading to high uncertainties in existing FNF masks (Figure 1).
2.2. Data
An overview of the satellite data and products used for this study is given in Table
1. The study period was 1 January 2019 until 31 December 2019. The source and processing
steps for each product are provided below. All products were resampled to a 30 m spatial
resolution. We are aware of some of the resampling uncertainties, but these are not expected to greatly impact the results.
Table 1. Overview of the satellite data and products used in this study. * The FNF masks were updated to the year 2019
by removing annual forest loss information available via the Global Forest Change product [1].

Data Source

Pixel
Spacing

Temporal
Resolution

Temporal
Coverage

Data Function

Reference

GEDI Forest Height
data

Landsat,
GEDI

30 m

–

2019

Input feature

[19]

Radar data

Sentinel-1

10 m

5–12 days

VHR Optical data

PlanetScope

3.7 m

Quarterly

231 m

–

50 m
25 m

–
–

30 m

–

Existing FNF Masks

CIFOR Wetlands data
DLR FNF
JAXA FNF
Primary Tropical
Forest
Global Forest
Change

Various RS data
combined
TanDEM-X
ALOS PALSAR
Landsat
Landsat

30 m

–

1 January 2019–
Input feature
31 December 2019
Generating
1 January 2019– training and
31 December 2019 validation dataset
Define wetland
2011
areas
2011–2015 *
Comparison
2015 *
Comparison

[33]

[18]

[31]
[14]
[15]

2001 *

Comparison

[13]

2001 *

Comparison
and to update
all FNF to 2019

[1]

