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Abstract: Selective logging and smallholder clearing are the dominant drivers of tropical forest
disturbances in Cameroon (CAM). However, they are difficult to monitor accurately by satellite remote
sensing because openings in the canopy can be very small, the vegetation is generally fast-growing, and
cloud cover is common. Norway's International Climate and Forest Initiative (NICFI) provides access to
monthly and biannual collections of 5 m Planet images in the tropics, creating a great opportunity for
mapping tropical forest disturbances. In this paper, we develop a method to monitor monthly small-scale
tropical humid forest disturbances using 2021 Planet NICFI images. First, a cloud mask for each of the
monthly Planet NICFI images was predicted by integrating a cloud cover possibility map with a haze
optimal transformation (HOT) index image. Second, possible monthly forest disturbances were mapped
from a self-referenced Hue forest (rHue forest) index image. Finally, an adjusted monthly forest
disturbance map was produced by eliminating many false positives with a spatio-temporal filter. Results
in CAM demonstrated that the method applied to monthly Planet NICFI images was effective in
identifying numerous small-scale tropical forest disturbances that were short-lived, lasting only a few
months. After filtering out new possible forest disturbances in 2021 which did not meet a temporal
permanence criterion based on the monthly images, the adjusted user’s and producer’s accuracies for
CAM were 84.7£2.9% and 61.5 + 46.4%, respectively (£ 95% confidence intervals). Our results provide
much greater spatial detail than forest disturbance methods based on Sentinel-1 and Landsat images. The
adjusted disturbed area of humid forests in CAM was estimated as 1,168 £ 882 km2 in 2021. The

proposed method for monthly mapping of forest disturbance using Planet NICFI images has great
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potential to complement existing forest cover change products and monitor hitherto neglected tropical

forest disturbances due to small-scale clearing.

Keywords: Forest disturbance, Planet NICFI, selective logging, smallholder clearing, Cameroon.
1. Introduction

The world’s tropical forests hold more than half of the global aboveground carbon stocks and
provide immense environmental and economic value, not least through their role in the global carbon
cycle (Baccini et al., 2017). During the past three decades, 17% of the world’s tropical forests were
deforested and 10% degraded at the pantropical scale (Vancutsem et al., 2021), leading to massive
changes in carbon flux and biodiversity losses (Baccini et al., 2017; Gibson et al., 2011). Satellite-derived
monitoring of tropical forest disturbances is needed urgently to support tropical forest conservation and
promote sustainable tropical forest uses (Dong et al., 2012; Hansen et al., 2013; Qin et al., 2019;
Vancutsem et al., 2021; Zhu and Woodcock, 2014).

Satellite sensor images with various spatial resolutions ranging from 10 m to 250 m have been used
widely to map tropical forest disturbances (Bullock et al., 2020; Hethcoat et al., 2019; Reiche et al., 2021;
Tang et al., 2019; Zhang et al., 2019; Zhang et al., 2021). During the past two decades, it is noteworthy
that many ready-to-use remote sensing-based forest cover change products were developed, and they can
be applied to monitor tropical forest disturbances (Table 1). For example, Hansen et al. (2002) developed
the annual MODIS Vegetation Continuous Fields (VCF) product to monitor global tree canopy cover
dynamics since 2001, but its spatial resolution of 250 m is too coarse to provide sufficient spatial detail
(Francini et al., 2020). As solutions, Sexton et al. (2013) and Vancutsem et al. (2021) applied Landsat
images to map 30 m global VCF and forest cover changes every five years. Shimada et al. (2014) used
ALOS/ALOS-2 PALSAR/PALSAR-2, a dual-pole L-band Synthetic Aperture Radar (SAR), during
2007-2010 and 2015-2017 to estimate global forest cover maps with a spatial resolution of 25 m. Hansen
et al. (2013) released an annual 30 m global forest change (GFC) map since 2001. Among the ~30-m
scale products, the GFC product has the outstanding capability to monitor large-scale forest disturbances,
but the annual updating frequency remains too coarse to monitor the sub-annual tropical forest
disturbances (Francini et al., 2020).

To provide near real-time monitoring of tropical forest disturbances, Hansen et al. (2016) developed

a 30 m tropical forest disturbance (loss) alerting system based on all available Landsat images, which
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62 was released in Global Land Analysis & Discovery (GLAD). Although Landsat has a 16-day revisit
63 period, the extremely frequent cloud cover in the tropics limits the application of the GLAD forest loss
64 alerting product (Francini et al., 2020; Zhang et al., 2018; Zhang et al., 2021). Watanabe et al. (2021)
65 developed a 50 m spatial resolution near real-time forest early warning system in the tropics (JJ-FAST)
66 by using ALOS-2 PALSAR-2 mosaics during 2019-2022. JJ-FAST can be applied in all weather
67 conditions by taking advantage of the PALSAR-2, L-band’s capacity to penetrate smoke, clouds and
68  heavy rain. Moreover, Reiche et al. (2021) developed a 10 m forest disturbance alerting system based on
69 Sentinel-1 C-band SAR images, with the benefit of penetrating smoke, clouds and rain and a finer spatial
70 resolution compared to Landsat and PALSAR-2 images. However, Sentinel-1 imagery is heavily affected
71 by noise pixels and topographic conditions, and it has the challenge of separating accurate noise pixels
72 from some forest disturbance pixels, particularly for the mono-temporal Sentinel-1 image (Francini et
73 al., 2020; Hethcoat et al., 2021; Zhao et al., 2022).
74 Table 1. Summary of global and pantropical forest cover change monitoring products based on various satellite
75 images.
Name Spatlgl Updating Avallable Data Spatial Prediction Affiliation Reference
resolution  frequency period source extent model
Since . Tropic  Probabilistic =~ Wageningen Reiche et
RADD forest alert 10 m 6-12 days 2019 Sentinel-1 s algorithm University al. (2021)
Since Tropic Machine Universit Hansen et
GLAD forest | p y
alce)rr-::s 088 30m 16 days 2001 Landsat S learning of Maryland  al. (2016)
Since Machine Universit Hansen et
Global forest 30 m Annual Landsat  Global . Y
change (GFC) 2001 learning of Maryland  al. (2013)
ALOS/A
2007- LOS-2 . .
Global
ForestNomforest 25 Annual 2010,  PALSAR/ Global Segmﬁmat‘o JAXA Sal}“éa(;if;)’t
M 2015-2017 PALSAR- ’
ap 2
Forest Cover Every 5 Tropic . European Vancutsem
Changes in the 30 m years 1990-2019 Landsat s Decision tree Commission et al. (2021)
Humid Tropics
Landsat Vegetation 30 m Every 5 2000-2015 Landsat Global Machlne University Sexton et
Continuous Fields years learning of Maryland  al. (2013)
JICA-JAXA Forest ALOS-2 Trobi S tati Watanab
Early Warning 50 m Annual ~ 2019-2022 PALSAR- ~'oPI¢ Segmentatio JAXA ol 2001
System in the 2 § n etal. ( )
Tropics (JJ-FAST)
MOD44B Since Machine Hansen et
Vegetation 250 m Annual 2001 MODIS Global learning NASA al. (2002)
Continuous Fields
76 In Cameroon (CAM), one of the six Congo Basin countries, smallholder clearing and selective
77 logging were the dominant drivers of tropical forest disturbances (Kleinschroth et al., 2019; Laporte et
78 al., 2007; Tyukavina et al., 2018). Compared with large-scale forest disturbances, selective logging and
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smallholder clearing are more difficult to monitor accurately with most satellite sensor images, due to
small-scale openings within the canopy, fast-growing vegetation and frequent clouds (Asner et al., 2005;
Francini et al., 2020; Hethcoat et al., 2021; Hethcoat et al., 2019; Zhang et al., 2021). Selective logging
roads in the rainforest have an average width of <7 m (Kleinschroth et al., 2019), which is finer than the
pixel size of most satellite sensors, including Landsat, Sentinel-2, PALSAR and Sentinel-1 (Table 1).
Given the narrowness of logging roads, a method utilizing the Normalized Difference Fraction Index
was developed to monitor tropical forest degradation, and it can be used to extract sub-pixel selective
logging from Landsat images (Souza et al., 2005), but the spatial distribution of sub-pixels is yet to be
provided (Zhang et al., 2018). Smallholder clearing and selective logging of tropical forests will be
followed commonly by fast-growing vegetation (e.g., shrubs and trees) within several months. To
monitor accurately the small-scale tropical forest disturbances due to selective logging and smallholder
clearings in CAM, satellite sensor images are required that have both fine spatial and temporal resolutions
(Francini et al., 2020; Kleinschroth et al., 2019).

