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ARTICLE INFO ABSTRACT

Edited by Dr. Marie Weiss Forest degradation is a major threat to tropical forests, and effective monitoring using remotely sensed data is
subject to significant challenges. In particular, consistent methods for detecting subtle changes in the forest
canopy structure caused by selective logging are lacking. Here, using a unique dataset collected in southeastern
Cameroon, covering over 22,000 ha of monthly harvesting areas, >6000 locations of harvested trees, and an
independent canopy gap dataset developed from an uninhabited aerial vehicle flight (UAV; RGB camera) of
approximately 1500 ha, a new method was designed to monitor canopy disturbance and logging intensity in
Central Africa. Using Sentinel-1 synthetic aperture radar (SAR) data, the method was conceptualised using a two-
step, two-scale approach, which better matched logging practices. First, (non-)harvesting activity areas were
identified using textural indices at a spatial resolution of 300 m (step 1), and within these harvesting activity
areas, canopy gaps were detected at a resolution of 10 m (step 2). Both steps were based on monthly differences
in the Sentinel-1 SAR time series computed using the average of the 12 months preceding and the average of the
three months following the month of interest. This method identified harvesting activity areas (step 1 at 300 m
resolution) of over 12,004 km? with high accuracy (omission and commission errors for both classes <0.05) and,
within them, detected canopy gaps (step 2 at 10 m resolution) with a global accuracy of 0.89. Although some
canopy gaps were subject to omission and commission errors (0.39 and 0.05, respectively), this method yielded
better results than other available approaches. Compared to the UAV canopy gaps, this method detected most of
the small gaps (< 500 m?), which represent 80% of all disturbed areas, whereas other available approaches
missed at least 70% of these and consequently missed most of the disturbance events occurring in a selectively
logged forest. Furthermore, the predictions were correlated with logging intensity, i.e., the number of trees and
volume cut per hectare, which are two important criteria for assessing the sustainability of logging activities.
This two-step two-scale method for short-term, monthly monitoring of logging disturbances and intensity has
strong practical implications for forest administration and certification bodies in Central Africa.
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1. Introduction

Tropical forests are threatened by human activities, and their area
has decreased by 17% since 1990, with at least 10% of the remaining
forests being degraded (Vancutsem et al., 2021). Forest degradation is
caused by anthropogenic disturbances including logging, mining, road
construction, agriculture, fires, and wood fuel harvesting (Pearson et al.,
2017; Tyukavina et al., 2018). The frequency and intensity of these
disturbances determine how quickly a degraded state is reached and the
time required for forest recovery (Ghazoul et al., 2015; Rutishauser
et al., 2015). Tropical forest degradation is estimated to be responsible
for 2.06 Gt CO, yr’1 of carbon emissions (Pearson et al., 2017) and
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approximately 20% of tropical forests are disturbed by logging activities
that can subsequently lead to forest degradation (Hosonuma et al., 2012;
Hubau et al., 2020). In the context of the new European law addressing
deforestation and degradation free products, forest degradation is
defined as “harvesting operations that are not sustainable and cause a
reduction or loss of the biological or economic productivity and
complexity of forest ecosystems, resulting in the long-term reduction of
the overall supply of benefits from forest, which includes wood, biodi-
versity and other products or services” (European Commission, 2021).
In Central African tropical forests, approximately 53.4 million
hectares are used under logging concessions, of which 10% are certified
by the Forest Stewardship Council (BAD, 2018; FSC, 2022).
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Management planning by logging companies includes dividing their
land into different zones and then moving the location of activities from
year to year and month to month (BAD, 2018). Logging is highly se-
lective in the region with a limited number of high-value tree species
targeted, and a restricted number of cut trees (0.7-4.0 trees.ha™ 1) every
20-35 years (BAD, 2018; Medjibe et al., 2011). In addition to felling
gaps caused by cut trees, skid trails, logging roads, and log yards built for
the extraction and storage of logs also contribute to forest disturbances.
Thus, logging practices result in changes in forest cover that are different
from other land-use activities, such as mining, road construction, agri-
culture, fires, and wood fuel harvesting (Pearson et al., 2017; Tyukavina
et al., 2018), and occur on two scales. On a landscape scale, active
logging front harvesting activity areas are visible and can be detected
using satellite data, e.g., logging roads are visible on the forest cover loss
maps by Hansen et al. (2013). On a smaller scale, dotted and sparse
patches of felling gaps and linear aspects of roads and trails appear in the
canopy cover, e.g, in Landsat and SPOT images (De Wasseige and
Defourny, 2004).