2.2.1. GEDI Forest Height Data
The 2019 GEDI-based Global Forest Canopy Height product (“GEDI Forest Height”)
is a ready-to-use product that provides global forest height information at 30 m resolution
[19] and was created by integrating LiDAR forest structure data from the spaceborne
GEDI sensor with Landsat analysis-ready time-series data. Both the GEDI and Landsat
data used for the forest height product are affected by Landsat artefacts and cloud gaps.
In areas with persistent cloud cover, this leaves less imagery for the correction of Landsat
7 SLC-off stripes [20], introducing artifacts in the GEDI Forest Height product [19].
2.2.2. Sentinel-1 Radar Satellite Data
We used Sentinel-1 C-band Ground Range Detected (GRD) data acquired in both VV
and VH polarizations. The Sentinel-1 data has a pixel spacing of 10 m and a revisit frequency of 5–12 days, depending on the exact geographic location [33]. In the study period
(2019), Gabon was only covered by the Sentinel-1 satellites in descending orbit [34]. The
GRD product was accessed through Google Earth Engine (GEE) [35]. Additional preprocessing was applied following the workflow suggested by Mulissa et al. [36] to remove
border noise and terrain distortions, and to apply Lee speckle filtering [37].
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We calculated backscatter temporal metrics (i.e., the mean, median, minimum, maximum, 5th percentile and 95th percentile) and texture features (the difference entropy of
the mean backscatter value) individually for VV and VH. For the derivation of texture
metrics, Lee filtering was not applied because it smooths important textural information.
All metrics were resampled to the 30m GEDI Forest Height product, using nearest neighbor resampling.
2.2.3. VHR Optical Data
Very High Resolution (VHR) optical data from PlanetScope were used as references
for the creation of training and validation sets. Planet data have a resolution of 3.7 m [18],
allowing for a more precise characterization of forest and non-forest in wetland areas compared to open-access alternatives such as Sentinel-2.
2.2.4. CIFOR Wetlands Data
The Global Wetlands (v3) dataset by CIFOR was used to specify wetlands in the
study area. We applied a 500 m buffer to account for inaccuracies in the dataset and include the full wetland range. The data characterize 10 different wetland classes, including
open water, mangrove, swamps, fens, riverine and lacustrine, floodplains and marshes,
at a resolution of 231 m [31].
2.2.5. Global FNF Masks
Four global FNF masks were used for comparison against the mask developed in this
study (Table 1). These masks vary in their spatial resolution and temporal coverage and
employ slightly different forest definitions. The DLR FNF is based on data from the interferometric synthetic aperture radar (InSAR) system TanDEM-X, and has a 50 m resolution
[14]. The JAXA FNF, with a resolution of 25 m, is derived from ALOS PALSAR [15]. Both
of these products are resampled to a 30 m resolution. The Primary Tropical Forest mask
is based on Landsat data, and limits the forest definition to “mature natural humid tropical forest cover”, thereby excluding regrown secondary forests [13]. Lastly, the Global
Forest Change product—derived from the percent forest cover product with a cover
threshold (80% in this study)—allocates all vegetation taller than 5 m and above a userset forest cover threshold to the forest class [1].
The four FNF masks vary in their temporal coverage. We used the Global Forest
Change product [1] to update all masks to the year 2019 by removing all deforested areas
in the 2001–2019 period.
2.3. Methods
The general methodological approach involved first (Section 2.3.1) creating training
and validation sets using Very High Resolution (VHR) optical PlanetScope data, then (Section 2.3.2) training and tuning a Random Forest (RF) model, and finally (Section 2.3.3),
generating a FNF mask for wetland areas in Gabon that we compared against global FNF
mask products—both quantitatively using a validation set and qualitatively by visual
comparison. All analyses were conducted using the Google Earth Engine (https://earthengine.google.com/, accessed on 8 October 2021) and Python (v3.7).
2.3.1. Labeling the Training and Validation Sets
Due to the remoteness and poor navigability of the study area, typical for tropical
regions, in situ data collection is costly and challenging [29]. Therefore, we resorted to
PlanetScope mosaics and Sentinel-1 radar data to create labelled training and validation
sets. The training set was used to train the RF model and assess the training performance.
RF models are commonly used in pixel classification methods, mainly because of their
efficiency, simplicity and high performance [38–41]. The validation set was used for independent validation of the resulting mask.
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We adopted a functional forest definition, based on spectral and textural characteristics, instead of physical characteristics (e.g., numeric height). We defined forests as closed,
high (based on shadows and texture) and undisturbed canopies, as seen in PlanetScope
imagery. To clarify and standardize the labeling procedure, interpretation keys were defined for both classes (Table 2).
Table 2. Interpretation keys for labeling forest/non-forest training and validation points. F = Forest; NF = Non-Forest.

Class

Interpretation Key

Forest

Color (true color RGB): dark green
Texture: rough
Cover type: medium to dense canopy
cover

Non-forest

Color (true color RGB): light green
Texture: smooth
Cover type: sparse to no canopy cover;
bushes/shrubs