Very fine spatial resolution (VFR) satellite sensor images, such as Quickbird, IKONOS, Worldview,
RapidEye, SPOT and GaoFen, can be used as alternative data sources to estimate small-scale tropical
forest disturbances (Franke et al., 2012; Souza et al., 2003; Wagner et al., 2019). However, the revisit
period of these VFR satellite sensors is always too coarse to monitor short-term tree canopy openings
caused by smallholder clearing and selective logging (Francini et al., 2020), and the data licenses of these
commercial satellites are expensive. The new PlanetScope CubeSat constellation is composed of more
than 200 Dove satellites and provides four-band multispectral images with a daily revisit time and spatial
resolution of 3 m. Planet is the first satellite system with a unique combination of large coverage, daily
frequency, and meter-level spatial resolution (Cheng et al., 2020; Roy et al., 2021; Wang et al., 2021).
It is noteworthy that Francini et al. (2020) applied firstly the daily 3 m PlanetScope images to map near
real-time forest cover changes from May 2018 to June 2019 in Tuscany, Italy, and indicated that
PlanetScope images were an attractive choice for fine spatio-temporal resolution tropical forest
disturbance mapping. However, the 3 m daily PlanetScope images are not freely available presently at a
large scale and the dense long-term daily fine spatial resolution images require heavy computational
processing. Moreover, the Dove satellites have an off-nadir view angle tolerance of 0-5 degrees, in which
a larger off-nadir view angle would affect the ability to consistently detect a particular small-scale

clearing or a narrow logging road over time. This may limit their potential widespread usage, especially
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for monitoring forest disturbances on a large scale, such as the entire country of CAM.

With the primary objective of reducing and reversing tropical forest disturbances, Norway's
International Climate and Forest Initiative (NICFI) provides access to monthly and biannual collections
of Planet images with a spatial resolution of 4.77 m (~5 m) for the pantropical region. Covering the three
regions of tropical Africa, tropical Americas and tropical Asia, Planet NICFI provides biannual satellite
composite mosaics to users from December 2015 to August 2020 and monthly satellite composite
mosaics after September 2020. Planet NICFI image collections, especially the monthly mosaics, open a
great opportunity for monitoring tropical forest disturbances with meter-level spatial resolution and at
monthly temporal resolution, available in near real-time.

Given the great potential of monthly Planet NICFI images for tropical forest disturbance mapping,
we aim to develop a method to monitor monthly small-scale tropical humid forest disturbances based on
the Planet NICFI images and primary humid forest cover map. The entire CAM, which is a typical area
of selective logging and smallholder clearing in the Congo’s tropical forests (Tyukavina et al., 2018),
was chosen as the study site, and it is expected to use the proposed method to monitor hitherto neglected
humid small-scale forest disturbances dominated by selective logging and smallholder clearing in CAM

during 2021.

2. Study site and dataset

As shown in Fig. 1, the entire CAM, with an area of 475,442 km?, was selected as the study site.
Similar to the other five Congo Basin countries, CAM has a humid and hot climate, particularly in the
south. The rainfall season in CAM is from May to October, with maximum rainfall in July and August,
and the temperature is relatively stable between 22°C and 25°C. Agricultural smallholder clearing and
industrial selective logging are the top-two dominant drivers of Congo’s tropical forest disturbances
(Kleinschroth et al., 2019; Tyukavina et al., 2018). Specifically, based on the Landsat images during
2001-2014 and stratified sampling method, Tyukavina et al. (2018) found that ~80% of the forest
disturbances in CAM was caused by small-scale forest disturbance, in which smallholder clearing was
the largest driver of forest disturbances and contributed about 58.0 + 8.0% of the total loss area and the
percentage of selective logging was 21.8 £ 7.9%. By analyzing two widely used humid tropical forest
disturbances based on Landsat images (Hansen et al., 2016) and Sentinel-1 images (Reiche et al., 2021),

we found that there were more forest disturbances during 2021 in CAM than in Gabon and Republic of
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Congo. Thus, CAM was selected as the study site to monitor the representative selective logging and
smallholder clearing of tropical forests.

The proposed method aims to produce a monthly forest disturbance map for CAM in 2021, and it
is based on two types of datasets. Firstly, a primary humid forest cover map in 2020 (Fig. 1(a)) was
generated using the humid tropical forest cover map in 2001 (Turubanova et al., 2018), annual forest loss
map during 2001-2020 in GFC product (Hansen et al., 2013), RADD Sentinel-1 forest disturbances map
during 2019-2020 (Reiche et al., 2021), Landsat tree canopy height in 2020 (Potapov et al., 2021) and
Sentinel-2 land cover map in 2020 (Zanaga et al., 2021). It is noteworthy that the minimum disturbance
patch size detection thresholds used for the GFC product and RADD Sentinel-1 forest disturbances map
are 0.5 ha (~6 pixels of 30 m X 30 m) and 0.2 ha (20 pixels of 10 m X 10 m), respectively (Hansen et al.,
2013; Reiche et al., 2021). Detailed processing of the primary humid forest cover map will be described
in section 3.2.1.