Today, there is no transparent, systematic, and robust ground-based
assessment of the state of forest degradation caused by logging activities,
especially in Central Africa, where forest disturbances occur on a smaller
scale than on other continents, mainly because of a low logging intensity
(1-4 trees.ha™!) (Durrieu de Madron et al., 2000) in comparison to that
in South-East Asia (Sist et al., 1998) and South America (Sist and Fer-
reira, 2007) (15-18 trees.ha™1). Recent developments in remote sensing
data acquisition, processing capacity, and available tools offer new op-
portunities to monitor forest disturbances (Jackson and Adam, 2020;
Sanchez-Azofeifa et al., 2017) and high-resolution (i.e., spatial resolu-
tion between 10 and 30 m) optical data can be used to monitor forest
degradation (Hethcoat et al., 2019; Hirschmugl et al., 2017; Mitchell
et al., 2017). For example, in the Amazon, the use of multitemporal data
and spectral mixture analysis enabled the detection of degradation and
natural disturbances every two years using Landsat images (resolution
= 30 m; producer accuracy = 0.44; user accuracy = 0.73) (Bullock et al.,
2020). In addition, a machine learning method allowed the detection of
highly selective logging (< 15 m®.ha™!; 1-2 trees.ha') on a local scale
(11,000 ha) in the Brazilian Amazon using Landsat images (Hethcoat
et al., 2019). Globally, the Joint Research Centre (JRC) of the European
Commission has produced annual pantropical degradation maps using
Landsat images, regardless of the cause of disturbance (Vancutsem et al.,
2021).

However, optical imagery has limitations such as dependency on
cloud-free images, which are particularly rare in several areas of Central
Africa (King et al., 2013), and the influence of sun-scene-sensor geom-
etries (Ploton et al., 2017) preventing regular monitoring. To overcome
these limitations, several studies have shown that synthetic aperture
radar (SAR) data can be used to monitor forest disturbances because
microwave remote sensing systems are less influenced by weather con-
ditions (Mermoz et al., 2015). Long wavelengths (L-band, A ~ 23 cm and
P-band, A ~ 65 cm) are particularly suitable for use in tropical forests
because of their better vegetation canopy penetration (Deutscher et al.,
2017). ALOS-2 PALSAR-2 data (L-band, revisit time 14 days) were used
to detect early-stage deforestation sites in Peru and Brazil where felled
trees were left on the ground (Watanabe et al., 2018). ALOS-2 PALSAR-2
data have also been used in the JJ-FAST system to detect forest distur-
bances in the tropics, but with a minimum mapping unit (MMU) of 2 ha
which is not adapted to the degradation process that occurs on a finer
scale (Nagatani et al., 2018). The upcoming BIOMASS satellite, the first
P-band SAR space mission (Scipal et al., 2010), is expected to signifi-
cantly advance forest ecosystem monitoring. However, its temporal
resolution (twice a year) presents limitations for near-real-time moni-
toring of logging activities.

The deployment of Sentinel-1 satellites in 2014 by the European
Space Agency provided a global source of free C-band SAR data. With a
revisit time of 12 days over the tropics and a spatial resolution of 10 m, it
offers the opportunity to systematically monitor the degradation of
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tropical forests on a large scale. Because the shorter microwave wave-
lengths in the C-band (5.6 cm) have limited penetration into dense forest
canopies, C-band backscatter measurements provided by Sentinel-1 SAR
are not suitable for monitoring tropical forest biomass. However, the
dense time series and high spatial resolution of Sentinel-1 SAR data
make measurements sensitive to changes in the canopy structure and
suitable for detecting small or narrow patches of disturbance (Hethcoat
etal., 2021; Reiche et al., 2021). Recently, several studies used Sentinel-
1 SAR data to monitor tropical forest disturbances, including those
caused by logging. In French Guiana, the detection of high logging in-
tensity forest exploitation (25 m®.ha~!) with a MMU of 0.2 ha achieved a
user accuracy of 0.95 and a producer accuracy of 0.37 when validated
using optical data (Ballere et al., 2021). In the Brazilian Amazon, the use
of time series and textural indices was also efficient (Hethcoat et al.,
2021) but only when the logging intensity was high (> 20 m>.ha"!). The
Radar for Detecting Deforestation (RADD) alert system provides
pantropical near-real-time monitoring of all types of disturbances, with
an MMU of 0.1 ha (Reiche et al., 2021). While these studies marked
significant advancements in detecting forest disturbances using
Sentinel-1 SAR data, they may not be fully suitable for the specific
context of selective logging in Central Africa, which is characterised by
low logging intensities (< 15 m>.ha!) and small felling gaps (~ 300 m?)
(Medjibe et al., 2011). Recently, Sentinel-1 SAR shadows were used to
detect canopy gaps caused by logging in Gabon and the method was
calibrated using uninhabited aerial vehicle (UAV) LiDAR data (Carstairs
et al., 2022). While this study was based on a small local data set (261
canopy gaps over 310 ha), the use of UAV LiDAR data allowed refining
the comprehension of gap detection using Sentinel-1 SAR data, which
was an innovation in the field. However, there is an urgent need to
bridge the gap between ground- and satellite-based measurements. First,
accuracy assessment without robust field data has not received much
attention and remains an issue in the report of selective logging detec-
tion (Hethcoat et al., 2021). Second, integrating field data with canopy
opening estimates from existing systems (Carstairs et al., 2022; Reiche
et al., 2021) is essential for generating metrics specific to the forestry
sector, such as the number of trees and volume of timber harvested per
hectare (Welsink et al., 2023).