Image Example

A total of 500 training locations distributed throughout the study area (CIFOR wetlands with 500 m buffer) were generated manually (Figure 2b), with an equal allocation
to the forest and non-forest class. Manual selection was chosen over a regular grid, because it allows for choosing clean, unambiguous training locations. At each training location, we placed a 3 × 3 training point grid with 100 m point spacing. This resulted in a
training set of 4500 training points with equal class allocation.
The validation set consisted of 1100 points, randomly distributed over the study area.
The proportions of the validation set assigned to the forest and non-forest classes are 68%
(748 points) and 32% (352 points), respectively, corresponding to the class proportions in
the study area estimated using a preliminary classification model.
In situations where no cloud-free reference image was available, or the true class of
the point was too ambiguous, we replaced that point with another randomly sampled
point. In total, 62 points were replaced. Edges were labeled as non-forest, to account for
the potential edge-shift between optical and radar imagery due to the side-looking of radar sensors. PlanetScope mosaic data also suffer from shifts between different time steps.
Any point that fell outside of a forest area in one or more quarterly mosaics was labeled
as non-forest.
2.3.2. Model Training and Tuning
Two different RF models were trained for this study: (i) using input features from
Sentinel-1 data only (S1), and (ii) combining all features (GEDI-FH/S1). We also made a
model with only GEDI Forest Height data (GEDI-FH), but since this ‘model’ only consisted of one feature, it was merely a matter of finding the right height threshold. The
GEDI Forest Height product is affected by striped artifacts inherited from Landsat mosaics, leading to stripes of ‘nodata’ values in the models that use this data. To deal with the
striping artifacts, the S1 model served as a substitute for the GEDI-FH/S1 model for pixels
where the GEDI Forest Height was equal to zero.
The implementation of the RF model in GEE evaluates the Variable Importance (VI)
for each feature by computing the sum over the decrease in Gini Impurity Index [42]. We
used this score to enable a more thorough analysis of the contribution of each of the
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model’s features. Additionally, a Separability score was assigned to each feature, which
defines how well the two classes can be distinguished based on their value distributions
[43].
Four hyperparameters are available in the RF implementation in GEE: numberOfTrees, describing the number of decision trees in the model; variablesPerSplit, regulating the size of the (random) subset of input variables (i.e., features) that is available at each
tree node; minLeafPopulation, determining the minimal number of points that should be
present at each tree node; and maxNodes, defining the maximum number of nodes in each
tree. For GEDI-FH/S1 and S1, we set numberOfTrees to 30, variablesPerSplit to the square
root of the number of input variables (default), minLeafPopulation to 1 (default), and
maxNodes to 30.
The Random Forest model returns a probability map, from which a binary FNF mask
can be derived, given a certain probability threshold (PT). This Probability Threshold
serves as a cut-off. All pixels with a forest probability below the threshold will be classified
as non-forest, and vice versa. Altering the PT changes the mask’s accuracies, exposing a
trade-off between over- or underestimating a certain class. In other words, the threshold
can make the model more or less generous in allocating the forest class to the input data.
Similarly, the forest height threshold in the GEDI-FH model can be altered to control the
area to be allocated as forest from the GEDI Forest Height product. We assessed the effect
of altering the PT from 10% to 90% in the S1 and GEDI-FH/S1 models, and the height
thresholds from 5 m to 25 m in GEDI-FH model, on the accuracy of the final FNF masks.
2.3.3. Model Selection and Comparison with Existing FNF Masks
The training and validation User’s Accuracy (UA) and Producer’s Accuracy (PA) of
the non-forest class were used to quantitatively analyze the FNF masks derived from S1,
GEDI-FH/S1 and GEDI-FH with different thresholds, as well as the four masks from the
literature (Table 1). The training and validation UA and PA were calculated using the
training and independent validation set, respectively. We focused our analysis on the Producer’s Accuracy (omission error) of the non-forest class for two reasons. First, current
FNF masks generally over-estimate the forest class in wetland regions (Figure 1). Second,
in applying the FNF mask as a baseline for deforestation monitoring, commission errors
carry a larger weight over omission errors, meaning that more conservative masks (i.e.,
those that were less likely to allocate the forest class) were preferred in this study.
Additionally, a visual comparison was carried out to assess the performance of
GEDI-FH/S1 in three wetland areas located within the study area. We first explored the
model’s performance at various PT (i.e., 20%, 40%, 60%, 80% and 90%). Then, a selection
of these masks was compared against existing FNF masks. Specific attention was given to
(i) the ability of each mask to discern non-forest areas, and (ii) the presence of Landsat
artifacts in the FNF mask.
3. Results
3.1. Model Training and Feature Selection
The performance overview of the three models (Table 3) reveals very similar accuracies of both the GEDI-FH and the S1 models. The combination of all input features (GEDIFH/S1) yields the best results, with a UA and PA of the non-forest class of 97.57% and
95.00%, respectively. Improvements are especially large in the detection of the non-forest
class, as seen from the large increase in the non-forest PA.
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Table 3. Training accuracies of non-forest class generated using the GEDI-FH, S1, and GEDI-FH/S1
models. All masks are generated from the RF probability output at a PT of 50%.