P00E 12°00°E 15°00'E 00E 12°00°E 15°00°E P00E 12°00°E 15°00°E
1 1 1 1 1 1 L 1

©

Chad

Precipitation of 12 months (mm)

- High : 3918

B Low:33

Cameroon Cameroon

CentralAfrican Republi

Bhuatorial Guinea  Gabon { Republic of Congo

£ Republic of Congo
/

T T T
00'E 1200°E I5°00'E

A l:l Other landcovers l:l Humid forests 2020

T T )
P00°E 1200E 15°00°E
125 250 500 km

— © Validation samples

Fig. 1. Humid tropical forest cover map, Planet NICFI images, reference validation points and annual precipitation
for the study site of CAM. (a) Primary humid tropical forest cover map in 2020; (b) Planet NICFI RGB true colour
image in December 2021 and 1400 reference random validation samples (see Table 2); (c) 1000 m spatial resolution

annual precipitation based on monthly precipitation during 2007-2019.

Secondly, monthly four-band Planet NICFI mosaic images around 2021 were used as input data, as
illustrated in Fig. 1(b). These monthly Planet basemaps were preprocessed by NICFI in Google Earth

Engine (GEE) platform, with the spatial resolution unified to 5 m, and they are freely available via

https://www.planet.com/nicfi/ after registration. The Planet NICFI mosaic image includes four bands of
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blue, green, red and near-infrared, in which the bit depth of each band is 16 bits, and the pixel values of
each band were converted to surface reflectance. The Planet NICFI mosaics were composed of images
from hundreds of different Dove/Superdove satellite sensors. To amalgamate different sensors into the
mosaic, normalization and harmonization operations are required to intercalibrate the differences
between the sensors. Moreover, a standard scene selection algorithm and co-registration with many
ground control points (GCPs) were used for the Planet NICFI mosaics to provide acceptable geolocation
error. More detailed information about Planet NICFI mosaic images can be found in

https://assets.planet.com/docs/NICFI _Basemap_Spec_Addendum.pdf.

Following Francini et al. (2020), we used the stratified random sampling method to validate the
monthly forest disturbance maps produced by the proposed method in CAM (Cochran, 1977; Stehman,
2014). The monthly forest disturbance map is produced with a spectral index, and the detailed processing
will be described in the later section 3.2. As shown in Table 2, 14 strata, including a total of 1400
validation sample points extracted from the primary humid forest cover map and monthly forest
disturbance map, were used in the stratified random sampling, in which two of the strata belong to the
category of “non-forest disturbances” and the others are in the category of “monthly forest disturbances”.
Due to the monthly adjusted forest disturbance map in 2021 were produced based on the primary humid
forest cover map in 2020, the strata of “stable humid forest” and “other land covers” were used together
with the stratum of “forest disturbance at #” (#; means Jan. to Dec. in 2021. The sample size of 400 was
allocated to the strata of “stable humid forest” and “other land covers”, respectively, while the sample
size of 50 was allocated to the stratum of “forest disturbance at #” for each of the months in 2021. The
stratum label of each sample point is determined by the stratum associated with the stratification layer in
which the sample point is located. Specifically, the time-series monthly Planet NICFI images were used
for the determination process based on visual interpretation. The sampling unit (spatial size) refers to the
5 m x 5 m Planet image pixel. To decrease the uncertainty of visual interpretation, three experienced
interpreters interpreted visually the reference class of each sample unit with the help of time-series
monthly Planet NICFI images and very fine spatial resolution (e.g., 0.5 m) Google Earth images
(McRoberts et al., 2018), and the disagreement frequency among them was 32.43%. It is noted that the
latest (circa 2022) Google Earth images contain finer spatial resolution tree canopy cover information
than the 5 m Planet NICFI images, and they can be used to determine whether a sample belongs to stable

humid forest or other land covers. Finally, the majority reference class predicted visually among the three
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interpreters was used as the reference.

Table. 2. Summary of the strata used to validate the possible and adjusted monthly forest disturbance maps.

Category Stratum Sample size Stratum size (pixels) Source
Other land Primary humid forest
Non-forest covers 400 0.79<10% cover map & adjusted
disturbances Stable humid 0.72x101° monthly forest
forest 400 disturbance map
Jan. 50 3.53x10°
Feb. 50 5.99x10°0
Mar. 50 8.83x10°
Apr. 50 6.81x10°
May 50 2.29x108
Monthly forest Jun. 50 0.72x108 adjusted monthly forest
disturbances Jul. 50 0.17x10° disturbance map
Aug. 50 0.38x10°
Sep. 50 1.43x108
Oct. 50 1.07x10°
Nov. 50 1.26x10°
Dec. 50 1.42x108

3. Methodology

The proposed method comprises three main steps as shown in Fig. 2: 1) predict a cloud mask for
each of the monthly Planet images by integrating the cloud cover possibility map and haze optimal
transformation (HOT) index map; 2) produce a possible monthly forest disturbance map from the self-
referenced Hue forest (rHue_forest) index based on the cloud-masked Planet images and primary humid
forest cover map; 3) produce an adjusted monthly forest disturbance map by eliminating false positives
with a spatio-temporal filter, which requires at least three out of five consecutive observations (one before
the present observation and three after the present) to confirm each of the possible disturbances at present.
Step 1 is used to mask the cloud in the monthly Planet images, which are used as one of the input data
of step 2 to produce the possible monthly forest disturbance map, and step 3 is used to produce the

adjusted monthly forest disturbance map by eliminating many false positives.
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L

Fig. 2. The proposed methodology.

3.1 Cloud masking of monthly Planet NICFI images

Due to the lack of SWIR bands, cloud estimation for the four-band (e.g., Blue, green, red and Nir)
satellite sensor images is always a challenging task for Planet imagery. The usable data mask
(UDM/UDM2) layer developed by the Planet team was used to remove cloud and cloud shadow pixels
during the generation of the monthly Planet NICFI composite images, but many clouds still remain
(Frazier and Hemingway, 2021; Pascual et al., 2022). Our research used two methods to predict any
clouds in the monthly Planet NICFI images. For each of the monthly Planet images, the random forests
(RF) machine learning method developed by Breiman (2001) was applied first to produce a cloud cover
possibility map (Pal, 2005). In general, we could collect training samples from each of the monthly Planet
NICFI images, but this would be time-consuming for the study site of CAM. Considering that cloud
cover is expected to produce higher reflectance than the other land covers, the maximal composite Planet
images from January to December 2021 can, thus, identify most of the clouds in the monthly images.
We, therefore, collected cloud and non-cloud sample pixels by visual interpretation, which were used in
the RF model to establish the cloud cover possibility map for monthly Planet NICIF images, and
threshold values ranging from 20% to 40% were used to predict the cloud masks of different seasons.