To address the need for effective monitoring of selective logging,
specifically adapted to detect harvesting activities and canopy gaps in
Central Africa, a robust method must be developed. This method must be
able to monitor disturbances caused at low logging intensity (< 15 m°.
ha™!) over short time periods to gain a complete understanding of the
role of forest logging activity in forest degradation. To this end, the two-
step two-scale approach proposed in this study was designed to fit log-
ging activities in Central Africa, detecting harvesting activity areas and
canopy gaps at 300 m and 10 m resolutions, respectively, on a monthly
basis. The approach was calibrated and validated in a unique field
experiment, and optical images and digital model surfaces from UAV
flights were used to depict forest logging activities in detail. The capacity
of the method to not only locate forest disturbances but also predict
logging intensity in terms of the number and volume of trees cut per
hectare was evaluated, which are two criteria commonly used by the
forestry sector to assess the sustainability of logging and plan activities.
Finally, the results obtained in this study were compared with available
large-scale approaches, that is, the JRC map (Vancutsem et al., 2021)
and the RADD system (Reiche et al., 2021).

2. Material and methods
2.1. Field and satellite data collection and processing

2.1.1. Field data

The study area covers 12,004 km? in southeastern Cameroon and is
centred on the Forest Management Units (FMUs) granted to the FSC-
certified Pallisco-CIFM company. These forests are semi-deciduous Cel-
tis forests (Fayolle et al., 2014; Réjou-Méchain et al., 2021). In Central
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Africa, FMUs are divided into annual cutting areas, which are in turn
divided into monthly harvesting activity areas. Logging roads are built
one year before the planned logging operations in the annually cut areas.
During the year of harvesting operations, the logging front advances
through predefined harvesting activity areas monthly. The logging
company archives spatial data on harvesting areas, including the cor-
responding month of operation and the locations of log yards, logging
roads, skid trails, and cut trees. These data were used to build a reference
dataset at two spatial scales, harvesting activity areas and canopy gaps
(Fig. 1a and d). The data were collected in the field with a GPS and then
checked and readjusted by a cartographer who geolocated all skid trails
down to the stumps of cut trees and repositioned the trees at the end of
each skid trail. The species and the 10 cm wide diameter class of each
tree were also recorded. The volume of cut trees was estimated from the
midpoint of the diameter class using species-specific allometric equa-
tions (Table S1). According to these data provided by the logging
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company, the average logging intensity was estimated to be 16 m3ha~!

and 1.6 trees.ha 1.

2.1.2. UAV flights

Two sets of uninhabited aerial vehicle (UAV) data (RGB images)
were acquired (Table S2) after timber harvesting in May 2019 and May
2021, covering two distinct harvesting areas of 504 ha and 964 ha,
respectively. High-precision RTK/PPK GPS was used to ensure correct
georeferencing of the images. Orthophoto mosaicking and a digital
surface model (DSM) at 10-cm resolution were generated using Meta-
shape software (Lisein et al., 2013). All canopy gaps visible in the
orthophotos and DSM were manually digitised (n = 1384) and cat-
egorised into felling gaps, roads, skid trails, log yards; the category other
was used when the cause was not clearly identifiable. Felling gaps were
identified and distinguished from natural ones owing to their distinct
patterns, which included a crown, a straight cut, a hole where the log

Log yards
Felling gaps

Photo-interpreted canopy gaps on Sentinel-1 data

Fig. 1. Data used in this study for the detection of (non-)harvesting activity areas at 300 m resolution in step 1 (a—c), and of the canopy gaps at 10 m resolution in
step 2 (d-e) and for the independent validation using UAV images taken after logging (f). (a) and (d) spatial data provided by the logging company for the annual
cutting area 2019; (b) red-coloured grey composition of VH-diff, VV-diff and VH:VV ratio for May 2019; (c) textural indices at 300 m resolution for May 2019; (e)
canopy gaps photo-interpreted on Sentinel-1 SAR data (here VH-diff) with the help of spatial data provided by the logging company; (f) UAV image and photo-
interpreted canopy gaps for May 2019. Extent of the ACA 2019 (a): 423469, 362361: 430647, 370982 (EPSG: 32633). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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was removed, and ideally, a stump (Fig. S1). The UAV canopy gap
dataset built from the photo-interpretation of logging disturbances was
used to independently validate the method (Fig. 1f).