Training Results (n = 4500)
Model
Feature Set
GEDI-FH
GEDI Forest Height
S1
Sentinel-1 (temporal metrics; texture)
GEDI Forest Height,
GEDI-FH/S1
Sentinel-1 (temporal metrics; texture)

Non-Forest
UA (%)
PA (%)
94.99
84.18
95.06
85.56
97.57

95.00

20

0.9

18

0.8

16

0.7

14

0.6

12

0.5

10

0.4

8

0.3

6
4

0.2

2

0.1

0

0

VI

Separability

Variable Importance

The Separability and VI scores (Figure 3) show that the Forest Height and the two
Sentinel-1 texture features achieve the highest scores on both metrics. The temporal
backscatter statistics (i.e., mean, median, p0, p5, p95 and p100) generally perform poorly
on the VI metric. For some features, such as the VH-median, VV-0th percentile and the
VV-95th percentile, there is a large difference between the feature potential (Separability)
and the actual importance of that feature in the trained model (VI).

Separability

Figure 3. Separability and VI scores for all input features in this study. The importance scores are
taken from the GEDI-FH/S1 model configuration. The feature names for the Sentinel-1 data are composed of their polarization (VV/VH) and their statistic (mean, median or a percentile; e.g., ‘VV_p95′
for the 95th percentile of the VV polarization image). Texture features are suffixed with ‘tex’.

3.2. Model Selection under Different Probability Thresholds (PTs)
Figure 4 shows the validation UA and PA for the non-forest class of the GEDI-FH/S1
model with varying PTs (a), and for the GEDI-FH model with varying height thresholds
(b). Both models show a similar response to an increasing PT, with the UA and PA for the
non-forest class balancing out at slightly over 70% accuracy.
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20%
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Probability Threshold
UA (NF)

PA (NF)

(a)

5

7.5
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12.5
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17.5

20

22.5

25

Height Threshold (m)
UA (NF)

PA (NF)

(b)

Figure 4. UA and PA of the non-forest (NF) class for the GEDI-FH/S1 model for increasing PT values (a) and for the GEDIFH model for increasing height threshold values (b).

Figure 5 depicts the FNF masks generated from the GEDI-FH/S1 model using increasing PTs for three detail maps of wetland areas located within the study area. PlanetScope
imagery is provided for visual comparison. The maps reveal that the FNF mask is better
able to discern non-forest patterns at higher PT values. In Area 1 and 2, most non-forest
patches seem to be recognized by the mask with a PT of 80%. In Area 3, the model can
discern small non-forest patches and roads at high PT values.
Considering both the quantitative and qualitative (visual) results, we decided to continue with 80% as the optimal PT for the GEDI-FH/S1 model, since it balances the UA and
PA, without becoming too conservative in its allocation of the forest class (as can be seen
at the 90% PT in Figure 5). We decided to use the 22.5 m height threshold for GEDI-FH,
since it corresponds best with the 80% PT for GEDI-FH/S1, as seen from Figure 4.
3.3. Comparison with Existing FNF Masks
The validation UA and PA for the non-forest class of the four existing FNF masks,
the best-performing variant of the GEDI-FH/S1 and GEDI-FH FNF masks, are presented
in Table 4. The existing global FNF products perform poorly in terms of their ability to
detect unforested areas in wetlands in the validation set, indicated by their relatively low
PA (less than 54%). There are some notable differences between the existing masks. For
example, the JAXA FNF seems to over-allocate the forest class, yielding a high UA (95%)
but a low PA (32%). The other existing masks show the same characteristic, but to a lesser
extent. The GEDI-FH/S1 model, with a PT of 80%, yields the highest PA (67.61%), indicating a stronger capacity in correctly detecting unforested areas in the wetlands. GEDI-FH,
with a height threshold of 22.5 m, yields a similar performance, but is slightly more generous in allocating the forest class.
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Table 4. Validation UA and PA for existing FNF masks and resultant FNF masks from GEDI-FH
and GEDI-FH/S1. * A more in-depth analysis of how the validation UA and PA is affected by an
increasing cover threshold can be found in Figure A1.