Besides the above cloud cover possibility maps, the cloud index of “haze optimal transformation

(HOT)” was also used here to create the cloud mask (Zhang et al., 2002), and it is expressed as
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where p(blue) and p(red) are the spectral reflectance values of bands 2 and 3 in the Planet image,

HOT =

and the parameters a and b refer to the slope and intercept of the clear-sky line. The clear-sky line is a
linear regression adjusted in some attribute space of pixels captured under a clear sky with no cloud,
cloud shadow and haze, in which the axes of this attribute space are the spectral reflectance values of the
blue and red bands. We used the maximal composite Planet image to predict the slope and intercept. With
the slope and intercept estimates, HOT index images were predicted for each of the monthly Planet
images, and threshold values ranging from 0.016 to 0.028 were used to predict the cloud masks. The
optimal HOT threshold value for each monthly Planet NICFI image was chosen by comparing cloud

masking performance using threshold values ranging from 0.004 to 0.04 with an interval of 0.04.

3.2 Possible and adjusted monthly forest disturbance mapping
3.2.1 Primary humid forest cover map in 2020

Primary humid forests contain the greatest terrestrial ecosystem biodiversity compared to many
other forests (Betts et al., 2017; Hansen et al., 2016). In general, it is difficult to map directly the spatial
extent of primary humid forest cover using satellite sensor images, as the spectral and spatial features of
primary humid forests are similar to those of many other forests. It is noteworthy that Turubanova et al.
(2018) developed a baseline map of primary humid tropical forests in 2001. In this research, the annual
forest loss map during 2001-2020 in the GFC product developed by Hansen et al. (2013), Sentinel-1
forest disturbance map during 2019-2020 developed by Reiche et al. (2021), Landsat tree canopy height
in 2020 (Potapov et al., 2021) and Sentinel-2 land cover map in 2020 (Zanaga et al., 2021) were used to
predict the spatio-temporal dynamic of forest cover before 2021. To produce the primary humid forest
binary map in 2020, all the forest pixels marked as forest disturbance pixels in the GFC and Sentinel-1
forest disturbance maps before 2021 and the non-forest covers in the Sentinel-2 land cover map in 2020
were excluded in the baseline map. According to the report presented by Turubanova et al. (2018), the
average height of primary humid forest in the Democratic Republic of the Congo (DRC) ranged from 15
m to 29 m. Therefore, as CAM and DRC are both Congo Basin countries, the minimal average height of
15 m was, thus, applied to the Landsat tree canopy height in 2020 to exclude many non-humid forests in

the baseline map.
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3.2.2 Self-referenced Hue_forest (rHue_forest) index

Although most of the clouds can be removed using the above cloud cover possibility maps and HOT
index images, some small-scale clouds will remain. It is noteworthy that Francini et al. (2020) have
illustrated firstly the superiority of the Hue index in near real-time forest disturbance detection with
PlanetScope images. The Hue index has the advantage of being robust to clouds and cloud shadows, with
small values for clouds and cloud shadows pixels, but large values for forest cleared pixels (Francini et

al., 2020). The Hue index (https://www.indexdatabase.de/db/i-single.php?id=34) is expressed as,

2)

Hue = arctg( 305

2x p(red) - p(green) — p(blue) (p(green) — p(blue)))

where p(red), p(green) and p(blue) are the spectral reflectance values of bands 3, 2 and 1 of
PlanetScope image, respectively. The Hue index is based on the arctangent function, and its value is in
the range of [-n/2, n/2]. In this research, we focused on the Hue pixels within the primary humid forest

cover map in 2020, expressed as,

Hue forest if Map forest =1
Hue forest = ) (3)
0 if Map _ forest =0

where Map forest is the primary humid forest binary map in 2020, and Hue forest is the Hue index
image for the primary humid forest pixels.

Small values of Hue forest may be caused by illumination geometries, atmospheric conditions and
seasonal phenological changes, which may potentially be confused with the signal of interest relating to
small-scale openings. A focal operation for noise removal was, thus, applied to the Hue forest index to
enhance the spectral signal of small-scale forest disturbances (Langner et al., 2018; Zhang et al., 2021),
expressed as,

rHue forest” = Hue forest — Hue_forest(median, r), 4)

. 1 ifrHue forest” > 1
rHue forest = - . (5)
0 ifrHue forest <0

rHue forest” if-0.1< Hue forest <0.3
rHue forest= <0.3 if Hue forest > 0.3 R (6)
0 if Hue forest<-0.1

in which Hue forest(median, r) is the median filtered image of the original Hue forest index map,
produced using a circular moving kernel median filter with a radius of r, which is always set in the range

200-400 m. In this research, the radius  is 300 m. rHue_forest” in Eq. (4) is in the range -1 to 1, and any
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negative values in it are reassigned to 0 and any values larger than 1 are set as 1 by using Eq. (5). In
general, the tHue_forest” index works well for indicating forest disturbances when the maximal width of
the opening in tropical forests is smaller than twice the radius of the kernel median filter (Langner et al.,
2018). However, some large-scale tropical forest disturbance areas may remain in real the situation. Eq.
(6) was, thus, used here to constrain the rHue forest index to a large value of 0.3 if the Hue index was
larger than an empirical value of 0.3. Meanwhile, in Eq. (6), rHue_forest was assigned a small value of
0 if the Hue index was smaller than an empirical value of -0.1, as a very small Hue value (e.g., <-0.1)
often indicates a closed forest.
3.2.3 Possible monthly forest disturbance mapping

Forest disturbance in this research is denoted as openings in the tree canopy, predicted by an increase
of rHue value for the pixel of primary humid forest cover, in which the original rHue value of the forested
pixel approximates 0. By iterating over the above monthly rHue forest images from January to December,
if a pixel value in the rHue forest index image was larger than 7 (a threshold parameter), it was regarded
as possible forest disturbance; and the first month (m) with the rHue forest index value larger than 7 was
identified as the forest disturbance time. Meanwhile, the rHue forest value of pixel i at the most recent
month before the observation year (e.g., 2021 in this study) should be less than 7, to guarantee that the
pixel has not been regarded as forest disturbance before the observation period. The monthly forest

disturbance mapping process for pixel i is expressed as Eq. (6),

_ me{l,2,---,12} if rHue_forest(m,i)>T
Fdt(i, first) = , (7

otherwise

in which Fdt(i, firsf) means the first possible forest disturbance time of pixel i and rHue forest(m, i) is
the value of rHue_forest index for pixel 7 at the m™ month in 2021.
3.2.4 Adjusted monthly forest disturbance mapping with spatio-temporal filter

The above possible monthly forest disturbance map may contain some false positives caused by
remaining clouds, registration errors and spectral outliers in the time-series Planet NICFI images.
Moreover, for the identification of the first month of a disturbance, if it is a very small temporal change
in tHue forest (from slightly below T to slightly above T) compared to the previous, the disturbance
could be a false positive. Generally, false positives are always ephemeral and exist within a short period,
but the areas caused by real forest disturbances will present continuously as bare land for several months

(e.g., three months). Based on this principle, as shown in Fig. 3, we developed a spatio-temporal filter to
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eliminate false positives for the adjusted monthly forest disturbance map, expressed as:

. me{l,2,---,12} ifrHue_forest(m,i) > T & Fre(i) >3
Fdt(i, first) = stherwise , (®)
Fre(i)= ) Dis(m,i), )
meP
N> T
Dis(m.i) = 1, rHue forest(m,i) > A ’ (10)
0, otherwise

where Fre(7) is the frequency of pixel i regarded as forest disturbance within the period of P months, after
the month of possible first detection. The observation period P ranges from the m-1" to m+3™" month,
and this means there should be one month Planet image before the m™ month and three months Planet
images after the m™ month. Dis(m, i) is a binary function and refers to 1 if the rHue_forest index value
of pixel i in m™ month is larger than 773, otherwise, it is 0. Different from using threshold value T to track
the first forest disturbance time in Eq. (7), a smaller threshold value (e.g., 7/3) used in Eq. (10) can record
more unique information before and after the forest disturbance. To provide a balance between false
positives and false negatives for the detected disturbances, we chose a threshold of 7= 0.09 in this
research. See section 4.3 for support of this choice. Based on the spatio-temporal filter in Egs. (9)-(10),
the adjusted forest disturbance time of pixel i can, thus, be predicted, which means that if the rHue forest
index value of the humid forest pixel is larger than T and the disturbing frequency is larger than 3, the
first disturbing time is real, otherwise, it is a false positive. It is noteworthy that if the disturbing
frequency threshold is 1, the adjusted monthly forest disturbance map would be the same as the possible
monthly forest disturbance map in section 3.2.2. Finally, the forest disturbance patches, which are
composed of less than 7 pixels within a neighborhood window size of 15 pixels x 15 pixels, will be
regarded as noise and deleted in the postprocessing of the possible and adjusted monthly forest

disturbance maps.
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Fig. 3. Illustration of using the spatio-temporal filter to estimate the adjusted monthly forest disturbance map.

3.3 Comparison, area and accuracy estimators

To provide a comprehensive validation of the performance of the proposed method based on Planet
NICFI images, as listed in Table 1, two near real-time tropical forest disturbance maps based on RADD
Sentinel-1 (Reiche et al., 2021) and GLAD Landsat (Hansen et al., 2016) were used as comparisons.
Simultaneously, the forest loss map in the GFC product (Hansen et al., 2013), which can only provide
the forest disturbing time annually, was also used as the comparison here. As the three forest disturbance
maps have spatial resolutions (10 m and 30 m) coarser than the Planet images, they are used mainly for
comparison of spatial distributions (i.e., visual comparison) with the monthly forest disturbance map.

For the area and accuracy assessments of the possible monthly forest disturbance map (section 3.2.3)
and adjusted monthly forest disturbance map (section 3.2.4) in CAM, the area proportion for the

reference classes, and the producer’s accuracy and user’s accuracy of the map classes, were used. Assume

that the region of interest (i.e., the population) is partitioned into H strata with N pixels, N, is the size
of each stratum / (h e H ). Based on the stratified random sampling, 7, sample units are selected

randomly from the N, pixels of stratum 4. It is noteworthy that the stratum label is extracted from a

map that may be different from the map being assessed, and the method, which estimates area and
accuracy using indicator functions, described by Stehman (2014) was then applied here. Firstly, the
stratified estimator of the proportion of area of class k based on the indicator function can be expressed

as:
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~ 1 H £ J—
pl=—2 Ny, (11)
N&

*
n,

yi=> v n,, (12)

u=1

Vo = ; (13)

+ |1 ifpixel u is reference class &
0, otherwise
in which p;' is the proportion of area of class k, y* is a binary element of class k within », samples

of stratum 4, and y, is the sample mean of the y* values that have the reference class  in stratum 4.

An estimator of the standard error of p; is

A 1 Ll * * * k *
SE(p,f):\/FZth(l_nh/Nh)Var(y,’,)/nh , (14)

h=1
where SE(p;') is the standard error and Var(y)) is the variance of y' values of all samples that

have the reference class 4 in stratum 4.

Secondary, the stratified estimator of producer’s accuracy and user’s accuracy of class k based on

A

two indicator functions can be expressed as the ratio R, :

H .y
A ZN WV
i
R =7 : (15)
2N
=
where ¥y, and X, are the sample mean ofthe y* and x' values, which are based on two indicator

functions. Similar to equations (12) and (13), y; is the sample mean of the y* values (indicator
function) that have the same reference and map class & (i.e., correctly classified as class k) in stratum 4.

If f?k refers to the producer’s accuracy, the X, is the sample mean of the x' that have reference
class & in stratum 4. By contrast, if IAQ,{ refers to the user’s accuracy, the X, is the sample mean of the

x! that have map class k in stratum 4. An estimator of the standard error of f?k is

A 1 H * A A *
SE(R,) = \/?ZNZZ(I—nh | N)YVar(yy)+ R Var(x,)—2R,Cv(y} ,x;)) / n, (16)
h=1
~ H *
X=YNxX, (17)
h=1
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Where SE( Iék) is the standard error of producer’s accuracy or user’s accuracy, Var(y,) is the
variance of )" values that have the same reference and map class k in stratum %, Var(x}) is the
variance of x' values that have reference class k in stratum 7 if it is used for producer’s accuracy and

that have map class k for user’s accuracy, Cv(y,,x;) isthe covariance between x' and y'.

To provide approximate 95% confidence intervals for the area proportion, producer’s accuracy and

user’s accuracy, [1£1.96-SE({i) was used here, where [i is the target parameter to be estimate and SE

is the standard error of the estimate (Francini et al., 2020; Olofsson et al., 2014).

4. Results
4.1 Possible and adjusted monthly forest disturbance maps

The possible and adjusted monthly forest disturbance maps in CAM are shown in Fig. 4, and five
zoomed areas are used to illustrate the spatial detail of the small-scale forest disturbances predicted by
selective logging and smallholder clearing. Forest disturbances distribute widely across the humid forests
in CAM, and many are along the boundaries of humid forests. Figs. 4(b1)-(b2) and Figs. 4(c1)-(c2) are
two typical examples of forest disturbances caused by selective logging, and the forest logging roads
form complex networks, in which the long main logging roads are wider than many of the short logging
roads along them (see Figs. 4(b11)-(b21)). Moreover, it is interesting, although not unexpected, to find
that there are many small-scale forest disturbances along both sides of the logging roads. Figs. 4(d1)-(d2)
and Figs. 4(el)-(e2) are two typical examples of smallholder clearing and Figs. 4(f1)-(f2) are used to
show a mixture of selective logging and smallholder clearing. Many of the forest disturbances caused by
smallholder clearing hold spatial sizes larger than the small-scale forest disturbances along the selective
logging roads (see Figs. 4(d11)-(d21)). In all the zoomed areas, it is obvious to find that possible forest
disturbances are much more than the adjusted forest disturbances, such as wider selective logging roads,

more smallholder clearings and larger spatial extents.
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Fig. 4. Possible and adjusted 5 m monthly forest disturbance maps of CAM in 2021 produced by the proposed
method. (2) Adjusted monthly forest disturbance map of CAM in 2021; (b1)-(b2) Subset possible and adjusted forest
disturbance maps caused by selective logging for location box ‘b’ in (a); (c1)-(c2) Selective logging; (d1)-(d2)
Smallholder clearing; (el)-(e2) Smallholder clearing; (f1)-(f2) A mixture of selective logging and smallholder
clearing; (b11)-(b21) and (d11)-(d21) Zoomed areas in (b1)-(b2) and (d1)-(d2) and the time-series bimonthly Planet
NICFI image.