2.1.3. Satellite data and processing

Sentinel-1 (VH and VV, C-band) Ground Range Detected (GRD)
products acquired in interferometric wide mode and in descending orbit
were obtained from the Google Earth Engine. All scenes between 2016
and 2021 were used, with a revisit time of 12 days for the study area. A
set of data treatments was applied in Google Earth Engine using the
European Space Agency Sentinel-1 Toolbox, including the application of
an orbit file, removal of thermal noise, removal of GRD border noise,
radiometric calibration to sigma naught, and range-Doppler terrain
correction. In addition, a radiometric slope correction was applied and
the data were transformed to gamma naught which is better adapted for
dense forests (Rudant and Frison, 2019), using codes developed previ-
ously (Vollrath et al., 2020). Multitemporal speckle filtering (3 x 3
pixels window) was then applied (Quegan and Yu, 2001). Subsequently,
for each band (VH and VV) and date, the values were divided by the
median of the values within the concession boundaries. This correction
facilitated image comparison between different dates and highlighted
non-forested pixels. A set of standardised VV- and VH-polarised back-
scatter images with a resolution of 10 m was generated for the entire
area of interest. Finally, for each month, the difference between the
average of the 12 months of data before and the average of the three
months after the month of interest was calculated (Fig. 2). Using one
year of data before the month of interest allowed smoothing of seasonal
variability over the entire year. Using three months of data after the
month of interest was found to be a good compromise between a sta-
bilised and reactive signal and avoided the dilution of the signal
generated by the canopy disturbance, as understory vegetation quickly
reappears. The final output differences in the VH (VH-diff) and VV (VV-
diff) bands were generated for each month between 2017 and 2021
(Fig. 1b Fig. 2).

2.2. Detection of harvesting activity areas and canopy gaps

With the aim of fitting logging activities in the field and providing a
tool that can be directly used by the forestry sector in Central Africa,
particularly to estimate logging intensity which is evaluated on the
scales of harvesting activity or an annual cutting area, a detection
method divided into two steps on two spatial scales was developed
(Fig. 2): (1) the detection of harvesting activity areas with any signs of
logging activities per 300-m grid cell, and (2) within these harvesting
activity areas, the detection of 10-m disturbed pixels in which wood was
extracted, called canopy gaps.

2.2.1. Predictor variables

Several predictor variables were tested at each step of the method
(Fig. 1c and 2). Local statistics and Haralick features were calculated
based on VH-diff using applications in Orfeo ToolBox, within a 31-pixel
window for step 1 and within a 5 pixels size window for step 2 (Haralick
et al., 1973). Only cross-polarised observations (VH bands) were used
because they are recognised to be better for tracking forest degradation
and identifying changes from volumes (forest) to surfaces (non-forest)
(Kellndorfer, 2019). In the first step, the exposition and slope based on
the SRTM as predictor variables were also tested, as well as the month,
because the variation in humidity between wet and dry seasons can
influence the SAR data (Flores-Anderson et al., 2019). These variables
were averaged at a resolution of 300 m. In the second step, VV-diff, VH-
diff, and the ratio of VH-diff to VV-diff were tested. Among these, the
best explanatory variables were selected using the VSURF package in R
(Table S1). The VSURF method is based on random forests; preliminary
ranking of the explanatory variables is obtained using the importance
indicator of the random forest, followed by a stepwise ascending vari-
able introduction strategy to highlight the most important variables
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(Genuer et al., 2014). The second subset of variables of VSURF which
aims to minimise redundancy while focusing on a prediction objective
was used. Finally, 26 and 7 variables were selected for the first and
second steps, respectively (Table S3).

2.2.2. Training and test datasets

To detect harvesting activity areas at a resolution of 300 m (step 1),
spatial information provided by the logging company was used to build a
reference dataset (Fig. 1a). References for the harvesting activity areas
corresponded to the boundaries of the monthly harvesting areas logged
between 2017 and 2021. For non-harvesting areas, annual cutting areas
planned to be logged after 2025 were used. The training and test pixels
were chosen to be distributed in time and space through the logging
concession, and were spatially independent (Table S4). In total, 9002
pixels of 300 x 300 m were used in the reference dataset, with 80% used
for training and 20% for validation.