Validation Results (n = 1100)
Feature Set
DLR FNF
JAXA FNF
Primary Tropical Forest
Global Forest Change (canopy cover: 80% *)
GEDI-FH/S1 (PT: 80%)
GEDI-FH (height: 22.5 m)

Non-Forest
UA (%)
89.53
95.00
86.60
88.37
77.78
78.41

PA (%)
48.58
32.39
47.73
53.98
67.61
67.05

Figure 6 presents detail maps of optical PlanetScope imagery, JAXA FNF, DLR FNF,
the Global Forest Change, the FNF mask from the best GEDI-FH model (with a 22.5m
threshold) and the FNF mask from the best GEDI-FH/S1 model (with a PT of 80%), for the
same three example wetland areas as in Figure 5. The DLR FNF and Global Forest Change
masks are generally the most generous masks, allocating the forest class to many unforested areas (as seen in the PlanetScope imagery). The Global Forest Change and the FNF
mask from the GEDI-FH/S1 model can both discern the roads in Area 3 to some extent.
Comparing the best GEDI-FH mask with the best GEDI-FH/S1 mask, we observe that
the latter is more conservative in allocating the forest class. The GEDI-FH/S1 mask preserves the sharp forest edges (in Area 1 and 2) and produces a smoother (less grainy)
result. In addition, the GEDI-FH mask suffers from Landsat artifacts (Area 3), recognized
by the diagonal black stripes (Figure 6q), while the GEDI-FH/S1 mask does not.
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GEDI-FH/S1
(PT: 20%)

GEDI-FH/S1
(PT: 40%)

GEDI-FH/S1
(PT: 60%)

GEDI-FH/S1
(PT: 80%)

GEDI-FH/S1
(PT: 90%)

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

(q)

(r)