The last two rows beginning at Fig. 4(b11) and Fig. 4(d11) illustrate the logging and recovery
process of small-scale forest disturbances caused by selective logging and smallholder clearing,
respectively. By matching the monthly forest disturbance maps with the bimonthly Planet RGB images,
the expansion of logging roads and small-scale forest disturbances from February to December in the
two subsites can be seen clearly. On the other hand, it can also be seen that many forest disturbances
were covered again by vegetation within two-to-four months if they were abandoned after disturbance.
The smaller the spatial size of forest disturbances areas, the quicker the recovery process, and this
indicates that it is necessary for satellite sensor images to monitor selective logging and smallholder
clearing within two-to-four months after disturbance, otherwise, the vegetation growth in the forest
disturbance areas may reduce the satellite spectral signals of openings of the tree canopy (Francini et al.,

2020).
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4.2 Comparison to other forest disturbance maps

As shown in Fig. 5, the RADD Sentinel-1 alert can detect and monitor many forest disturbances
(particularly in the black ovals of zoomed area ‘c’), but it also gives the visual impression of having been
smoothed by a majority filter, causing narrow logging roads to break into pieces and causing shrinkage
of small-holder clearing patches, particularly in the black ovals of zoomed area ‘e’. This may be because
the accuracy decreases for detection of disturbance patches smaller than 0.2 hectares (i.e., 20 pixels)
Reiche et al. (2021). Compared with the results of Sentinel-1, many selective logging and smallholder
clearing events were missed in the results of GLAD and GFC based on Landsat images, although the
GFC Landsat results are preferable to the GLAD Landsat results. However, for the possible and adjusted
monthly forest disturbance maps based on Planet images, more forest disturbances and spatial details of
selective logging and smallholder clearing are identified clearly, which are more matched to the logging
roads and small-scale bareland in the monthly Planet RGB images in December (the last column in Fig.
5). Compared with the NICFI Planet possible forest disturbances, many false positives were eliminated
in the adjusted forest disturbances, but many real forest disturbances were also removed, as is clear from
the visual comparison to the Planet RGB images as references. The proposed method based on Planet
images can monitor many narrow logging roads and small-scale forest disturbances along the logging
roads, and the spatial extension process of smallholder clearing from a central point to its vicinity is also
predicted. This indicates the superiority of monthly Planet NICFI images in predicting the spatial and

temporal dynamics of small-scale forest disturbances.
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Fig. 5. Comparison of the monthly forest disturbance maps produced from the Planet NICFI, RADD Sentinel-1 alert,
GLAD Landsat alert and GFC product for the five zoomed areas in Fig. 4.

To provide a comprehensive comparison of the spatial distribution of forest disturbance maps
extracted by the different methods, four 1 km spatial resolution proportional forest disturbance maps for
CAM in 2021 are shown in Fig. 6. All the coarse spatial resolution proportional maps were predicted by
spatially averaging the different fine spatial resolution forest disturbance maps. The GLAD Landsat
proportional forest disturbance map has the least spatial extent of forest disturbances (see Fig. 6(d)), and
there is an improvement for the GFC proportional forest disturbance map (see Fig. 6(e)). In the RADD
Sentinel-1 proportional forest disturbance map, the spatial extent of forest disturbance is much more

widely seen across CAM than those of GLAD and GFC based on Landsat images (see Fig. 6(c)). As
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shown in Fig. 6(a), the proportional possible forest disturbance map produced by the proposed method
has the greatest spatial extent of forest disturbance, especially in the west coast areas with frequent clouds,
as it includes many false positives of forest disturbances caused by remaining clouds. In the proportional
adjusted forest disturbance map of Fig. 6(b), many false positives were eliminated, and most of the forest
disturbance hot spots (e.g., proportional value >0.2) match well with the those of RADD Sentinel-1 (Fig.

4(c)) and GFC Landsat (Fig. 4(e)).

(a)
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Fig. 6. Comparison of proportion of 1 x 1 km cells with forest disturbances occurring in 2021, by different methods
and sensors. (a) Planet NICFI proportional possible forest disturbance map; (b) Planet NICFI proportional adjusted
forest disturbance map; (c) RADD Sentinel-1 proportional forest disturbance map; (d) GLAD Landsat proportional
forest disturbance map; (¢) GFC Landsat proportional forest disturbance map.

Based on the stratified estimator of the proportion of area shown in equations (10)-(13), the total
adjusted forest disturbance area from January to December was estimated as 1,168 & 882 km? for CAM
in 2021. As listed in Table 3, the possible monthly forest disturbance from January to December has the
best producer’s accuracy of 96.85 £ 2.65% but the least user’s accuracy of 21.37 £ 16.91%, which means
it has many commission errors (false positives). By contrast, the adjusted monthly forest disturbance map
has the best user’s accuracy of 84.67 + 2.89% by eliminating many false positives with the spatio-
temporal filer, but its producer’s accuracy, 61.46 + 46.43%, is not that good, which means it has many
omission errors (false negatives). For the adjusted monthly forest disturbance map, the user’s accuracy
and producer’s accuracy of other land covers and stable humid forest are 88.50 = 3.13% and 88.71 +
2.72%, respectively. The accuracies of these two classes are high, but some other land covers were

misclassified as humid forests, which also decreases the accuracy of monthly forest disturbance mapping
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(e.g., leads to many false positives).

Table 3. Accuracy assessment and area statistics of the possible and adjusted monthly forest disturbance maps, “+”

means 1.96 standard errors or, equivalently, approximate 95% confidence intervals.

Possible monthly forest disturbance map Adjusted monthly forest disturbance map
Stratum User’s Producer’s User’s Area (x10*
Producer’s accuracy
accuracy accuracy accuracy ha)
Other land covers 99.19+0.86% 87.72+3.19% 98.93+0.99% 88.50+3.13% -
2003.91+65.
Stable humid forest 85.80+3.06% 99.19+0.88% 88.71£2.72% 98.75+1.09% 06
Jan.-Dec. 96.85+2.65% 21.37£16.91% 61.46+46.43% 84.67+2.89% 11.68+8.82
Jan. 71.64+14.11% 75.12+12.62% 83.58+12.74% 84.00+10.27% 0.89+0.16
Feb. 59.91+12.60% 17.78+27.34% 75.24+10.77% 86.00+9.72% 1.71+0.28
Mar. 25.49+35.03% 25.09+33.98% 28.05+38.42% 82.00+10.76% 6.46+8.83
Apr. 90.22+8.46% 19.33+£28.01% 90.66+7.20% 70.00+12.83% 1.31+0.24
May 80.25+10.38% 7.35+13.00% 84.62+7.56% 68.00+13.06% 0.46+0.08
Jun. 71.11£15.75% 2.09+4.00% 78.37+15.13%  60.00£13.72% 0.14+0.04
Jul. 74.314£27.05% 62.22+14.31% 76.97+27.51%  58.00+13.82% 0.03+0.01
Aug. 55.34+17.47% 0.67+0.93% 60.53+18.07%  70.00+12.83% 0.11+0.03
Sep. 76.21+12.14% 2.44+3.31% 84.014+9.49% 70.00+12.83% 0.30+0.06
Oct. 78.60+14.00% 65.29+14.72% 93.15+8.85% 64.00+13.44% 0.18+0.04
Nov. 86.81£11.90% 3.70+6.89% 93.01+9.04% 60.00+13.72% 0.20+0.05
Dec. 87.10+10.66% 78.57x12.54% 97.66+4.50% 74.00+12.28% 0.27+0.05