To build a reference dataset for the detection of canopy gaps at a 10-
m resolution (step 2), VH-diff and VV-diff were photo-interpreted with
the help of spatial data from the logging company (i.e., location of cut
trees, log yards, and skid trails) for 2019 and 2020 (Fig. 1d). One
operator checked the spatial data from the logging company, following
every skid trail to the tree stumps to guide the photo-interpretation of
the SAR data using VH-diff and VV-diff, on which canopy gaps were
visible, to create a reference dataset (Fig. 1e). Although the utilisation of
spatial data from the company helped guide the operator’s assessment
during the photo-interpretation of Sentinel-1 SAR data, it is important to
acknowledge that this approach has some limitations. Some canopy gaps
may have been overlooked or missed during the interpretation. In total,
801 polygons corresponding to canopy gaps created between January
2019 and August 2020 were digitalised, with a mean size of 1538 m? and
minimum and maximum sizes of 362 m? and 5802 m?, respectively
(Fig. 1e). In the harvesting activity areas, 80% of the polygons were used
for training and 20% for testing, which amounts to 24,566 10 x 10 m
pixels for the “canopy gaps” class. The same number of pixels was
randomly selected in annual cutting areas planned to be logged after
2025 to build the reference dataset for the “forest” class. The training
and test datasets were spatially and temporally distributed (Table S5).

2.2.3. Model building and validation

Two random forest classification models were built in R (random-
Forest package) to detect (1) harvesting activity areas in a 300-m grid
and (2) canopy gaps in 10-m pixels (Fig. 2). The number of trees used in
each model was set to 2000 and three, respectively, and two predictor
variables were used at each node for the two steps based on the Gini
index. Additional treatments were applied to improve the predictions of
random forest models. For the detection of harvesting activity areas
(step 1), predictions with an area >180 ha were maintained, which
corresponded to the minimum surface of the monthly harvesting area at
the study site. Then, the false positives were reduced by validating the
predictions with the month after and by retaining only the pixels
detected twice. The results from step 1 were used as a mask inside which
canopy gaps were detected in 10-m pixels (step 2). As the “canopy gaps”
class had a halo of false positives compared to the reference dataset, only
predictions with a confidence rate > 0.95 were retained. Finally, pre-
dictions <500 m? were removed (MMU of 500 m?) for two reasons: (1)
to improve the intersection over union (IoU, area of overlap/area of
union) between the predictions and rasterised UAV canopy gaps (see
Section 2.3.), and (2) to adhere to the limit imposed by the IW GRD high-
resolution product with a spatial resolution of 20 x 22 m (ESA, 2022).
Thus, the MMU served as a post-processing step that can be adjusted as
needed. A confusion matrix based on the test datasets was built for the
two steps to control the user and producer accuracies.

2.2.4. Logging intensity prediction
To establish if this method could be used to monitor logging in-
tensity, linear regression between the percentage of canopy gaps area
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predicted and both the number and volume (m®) of cut trees inside grids
between 100 and 2000 m of side length were established. The adjusted
R-squared value, root mean squared error (RMSE), standard error (SE),
and mean absolute error (MAE) were calculated from these relation-
ships. Monthly canopy gap predictions correspond to skid trails and
felling gaps because roads and log yards were built before the month of
harvesting in this concession. To assess which types of disturbance were
most related to logging intensity, the same relationships between UAV-
based photo-interpreted canopy gaps were divided into three categories
(felling gaps and skid trails, felling gaps, and all gaps), and both the
number and volume of cut trees were established.

2.3. Independent validation and comparison using available approaches

The UAV-based photo-interpreted canopy gaps were used as an in-
dependent validation dataset to compare the quality of the canopy gap
detection using this method with the other available approaches,
namely the RADD system (Reiche et al., 2021) and the JRC map (Van-
cutsem et al., 2021). The UAV canopy gaps were rasterised based on the
extent and resolution (10 m) of the predictions for comparison. Pre-
dictions were considered correct if they intersected rasterised UAV
canopy gaps. The proportion of predictions that were correct (user ac-
curacy) and the proportion of UAV canopy gaps that were well detected
(producer accuracy) using the surfaces of the predictions were calcu-
lated. The producer accuracy was calculated for each type of canopy gap
(i.e., felling gaps, skid trails, roads, log yards, and others) and evaluated
by applying different thresholds (up to 2300 m?) to the UAV canopy
gaps. Finally, the IoU between the predictions and rasterised UAV can-
opy gaps was calculated for the three methods to estimate how well the
predictions matched actual ground data.