Area 3
11.9185 E, 1.1134 N

Area 2
14.0683 E, 0.9783 N

Area 1
12.3569 E, 1.9469 N

PlanetScope

Figure 5. Detail maps comparing GEDI-FH/S1 masks with different PTs in three wetland regions in Gabon (a–r). PlanetScope imagery is also given for reference. Only areas within the
500 m CIFOR wetland buffer are considered as the study region; other areas are masked out in grey. Forest is shown in green and non-forest in black.
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Figure 6. Detail maps comparing FNF masks in three different wetland regions in Gabon (a–r). PlanetScope imagery is also given for reference. Only areas within the 500 m CIFOR
wetland buffer are considered as the study region; other areas are masked out in grey. Forest is shown in green and non-forest in black.
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4. Discussion
4.1. Model Training
The training results reveal that a RF model combining GEDI Forest Height data with
Sentinel-1 temporal and texture metrics (GEDI-FH/S1) outperforms models that only use
either of these input feature sets (GEDI-FH and S1) (Table 3). A similar observation can be
made from the Separability and VI scores of all individual features. The Forest Height
feature and the texture features (for both VV and VH polarizations) all have a high VI in
the RF model and show a high Separability of the class distributions. This indicates a high
classification potential for these three features and explains the high training and validation accuracies of the GEDI-FH/S1 model.
These results suggest that the combination of features proposed in this study aids the
training of a FNF model in wetland areas. We hypothesize that this synergy arises because
the two data sources compensate for each other’s shortcomings: the forest height data help
to distinguish short vegetation and tall vegetation, in which radar data fall short because
of moisture dynamics. On the other hand, Landsat artifacts in the forest height data are
overcome with the radar data.
4.2. Selecting a FNF Mask for Deforestation Monitoring
This study demonstrated how GEDI Forest Height data, aided by Sentinel-1 radar
data, can be used to achieve considerable improved FNF masks in tropical wetland regions. The combination enhances the ability of a RF-based model (GEDI-FH/S1) to detect
non-forest areas in wetlands, by excluding areas with low vegetation height from the forest class.
Analyzing the resultant FNF masks of the GEDI-FH/S1 model with different PTs
shows a clear trade-off between the UA and PA (Figure 4). To minimize false detection in
radar-based deforestation monitoring requires a conservative FNF mask that minimizes
false deforestation detections, which are considered worse than omitted detections [7]. We
selected a high PT (80%) to obtain a conservative FNF mask. The suggested PT, however,
may not be appropriate for other applications, such as forest extent mapping, but can be
tuned to certain needs.
The CIFOR global wetlands dataset, used to define the study area, has a limited spatial accuracy (locally) and, therefore, might fall short in delineating the Gabonese wetlands. The major advantage of the CIFOR dataset over other (local and regional) wetland
datasets is its global coverage, which can support the expansion of the approach to continental or pan-tropical scales. We used a 500 m buffer around the CIFOR data to partly
overcome the inaccuracies. Inevitably, non-wetland land cover types were present in the
training data. Using a more accurate local or regional wetland map would result in a
‘cleaner’ training set, which would be likely to ease the training process and improve the
validation results in a local-to-regional context.
4.3. Comparison with Existing FNF Masks
The FNF mask developed for wetlands in Gabon in this study yields high validation
accuracies compared to existing global FNF mask products. Particularly, the GEDI-FH/S1
model’s ability to uncover non-forest areas, with a validation PA for non-forest reaching
70%, is much higher than that of existing FNF masks, which is generally less than 54%.
Although we do recognize that a PA of 70% for non-forest areas is not ideal, it is a considerable improvement of the state-of-the-art performance in wetland regions and emphasizes the complexity of accurately mapping wetlands. The differences among the existing
FNF masks are expected to be caused mainly by differing forest definitions, data sources
and characteristics (e.g., optical vs. radar, and different radar wavelengths), pixel spacings, and temporal coverages.
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We compared the GEDI-FH/S1 model with a simple model derived from only GEDI
Forest Height data (GEDI-FH). Both models yield very similar quantitative results. However, a clear difference between the products can be seen in the qualitative (visual) comparison (Figure 6). The GEDI-FH/S1 model is much better able to discern complex nonforest patterns in Gabon’s wetlands, which is likely caused by the inclusion of Sentinel-1
texture data.
Additionally, the inclusion of Sentinel-1 data has the potential to alleviate the impact
of Landsat artifacts in the input data, by performing the substitution described in Section
2.3.3. The substitution method has effectively removed the artifacts from our mask, without compromising the general classification performance.
5. Conclusions
In this study, a methodology was presented to improve the accuracy of FNF masks
in tropical wetlands by combining GEDI Forest Height data and Sentinel-1 radar data in
a Random Forest model. The training results reveal that the combination of GEDI Forest
Height data and Sentinel-1 data enhances the model’s ability to discern unforested wetlands. Quantitatively, our model yields the highest non-forest PA of all (existing) masks
we compared it with, but overall scores are similar to a Forest Height-only model. Qualitatively, however, our mask can overcome Landsat artifacts present in the Forest Heightonly mask and is much better able to discern complex non-forest patterns. An additional
advantage of the methodology presented here is that it can be tailored to different applications by varying the PT.
This study showed that global land cover (here: forest) products, when improved to
fit a specific context (here: wetlands), can be used for various (local) applications. We
stress that, in any application of the suggested FNF mask, it is important to consider the
UA/PA trade-off and the effect it has on the classification. In addition, wetland characteristics might be very different in other regions, and this might necessitate changes to the
methodology, such as the use of a different sampling strategy and/or forest definition. The
targeted improvements for wetland forest mapping presented in this paper can help raise
the accuracy of tropical deforestation monitoring and alerting.
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