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ABSTRACT

Despite a UN ban on the export of charcoal, charcoal production is still going on in Somalia leading to the
degradation of the woody resources. Very High Resolution (VHR) images such as WorldView have been
used to detect charcoal production sites to estimate the environmental degradation due to charcoal
production. Because of their sub-meter spatial resolution, VHR images enable detection of charcoal sites.
However, due to their high cost and limited area coverage, it is not feasible to use VHR images to map
charcoal sites on a large scale and at a high temporal frequency. Therefore, this study explores the
possibility of using freely available imagery from Sentinel-2 (10m) to detect and monitor charcoal sites in
Somalia. As reference data, charcoal production sites were detected from multi-temporal VHR images in a
10x10km area near Kismayo in the Lower Juba region, Southern Somalia using a semi-automated
wotkflow. A total of 1,740 sites were detected, out of which 439 were ‘new’ sites that were not detected
on the eatlier image (21 August 2016) but later in the study period until 12 August 2018. The average
diameter of these sites was 8m. The new sites were then used to assess if the spatial and temporal
variability in the surface reflectance derived from Sentinel-2 provides a clear signal that may allow for
accurate detection of the charcoal sites. With the assumption that if a charcoal site appears, there will be a
significant change in the spectral difference between the charcoal pixel and its surrounding, an approach
to assess the reflectance of each pixel and the surrounding pixels over time was developed. The
surrounding was defined as the outer pixels of a 5x5 pixel window around the site. The results show that
for most of the charcoal sites tested, there was a significant increase in difference (i.e. surrounding minus
charcoal pixel) during the appearance period of the site. This increase was most apparent in the NIR band
of Sentinel-2 but not for all sites. To map charcoal sites for the full image and time series, a change in
difference was computed at each point in time considering different temporal windows to reduce the
noise due to clouds. The 180 days moving median performed better in terms of providing high maximum
values for charcoal sites thus a threshold was determined to separate charcoal pixels from non-charcoal
pixels. An optimal threshold of 400 (corresponding to 0.04 in reflectance) was set to ensute that none of
the sample non-charcoal pixels were mapped as charcoal. Nonetheless, applying this threshold resulted in
detecting merely 19% of the sample charcoal pixels and a number of non-charcoal pixels detected as
charcoal. To further avoid the detection of non-charcoal pixels as charcoal, based on the sample pixels an
additional criterion of a median reflectance of 0.18-0.25 of NIR reflectance for the 180 days after the
maximum change-in-difference index was set. Therefore, two conditions based on the optimal threshold
and NIR reflectance of the charcoal signal were applied to the entire Sentinel-2 time series to detect
charcoal sites. A total of 671 pixels were detected as charcoal of which only 120 were actual charcoal sites
as detected with VHR. This study demonstrates the potential of using Sentinel-2 time series in detecting
charcoal sites whose sizes are below the spatial resolution of the sensor, but due to challenges such as
clouds accurate detection is hindered. Further studies could benefit from incorporating a larger number of
spectral bands and possibly spatio-temporal indices. For example by means of machine learning
approaches, to automatically extract additional relevant information for charcoal detection from the
Sentinel-2 time seties for improving the accuracy of charcoal detection and monitoring on a large scale in
Somalia.
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1. INTRODUCTION