3. Results
3.1. Detection of harvesting activity areas and canopy gaps

The method showed a global accuracy of 0.98 and 0.89 for the
detection of harvesting activity areas and canopy gaps, respectively,
based on test datasets. Considering the predictor variables used in the
random forest model for the detection of harvesting activity areas (step
1), the variance in VH-diff, calculated with a 31-pixel window, was the
most important variable (Fig. S2). The confusion matrix of the final
classification for this step showed that harvesting and non-harvesting
activity areas were well discriminated with user and producer accu-
racies >0.95 (Table 1). For the detection of canopy gaps (step 2), the
most important predictor variables in the random forest model were VH-
diff, the variance of VH-diff, and the mean of VH-diff, calculated with a
five-pixel window (Fig. S3). The detection of canopy gaps was good,
with no commission errors, but some pixels were omitted (producer
accuracy = 0.78, Table 1) and classified as forest areas (user accuracy for
forest areas = 0.82, Table 1).

3.2. Estimation of logging intensity

The percentage of the canopy gap area detected by this method was
compared to the logging intensity, and the strength of the relationships

Table 1
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increased (higher adjusted R? and lower RMSE) with the aggregation
scale considered for both volume (Fig. 3) and the number of trees cut per
hectare (Fig. S4). The adjusted R? increased with the grid size (Fig. 4),
and a resolution of 200 m emerged as a suitable threshold, beyond which
the relationships became less noisy, with an adjusted R? > 0.5 (Fig. S4,
Fig. 3). Monthly predictions corresponding to skid trails and felling gaps
were used because these types of gaps showed the highest correlation
with logging intensity, as indicated by the relationships derived from the
UAV canopy gaps (Fig. S5). The relationships for volume harvested per
hectare were slightly better than those for the number of trees harvested
per hectare (Fig. 4), whereas the opposite was observed for relationships
based on UAV canopy gaps (Fig. S5). Logging can be very intense locally
(up to 9 trees and 200 m3.ha! for a 100-m grid); however, this
restricted pattern is due to the local density of exploited trees and is
smoothed at larger grid size (< 2 trees and 30 m>.ha !, with the majority
<20 m®.ha~? for a 2000-m grid). In contrast, the RADD system (Reiche
et al., 2021) and the JRC map (Vancutsem et al., 2021) were less
effective in predicting logging intensity (Fig. 4, Fig. S6 to S9).

3.3. Independent validation and comparison with available approaches

Compared to rasterised UAV canopy gap areas, this method detected
61% of the canopy gaps, whereas the JRC and RADD systems detected
only 28% and 20% of the canopy gaps, respectively. Regarding the
precision of the three methods based on the UAV canopy gaps, the
commission errors were low (5%, 12%, and 2% for our method, the JRC
map, and the RADD system, respectively); however, the RADD system
and, to a lesser extent, the JRC map predicted only 62 and 124 polygons
in the study area, respectively, in comparison to the 476 polygons
detected by this method. An example of the predictions of the JRC map
and RADD system is shown for the harvesting activity area in May 2019
(Fig. S10). IoU was low for all three methods (0.33.10’3, 0.31.1073, and
0.24.1073 for this method, the JRC map, and the RADD system,
respectively). The predictions obtained using this method slightly
overestimated the canopy gap area (halo effect), whereas the other two
methods overestimated the area but missed many small gaps (Fig. 5a
and Fig. S10).

The size of the canopy gaps strongly influenced the detection per-
formance; the larger the gaps, the better they were detected by the three
methods, with a better performance of this method overall, particularly
for smaller gaps (Fig. 5a). The UAV canopy gaps had a median size of
247 m? and the majority were < 500 m? (Fig. 5a). When considering
gaps under 500 m?, producer accuracy for this study ranged from 0.32 to
0.50, for the RADD system from 0.12 to 0.16, and for the JRC map from
0.19 to 0.26 (lines with triangles in Fig. 5a). When considering gaps
>500 Inz, producer accuracy improved for the three methods, ranging
from 0.74 to 1.00 for this study, from 0.28 to 0.69 for the RADD system
and from 0.37 to 1.00 for the JRC map (dotted lines in Fig. 5a).

The type of canopy gap was also explored. Of the 3.88% canopy loss
caused by logging activities (the proportion of UAV canopy gaps in the
surveyed area), felling gaps were the most significant, accounting for
68% of the disturbed area. The detection performance varied with the
type of logging disturbance for the three methods (Fig. 5b). However, for
each type of disturbance, this method performed better than the JRC
map and RADD system. The difference was particularly clear in the

Confusion matrix for the detection of harvesting activity areas in a 300-m grid (step 1) and 10-pixel canopy gaps (step 2).