4.3 Effect of parameter 7 on monthly forest disturbance mapping

T'in Egs. (6)-(9) is an important parameter used to convert the rHue forest index into a binary forest
disturbance map, prior to applying the spatio-temporal permanence criterion. Given the two typical
examples of selective logging and smallholder clearing, Fig. 7 illustrates the monthly forest disturbance
maps using values of 7 ranging from 0.03 to 0.15 with an interval of 0.03. In the study site representing
selective logging, small values of 7 lead to forest disturbance maps with wider logging roads and many
small-scale forest disturbances along the roads. With an increase in 7, the width of the logging roads
narrows and the small-scale forest disturbances along the roads disappear eventually. Compared to
selective logging, smallholder clearing is not particularly sensitive to changes in 7, especially for some
large-scale forest disturbed patches. When T is too small (e.g., 0.03), there exist many noise pixels,
caused mainly by changes in irradiance and vegetation phenology across the monthly Planet images.
When T'is too large (e.g., 0.15), although many noise pixels are eliminated, some intact forest disturbance
patches are separated into subset patches. Therefore, T ranging from 0.06 to 0.12 is suggested for the

rHue forest index to monitor Planet monthly forest disturbances in real applications. In this research, T
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was set to 0.09 to eliminate many false positives and maintain sufficient real forest disturbances.
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Fig. 7. An illustration of monthly forest disturbance maps for two typical examples of selective logging and

smallholder clearing with 7 ranging from 0.03 to 0.15.

4.4 Effect of spatio-temporal filter on the adjusted monthly forest disturbance mapping
The disturbance frequency in the spatio-temporal filter is crucial for the adjusted monthly forest
disturbance mapping in Eq. (7). Given the typical example of selective logging, Fig. 8 illustrates the
monthly forest disturbance maps by using disturbance frequency thresholds ranging from 1 to 5 with an
interval of 1, which is the number of months (with a cap of 5) for a new disturbance that continues to be
classified as non-forest. As shown in the black oval of zoomed area A, some logging roads are presented
as red and green outliers in the Planet NICFI images of February and July, and they disappeared totally
in the following months of March and August. These outliers were regarded as forest disturbances in the
possible forest disturbance map when the disturbing frequency threshold was no less than 1, but they
were almost eliminated when the disturbance frequency threshold was no less than 2. A similar trend can
also be observed for the black oval of zoomed area B, a few cloud pixels with a small size in July were
not removed by the cloud masks, and they were first regarded as forest disturbances when the disturbance
frequency threshold is no less than 1. However, the false positives caused by remaining clouds shown in
in zoomed area B were also eliminated when the disturbance frequency threshold was no less than 2 or

3. If the disturbance frequency threshold was set too large, such as 4 and 5, some real forest disturbances
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were also deleted, as shown in zoomed area B (the black oval of the last column of Fig. 8). In general,
the occurrence of false positives is always ephemeral, but real forest disturbances will present
continuously as bare land (or low-density vegetation) for several months (e.g., 3 months). Therefore, an
appropriate frequency threshold value of 2 or 3 is suggested for the proposed method to eliminate some

false positives in the adjusted monthly forest disturbance map.

Frequency>1 Frequency>=2 Frequency=3 Frequency>4 Frequency=>5

Forest loss month
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Fig. 8. An illustration of monthly forest disturbance maps with different numbers of post disturbance monthly
confirmations ranging from 1 to 5 months in the spatio-temporal filter to eliminate many false positives. See text for

explanation of black ovals and codes A and B.

5. Discussion
5.1 Timeliness of Planet NICFI monthly forest disturbance map

Timeliness is essential for the estimation of forest disturbances, particularly for near real-time
monitoring systems, but there is always a trade-off between the accuracy and timeliness of forest
disturbance mapping (Bullock et al., 2022; Francini et al., 2020; Tang et al., 2019; Zhu et al., 2020). As
illustrated in the above results, the possible monthly forest disturbance map has the advantage of alerting
to forest loss once the latest monthly Planet NICFI image is available, but the predicted forest
disturbances have small confidence due to the commission error (e.g., false positives) caused by
remaining clouds, registration errors and spectral outliers. The adjusted monthly forest disturbance map

can increase the accuracy and confidence of estimated forest disturbances, but this decreases the
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timeliness and increases the omission error (e.g., false negatives), and we can only adjust the forest
disturbances three or more months after the first occurrence. Therefore, it is suggested to use
simultaneously the possible and adjusted monthly forest disturbance maps in real applications. Besides
the delay influenced by our proposed algorithm, the observation lag and data processing lag are two
primary sources for determining the timeliness of forest disturbance monitoring. Although it is possible
to calculate the observation lag if the satellite has standard revisit times and can penetrate clouds (Bullock
et al., 2022), the cloud-free observation lag of Planet NICFI images can hardly be predicted due to the
widespread clouds in southern CAM. The spatial distribution of annual precipitation shown in Fig. 1(c)
is expected to match that of the observation lag for Planet NICFI images. Specifically, CAM’s western
coastal areas, which are covered by frequent clouds and rain all year round, have the longest observation
lag, and the observation lag will be extended in the rainy season lasting from May to November. Once
the latest monthly Planet image is released in the GEE platform by NICFI, the proposed method can be
used to monitor monthly forest disturbances. To improve the efficiency of data processing, the entire
study area of CAM was divided into 214 grid cells, and it would require about one week to complete all
the data processing based on one GEE account. However, by dividing the 214 grid cells into several parts

within more GEE accounts, the data processing lag can be shortened.