1.1.  Background

Wood charcoal is a source of energy widely used in sub-Saharan Africa for cooking, heating, and
generation of electricity (FAO, 2017). Charcoal is mostly used and preferred by urban dwellers because it
is affordable, clean (produces less smoke), and has a higher energy density per unit weight (liyama et al,
2014). Use of other sources of energy such as solar, hydro-electric power and gas is low due to the fact
that charcoal is relatively cheap making it affordable for most people. In the 1980s, firewood was the
primary source of energy in African homes, but as urbanization and population grew, this shifted to
charcoal leading to an increase in its production (Girard, 2002). In Africa, charcoal production is estimated
to have increased from 29 million tonnes in 2012 to 32 million tonnes in 2016 accounting for 64% of the
global production (FAO, 2016). Charcoal production is a source of income employing over 40 million
people, thus helping in reducing unemployment in African countries (FAO, 2017). However, its increase
together with lack of regulations and proper forest management presents a threat to the environment as it
contributes to forest degradation and deforestation and their associated impacts such as floods, drought,
soil erosion to mention a few (Girard, 2002). In addition, charcoal production contributes to global
warming and climate change due to the emission of greenhouse gases such as carbon dioxide and methane
into the atmosphere during the burning/heating of wood to produce charcoal in low oxygen conditions.
Chidumayo and Gumbo (2013) estimated that in 2009 alone about 72.5 million tonnes of GHG were
emitted from Africa due to charcoal production. They estimated that this corresponded to an equivalent
of about 2,976,000 hectares of forest cleared for charcoal production in Africa accounting for 80% of
charcoal-based deforestation on a global level. These estimates are alarming and if business continues as
usual, charcoal production will help to rapidly deplete forest resources resulting in negative associated

impacts.

Somalia is one of the African countries where charcoal production is a major concern leading to the
depletion of the country’s woody resources (FAO SWALIM, 2018). For over 30 years now the country
has been under civil war, which resulted in increased exploitation of the natural resources by militia groups
such as Al-Shabaab mostly in the central and southern parts of the country which are under their control.
Chatcoal trade is the main source of finance for Al-Shabaab, generating a revenue of over 15 USD per
year to fuel war activities (UN, 2016). In order to control the import and export of charcoal in the
country, many rules and regulations have been put in place. For example, in 2012, the UN Security
Council (2012) banned the charcoal trade in Somalia for purposes of cutting off the main source of
funding for Al-Shabaab, which would help bring back peace and stability in the country as well as reduce
environmental degradation. However, the ban has been violated and the trade is still going on, despite that
the UN Security Council has continued to reaffirm the ban in subsequent resolutions (UN Security
Council, 2013, 2014, 2015, 2016, 2017). About 80% of the charcoal produced in Somalia is exported to the
Gulf states while 20% is consumed domestically. About 250,000 tonnes of charcoal are estimated to be
exported out of Somalia to the Gulf countries such as Saudi Arabia and Yemen every year translating into
4.4 million trees cut to turn into charcoal a year (Brown, 2013). The country is currently experiencing
environmental related problems such as flooding and drought attributed in part to the massive forest
degradation and deforestation since the country loses about 72,900 hectares of forest a year (Brown,
2013). Due to the fact that the trade is illegal and some areas are inaccessible like those under Al Shabaab’s
control, most of the charcoal produced is not recorded, thus underestimating the degradation due to




charcoal production in the country. In Somalia, charcoal is produced using the traditional earth kilns
which are cleatly visible on the ground (Robinson, 1988). Therefore, mapping these kilns would provide
more reliable information by estimating tree loss as described by Bolognesi et al. (2015). In an ideal
situation, ground observations of the kilns can be taken, but due to the insecurity issues in the country
particularly in the southern parts, this is not possible. In addition, field visits are resource demanding
where a lot of time and money would be required to map the kilns on a large scale. Therefore, remote
sensing can assist to detect and map used charcoal kilns in Somalia, which can subsequently be used to

estimate the associated degradation and deforestation in the country.

Charcoal sites are referred to as charcoal scars left on the ground after burning wood to convert it into
charcoal which can be detected on remote sensing or satellite images due to their black or dark colour and
circular or round shape (Rembold et al., 2013). On satellite images, the reflection of a charcoal site is
similar to any burned area and because of the unique spectral signature, it is easy to discriminate burned
areas from other surface features in the visible (VIS), near-infrared (NIR) and shortwave-infrared (SWIR)
channels of multi-spectral sensors (Roy et al., 2002). Since the 1990s, many studies have used satellite
images to map burned areas both at regional and global scales (Eva & Lambin, 1998; Roy et al, 2008; Roy
et al, 2014; Humber et al, 2018). The Moderate Resolution Imaging Spectroradiometer (MODIS) is part of
NASA’s Earth Observing System onboard of the Terra and Aqua polar orbiting satellites whose data are
being used to generate global burned areas products on a regular basis (Roy et al., 2014). Burned area
indices such as the Burned Area Index (BAI) and Normalized Burned Ratio (NBR) based on the VIS,
NIR, and SWIR spectral bands have been proposed and widely used for burned area mapping (Key &
Benson, 2006). A number of studies have also explored the potential of using Sentinel-2 that was launched
in 2015 to map burned areas (Huang et al., 2016; Colson et al., 2018; Roteta et al., 2019)