Step 1: harvesting activity areas (300 m)

Step 2: canopy gaps (10 m)

Reference Reference
Forest Harvesting activity User accuracy Forest Canopy gaps User accuracy
Prediction Forest 483 21 0.95 Prediction Forest 2516 549 0.82
Harvesting activity 0 411 1 Canopy gaps 0 1995 1
Producer accuracy 1 0.95 0.98 Producer accuracy 1 0.78 0.89
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200 8.37 177.79 0.66 6.17 0.54 13.34 10.14
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1500 1.35 272.44 0.95 18.22 091 315 1.98

2000 0.70 281.10 0.58 13.97 0.96 1.74 1.32

Fig. 3. Relationships between the logging intensity (volume of trees cut per hectare in a grid cell) and the percentage of canopy gap area detected by our method in
the same grid cell by grid size. The table shows the results of linear regressions fitted for all grid sizes: the slope (a), the intercept (b), the standard error (SE)
associated with a and b, the adjusted R? (Adj. R2), the root mean squared error (RMSE), and the mean absolute error (MAE) in m? per hectare.
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Fig. 4. Comparison of the performance of the three methods (this method, the RADD system and the JRC map) to estimate logging intensity (in terms of number of
trees and volume cut per hectare) depending on observation scale. The adjusted R? of linear relationships between predicted logging intensity and logging intensity
from the field according to grid size was computed for the different methods comparing this method (Fig. 3 and Fig. S4), the RADD system (Fig. S6 and S8) and the

JRC map (Fig. S7 and S9).



C. Dupuis et al.

Remote Sensing of Environment 298 (2023) 113828

N Prod. acc. for:
0.0020 - UAV gaps size > x 0l
ize <
-« UAV gaps size <x RC
RADD i
0.0015 0.75my
—
=3
a
=
> [}
- [}
= 8
=
& 0.0010 0508
(<]
=
=
o
o
<
0.0005 0.25
0.0000 T 0.00
0 500 1000 1500 2000
Area of canopy gaps photo-interpreted on UAV images (m?)
b 08 0.9
e 07— 0.8
gﬂ UAV JRC
2 0.7
2 06 }
g 0.6
-6
S 05 S
] =
J-E 0.5 5
> 04 <
2 RADD
- 04 o
D [}
=3 (<}
Q 0.3 1=
=3 03 g
E <
0.2
g 0.2
=
<
S o1
' 0.1
X
ot I | -

Roads

Felling gaps

Skid trails

Log yards Others

Fig. 5. Comparison of the performance of this method (in yellow) and that of other available approaches (the RADD system and JRC, in green and blue, respectively)
when confronted with an independent dataset derived from the photo-interpretation of UAV images (in red). Specifically, performance to detect the disturbance
events according to their size (a) and type (b) were examined. In a), the distribution of UAV photo-interpreted canopy gaps (left y axis = Density i.e., the relative
likelihood of gap size value within a specific interval) by gap size, and evolution of producer accuracy of the RADD system, JRC map, and this study (right y axis =
Producer accuracy) by the area of UAV canopy gaps (x = area of UAV canopy gaps in m?). In b), the distribution of impacted canopy cover by the type of logging
disturbance (felling gaps, roads, skid trails, log yards, and others) using UAV canopy gaps and producer accuracy for this study, the RADD system, and the JRC map.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

detection of felling gaps, for which the producer accuracy reached 0.59
and only 0.13 for the RADD system and 0.18 for the JRC map (Fig. 5b).
The best detection performance was achieved for logging roads (pro-
ducer accuracy = 0.81 in this study) and the worst for skid trails (pro-
ducer accuracy = 0.43 in this study) (Fig. 5b).

4. Discussion

In this study, a two-step, two-scale method was developed for short-
term and monthly monitoring of canopy disturbances in tropical forests,
specifically fitted for logging practices in Central Africa. A unique
combination of field datasets was used, including the location of
monthly harvesting areas (> 22,000 ha) over five years, harvested trees
(> 6000), and UAV images taken after logging (~ 1500 ha). This was
possible because of the long-term partnership with the logging company.
Monthly monitoring of harvesting activity areas at a 300-m resolution
(step 1) and canopy gaps at a 10-m resolution (step 2) allowed the

detection of the most common small-scale disturbance events and the
estimation of logging intensity. Because of the completely independent
validation based on after-logging UAV images that were photo-
interpreted, the performance of this method was compared to that of
other available approaches, the RADD system (Reiche et al., 2021), and
the JRC map (Vancutsem et al, 2021), both of which were
outperformed.