5.2 Limitation and uncertainty

To improve the mapping of small-scale forest disturbances caused by selective logging and
smallholder clearing, we developed a rHue forest index and spatio-temporal filter to monitor possible
and adjusted monthly forest disturbances from Planet NICFI images, but some limitations remain. Firstly,
although the proposed rHue forest index is based on the Hue index (Francini et al., 2020) and aims to
reduce the effect of clouds and cloud shadows to some extent, it is still sensitive to the frequent clouds
and cloud shadows in the tropics that were not perfectly removed. Secondly, the adjusted monthly forest
disturbance map produced by the spatio-temporal filter can eliminate many false positives in most cases,
but it will also delete some real forest disturbances if clouds are extremely frequent. There is always a
trade-off in achieving both small commission (false positives) and omission (false negatives) errors for
a forest disturbance monitoring system (Bullock et al., 2022). Moreover, the cloud masks based on the
cloud cover possibility map and the HOT index may also incorrectly delete some real forest disturbance

in the monthly Planet NICFI images. These two aspects will lead to an underestimation of forest
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disturbance in some local regions, such as the west coast areas with abundant rainfall and clouds in CAM.
Thirdly, the proposed rHue forest index is sensitive to spectral change in the tree canopy cover, meaning
that forest disturbances may be over-estimated if there exist some deciduous forests or forests with strong
phenology features (e.g., flowering) in the humid forest cover map in 2020. Fourth, although the adjusted
monthly forest disturbance map produced by the spatio-temporal filter can eliminate many false positives
in the possible map, it requires three months of Planet images after the first disturbance occurrence time.
Fifth, if the forest degradation causes a slight tree canopy change in the Planet sub-pixel scale and there
is no obvious forest cover change, it may also be difficult for the proposed method to tackle. In this
situation, a specific method of time-series Normalized Difference Fraction Index based on spectral
unmixing could be used to monitor tropical forest degradation (Bullock et al., 2020; Souza et al., 2005).

The primary humid forest cover map in 2020 is a prerequisite for the proposed rHue_forest index
used to estimate the monthly forest disturbance map, and then its uncertainty will propagate to the final
monthly forest disturbance maps (Esteban et al., 2020). In fact, the humid tropical forest cover map in
2001 (Turubanova et al., 2018), annual forest loss map during 2001-2020 in GFC product (Hansen et al.,
2013), Sentinel-1 forest disturbances map during 2019-2020 (Reiche et al., 2021), Landsat tree canopy
height map in 2020 (Potapov et al., 2021) and Sentinel-2 land cover map in 2020 (Zanaga et al., 2021)
were fused to generate the primary humid forest cover in 2020. Each of the five typical maps has
uncertainty in distinguishing the primary humid forest cover, for example, the Sentinel-1 forest
disturbances map may be affected by the speckle noise and side-looking geometry error within Sentinel-
1 SAR images (Reiche et al., 2021), and their uncertainties were contained finally in the humid forest
cover map. Moreover, the coarser spatial resolutions and poorer spectral discrimination of the five
thematic maps compared to the 5 m four bands of Planet NICFI image will also lead to the uncertainty
in the humid forest cover map, and result in some false positives of disturbance in 2021. However, as
listed in Table 3, the stable humid forest in 2020 has PA and UA values of 88.71 £ 2.72% and 98.75 +
1.09%, which means that combining the five thematic maps can predict humid forest cover in 2020 with
high accuracy.

To further decrease the uncertainty of the humid forest cover map in 2020, as shown in Fig. 2, we
used the Planet NICFI image in December 2020 to exclude some of the false positives of forest
disturbances in 2021 caused by the pixels misclassified as humid forest cover in 2020. However, the

areas that are masked by clouds in the Planet NICFI image of December 2020 carry no information with
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which to exclude the false positives of disturbances related to uncertainty in the humid forest cover map.
To solve this problem, one could focus on increasing the accuracy (especially the user’s accuracy) of the
humid forest cover map, to increase the accuracy of the resultant Planet NICFI monthly forest disturbance
map. It is, therefore, of great interest to apply some powerful methods (e.g., machine learning and deep
learning-based classifiers) to time-series Planet NICFI images to further decrease the uncertainty of the
humid forest cover map in 2020, and thereby increase the accuracy of the Planet monthly forest

disturbance mapping.

5.3 Future research

Compared with the forest disturbance maps based on RADD Sentinel-1 and GFC Landsat, the
developed Planet NICFI possible and adjusted monthly forest disturbance maps also cannot find the
forest loss that occurred in all time periods, as shown in section 4.2. However, the developed Planet
NICFI monthly forest disturbance maps have great potential to complement existing forest cover change
products, and it is, therefore, of great interest to have a combination of our product and many other forest
disturbance alerts in future applications, so as to provide more accurate monitoring of small-scale tropical
forest disturbances. Removing perfectly the clouds in Planet images with only four bands is a challenging
task, especially for tropical regions with extremely frequent clouds (Roy et al., 2021). Shendryk et al.
(2019) proposed a deep learning-based classification method to estimate clouds and cloud shadows in
Planet images. Wang et al. (2021) proposed an automated method to remove the clouds and cloud
shadows in daily 3 m PlanetScope satellite sensor images in tropical areas. These two advanced
approaches can be applied to the monthly Planet NICFI images to further remove the clouds and cloud
shadows, and future research should focus on promoting these methods via the GEE platform for large-
scale online computation. The proposed rHue forest index is based on the classical index of Hue, as used
widely for satellite sensor images with only four bands. However, many other vegetation indices based
on the four bands of Planet images, such as the soil adjusted vegetation index (SAVI) (Huete, 1988) and
the modified soil adjusted vegetation index (MSAVI2) (Qi et al., 1994), can also be applied for the
proposed method. In this research, we focus on the CAM to study small-scale forest disturbances caused
by selective logging and smallholder clearing, but it is of interest to apply the proposed method to the
full range of tropical forests in the Congo Basin or, indeed, pantropical, as it can monitor many of the

missed forest disturbances in tropical regions (Zhang et al., 2021).
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6. Conclusions

Based on the PlanetScope Hue index proposed by Francini et al. (2020), this research developed a
method, which is composed mainly of the rHue forest index and spatio-temporal filter, to monitor
monthly small-scale tropical humid forest disturbances with Planet NICFI images in CAM. The proposed
method produced possible monthly forest disturbances in CAM with the best producer’s accuracy of
96.85 £ 2.65% but least user’s accuracy of 21.37 £ 16.91%, while the adjusted monthly forest
disturbances with the best user’s accuracy of 84.67 £ 2.89% and a producer’s accuracy of 61.46 = 46.43%.
Compared to the equivalent forest disturbances based on RADD Sentinel-1, GLAD Landsat and the GFC
product, our results were able to estimate more forest disturbances arising from selective logging and
smallholder clearing with greater spatial detail. Many narrow logging roads and the spatial expansion
process of smallholder clearing were also well represented by the proposed method. By using the
stratified sampling and estimators, we have produced and reported statistically rigorous estimates of
humid forest disturbances in CAM, estimated as 1,168 + 882 km? in 2021. These advantages arise
because Planet images have a daily revisit time, leading to the greatest possible number of images for
compositing the monthly Planet NICFI mosaics with a spatial resolution of 5 m. The proposed method
based on Planet NICFI images has great potential to complement existing forest cover change products
and estimate hitherto neglected small-scale tropical forest disturbances. We will share publicly the
possible and adjusted monthly forest disturbance map in 2021 for CAM once the paper has been

published.
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