Despite the many studies on burned area mapping, few have looked at small scale mapping such as
charcoal site detection. A study to operationalize the measurement of forest degradation for REDD+
project used pan-sharpened QuickBird images (0.6m) to identify charcoal production kilns in two sites
with a history of charcoal production in the dry Miombo woodland, Tanzania (Dons et al., 2015). They
reported a higher spectral separation of the burned areas from the surrounding with the NIR spectrum as
compared to the visible range bands (blue, green and red). Because of the dark colour and circular shape
of chatrcoal sites, Rembold et al. (2013) visually identified and counted charcoal production sites on
WorldView-1 and QuickBird images to quantify forest degradation or tree loss in the Lower Juba region,
southern Somalia. In the same region along the Juba river, Bolognesi et al. (2015) used a semi-automated
approach to carry out a rapid mapping of illegal charcoal production sites using WorldView-1 imagery
(0.5m). They detected a total of 18,042 charcoal sites in 2013 estimating a tree loss of 2.7% for an area of
4700 km?® between 2011 and 2013. Because of the semi-automated approach, their research provides a
basis for a need to scale up and map charcoal sites on a national level which can be used to quantify the
degradation caused by charcoal production activity in Somalia. In order to achieve this, reliable remote
sensing images are necessary. Very High Resolution (VHR) such as WorldView have the advantage of the
sub-meter spatial resolution that enables easy detection of charcoal sites, but they are costly and have a
limited area coverage. Therefore, there is a need to explore the freely available but high-resolution satellite

images in mapping and monitoring of charcoal sites in Somalia.

The main aim of the study is to assess the possibility of using freely available medium resolution (10m)
Sentinel-2 images in detecting and mapping charcoal production sites in Somalia. However, given the
average size of three-meter radius of the charcoal sites as reported by (Bolognesi & Leonardi, 2018), the
spatial resolution of Sentinel-2 may be too coarse to effectively detect the sites. This is due to the mixture
of the charcoal signal with the surrounding land cover in a single pixel. In this case, ways of extracting and
analysing the reflectance values of Sentinel-2 image are very important. For example, Spectral Mixture




Analysis (SMA) is a technique for estimating the proportion of each pixel that is covered by a series of
known cover types and classify the pixel with the dominant land cover (Smith et al., 1994). This method
has been successfully employed in a number of studies for land cover classification using remote sensing
images (Adams et al., 1995; Fernandez-Manso 2015; Tane et al., 2018; Fernandez-Manso et al., 2009).
However, in order to implement the SMA technique, the image to be classified should contain pure pixels
of known endmembers that can be used to unmix the mixed pixels. For this study, pure pixels of charcoal
sites may not be found in the Sentinel-2 images due to their relatively small size. Therefore a new
approach is developed to analyse a charcoal pixel with its surrounding environment over time. To achieve
this, the study first used VHR imagery from the DigitalGlobe archives to detect charcoal sites and to
assess the timing of their appearance. The main focus of the study was then to detect new charcoal sites
that appeared during the study period by assessing if the spatial and temporal variability in surface
reflectance derived from Sentinel-2 can provide a clear signal that may allow accurate detection of these
sites. The hypothesis in this assessment is that a significant change in the spectral reflectance occurs after a
site is exposed and that this change persists for some time. If this approach would prove successful, it may
enable mapping and monitoring of charcoal sites at a national level and at a higher temporal frequency,
thus providing up-to-date information about dynamics of the charcoal production activity in Somalia for

proper decision making

1.2.  Reserch objective

To assess the temporal dynamics of charcoal production sites in southern Somalia with VHR imagery and
test if spatio-temporal changes in surface reflectance from Sentinel-2 can provide a solid basis to
accurately detect these sites.