The proposed method showed good results in detecting selective
logging activities in the study area (12,004 km?) where semi-deciduous
forests dominate the landscape (Fayolle et al., 2014; Réjou-Méchain
et al.,, 2021). The excellent detection performance of the harvesting
activity area at a 300-m resolution (step 1) is a real asset of the method,
particularly because the predictions were highly accurate (low com-
mission error), which is important for monitoring systems (Reiche et al.,
2021). The detection of canopy gaps at the 10-m resolution (step 2) was
better with this method than with the RADD system (Reiche et al., 2021)
and the JRC map (Vancutsem et al., 2021). This is especially due to small
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felling gaps, the most important disturbance induced by selective log-
ging in the study area, with 80% and 72% of these missed by the RADD
system (Reiche et al., 2021) and the JRC map (Vancutsem et al., 2021),
respectively. In both steps, textural indices, which allow for the con-
textualisation of pixels, were found to be important predictors, as pre-
viously demonstrated for the detection of selective logging in the
Amazon (Hethcoat et al., 2021). This method was specifically tailored to
mimic the organisation of logging activities in Central Africa, where the
logging intensity is low (10-15 m®.ha™'; 1-2 trees.ha™!) with a limited
impact on the canopy for a FSC certified concession (3.88% of loss based
on UAV canopy gaps), compared to the impact on 10.8% of the canopy
cover in a conventional concession (Ngueguim et al., 2009). Other
studies using Sentinel-1 SAR data to monitor logging in the tropics
(Ballere et al., 2021; Hethcoat et al., 2021; Reiche et al., 2021), present
results for higher logging intensities (> 20 m>ha™!) or with an MMU
that is not adapted to this low logging intensity. Moreover, this is the
first time that the logging intensity has been predicted in terms of both
the volume and number of cut trees per hectare, which are valuable
metrics for the forestry sector (Welsink et al., 2023). This method
captured a large range of logging intensities, depending on the size of the
observation grid, because, locally, logging can be more intense (up to 9
trees.ha™! and 200 m>.ha™! for a 100-m grid), or completely absent in
some areas. The relationships based on volume were slightly better than
those based on the number of trees cut per hectare, whereas the opposite
was observed when using UAV canopy gaps. This disparity can be
attributed to the fact that the C-band used by Sentinel-1 can penetrate
the canopy to some extent (Kellndorfer, 2019) and potentially capture
understory disturbances (greater with the volume of the cut tree)
compared with UAV images that only reflect canopy openings (more
related to the number of cut trees). Indeed, given the relatively homo-
geneous diameter distribution of the cut trees, a cut tree causes, on
average, the same disturbance.

Regarding the assessment and comparison of performance among
monitoring studies in tropical forests (Ballere et al., 2021; Carstairs
et al., 2022; Hethcoat et al., 2021; Reiche et al., 2021; Vancutsem et al.,
2021), the disparity in both the reference datasets and validation ap-
proaches raises questions. Reference datasets based on optical satellite
data can miss canopy gaps because of cloud cover and spatial resolution
(Reiche et al., 2021). Those using forest inventories do not consider all
types of logging disturbances, only cut trees (Hethcoat et al., 2021), and
log yards and roads (Ballere et al., 2021). In addition, the reference
dataset can be locally complete for the disturbances but spatially
restricted. For example, Carstairs et al. (2022) used a UAV LiDAR flight
covering 310 ha to scale up Gabon, reporting a global accuracy of
99.9%. In this study, an independent dataset (UAV canopy gaps) was
used for validation, and its performance was lower than that assessed
using the test dataset based on the photo-interpretation of Sentinel-1
SAR data. The independent validation approach proposed in this study
is based on robust field data needed for reporting selective logging
detection (Hethcoat et al., 2021) and allows an accurate assessment of
the method.

In the future, this method used at a single site in Cameroon should be
tested on other forest types (Fayolle et al., 2014; Réjou-Méchain et al.,
2021) and logging practices such as conventional, artisanal, and illegal
logging (Lescuyer et al., 2016), that are practiced in the region. Given
that the higher the logging intensity, the better the detection of canopy
gaps (Hethcoat et al., 2021), we are confident that this method will also
perform well in areas where logging intensity is higher, specifically in
conventional concessions which are the most widespread in Central
Africa (BAD, 2018). Moreover, logging intensity and the extent of log-
ging concessions are both likely to increase in the coming years with the
desire to further industrialise the timber sector in Central Africa (BAD,
2018). In this context, monthly monitoring of selective logging activities
using this method will have strong practical applications. Specifically,
this method allows the direct estimation of logging intensity on the scale
of monthly harvesting or annual cutting areas, both of which are
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relevant for control by forest administration and certification bodies. In
addition, despite their limited local performance, the RADD system
(Reiche et al., 2021) and the JRC map (Vancutsem et al., 2021) could
already be used to monitor logging intensity in Central Africa, given the
promising relationships presented in this study for a grid size of
500-1000 m, while awaiting the extension of this method.
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