Specific objectives

e To develop a semi-automated workflow to accurately detect charcoal production sites using VHR
images;

e To precisely identify for each charcoal production site when it first appeared, until when it was
visible, and if there is evidence for multiple use of the same site, based on VHR images;

e To assess if spatial and temporal variability in surface reflectance derived from Sentinel-2 provides
a clear signal that may allow for accurately detecting the charcoal production sites;

e To map the location and timing of charcoal production sites using Sentinel-2 time seties, and

assess the accuracy of this mapping in relation to the VHR assessment.




2. STUDY AREAAND DATA

21.  Study area

The study was conducted in the Lower Juba region of southern Somalia. The country has two rain seasons
(Gu and Deyr). The main rain season (Gu) occurs between March to July and the second season (Deyr)
between August to November but it varies across the country (Muchiri, 2007). The region and specifically
near Kismayo receives an annual average rainfall of 366mm and has a temperature of 26.9 Degrees Celsius
(Figure 1). The longest and driest season is between January to March and it is noted that the charcoal
production activity mostly takes place during this period (Bolognesi & Leonardi, 2018). The vegetation in
the region is mainly Acacia trees, coarse grasses and stunted thorn which are rapidly being depleted due to
charcoal production (UN Security Council, 2011).
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Figure 1: Temporal rainfall and temperature distribution at Kismayo, Lower Juba region (source: Climate-Data, 2017)

The study area was selected based on a research carried out by Bolognesi and Leonardi (2018), who
assessed charcoal production sites and their dynamics from 2011 to 2017 in southern Somalia over an area
of about 37,000 km2 using VHR images. They reported two areas near Kismayo and Buur Gaabo as
having the highest densities of charcoal sites in 2017 as shown in Figure 2a. Due to the limited VHR
images near Buur Gaabo, a square of 10x10km with centre coordinates (X=875252 and Y= 9992053) near
Kismayo was selected for this study.
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Figure 2: Study area: a) area of interest in a red polygon selected in areas of high charcoal densities and b) zoomed in
area of interest with a false colour Sentinel-2 image shown in the background showing the general land cover of the
area which is mainly shrub lands and bare soil with scattered trees.

22. Data

Two types of satellite data were used; Very High Resolution (VHR) from DigitalGlobe and Sentinel-2
imagery. Due to their sub-meter spatial resolution, VHR images allow to visually discern charcoal sites,
which on average have a 3-meter radius (Bolognesi & Leonardi, 2018). VHR images were used to detect
charcoal sites and assess the timing of their appearance with the purpose of identifying new sites that
appeared during the study period. This information was later used to test if Sentinel-2 can also be used to
detect the same sites. A study period from August 2016 to August 2018 was considered for the VHR
images whereas for Sentinel-2 from January 2016 to December 2018. The selection of the study period
was based on the availability of Sentinel-2 images since 2A was launched in 2015. A longer period was

considered for Sentinel-2 to capture a clear pattern in the charcoal sites that appeared eatly or late in the
study period of VHR.

2.21. VHRimagery

For this study, images of WorldView-1, WorldView-2, WorldView-3, and GeoEye-1 were obtained at the
Somalia Water and Land Information Management (SWALIM) office of the Food and Agticultural
Organization (FAO), Nairobi, Kenya from the DigitalGlobe Enhanced View Web Hosting (EVWH)
archive. Eleven images of ten different dates were available and used, which either fully or partially
covered the area of interest.
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Table 1: VHR images used in the study

No. | Sensor name | Image date | Tiles used Featureld
1] WV02 8/21/2016 | R2C1,R3C1, R3C2 £8d5dd0e0bf335dc200e1dc92b444716
2 | WV02 10/25/2016 | R8C1, R9C1 8f03aced4ec74db5258b9277f142dfbee
3 | WVO03_VNIR | 1/16/2017 | R11C1, R12C1 3295¢tbc09027ea19f9bfe5c3actfc10e
4 | WVO3_VNIR | 3/13/2017 | R2C1,R3C1 9227524b83c23b84884c922f6921971b
5.1 | WV03_VNIR 4/1/2017 | R1C3, R2C2, R2C3, R3C3 449467b0aeb7045£76e85f72dd54b696
5.2 | WV03_VNIR 4/1/2017 | R2C1, R3C1 13220026bbd54d41bfcc221ea3ebb810
6 | WV02 4/19/2017 | R2C1, R2C2 dca7b892267260952114e15c216a00b1
R1C1, R1C2, R2C1, R2C2,
7 | WV02 4/27/2017 | R3C1 223b90d4471d41ba46£3e662b2b39932
8 | GEO1 5/8/2017 | R1C1, R2C1 afcdbea97d0cb6cb6al15e5e¢943770edb
9 | WV02 6/4/2017 | R1C2, R2C2 ca8973b4f93dc5898e8aabe6ca789bb9
10 | GEO1 1/11/2018 | R1C1, R2C1 69dba04f494bfebf26ad434c206bd99¢
R1C1, R1C2, R1C3, R2C2,
11 | WV02 4/12/2018 | R2C3 £fd79247f2cea77a8e7fffdcc7334741c

The images were obtained from EVWH archive as pan-sharpened natural colour with blue, green and red
spectral bands in WGS_1984_UTM_Zone_38S coordinate system and 0.5m spatial resolution. All images
between August 2016 and August 2018 with 90% or less cloud cover were considered. This study period
was chosen to be able to detect sites that appear during the two dry seasons of 2016-2017 and 2017-2018.

222

Sentinel-2 is an Earth observation satellite mission that provides 10-60m resolution images at frequent

Sentinel-2

intervals and for free to support services such as land monitoring, emergency management, security and
climate change (ESA, 2015). The mission has two twin satellites, i.e. Sentinel 2A and 2B, which were
launched on 23 June 2015 and 7 March 2017 respectively. Together they provide a five-day revisit time at
the equator. The multi-spectral instrument (MSI) of the satellites provide 13 bands; four bands at 10m, six
bands at 20m, and three bands at 60m spatial resolution. For this study, six bands were used, that is band
2 (blue), band 3 (green), band 4 (red), band 8 (NIR), band 11 (SWIR1) and band 12 (SWIR2) (Table 2).
The four 10m bands were chosen because they provide relevant spectral information at the finest spatial
resolution for the detection of charcoal sites. SWIR has a relatively low spatial resolution of 20m but it is
used regulatly for burnt area mapping thus tested in this study.
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Table 2: Sentinel-2 spectral bands used for the study highlighted in bold

Sentinel-2 bands Spatial resolution Central wavelength | Bandwidth (nm)
(hm)

Band 1 — Coastal aerosol 60 443 20
Band 2 — Blue 10 490 65
Band 3 — Green 10 560 35
Band 4 — Red 10 665 30
Band 5 — red edge 20 705 15
Band 6 —red edge 20 740 15
Band 7 —red edge 20 783 20
Band 8 — NIR 10 842 115
Band 8A — Narrow NIR 20 865 20
Band 9 — Water vapour 60 945 20
Band 10 — SWIR — Cirrus 60 1375 30
Band 11 - SWIR 20 1610 90
Band 12 - SWIR 20 2190 180

A total of 90 images of different dates since January 2016 until December 2018 were downloaded from
the Copernicus Open Access Hub (Copernicus, 2017). The images are provided in tiles of 100x100km in
“37TMHV” in WGS_1984_UTM_Zone_37S coordinate system covering the area of interest. For the area
of interest, all images were checked for cloud cover and all those that were at least 5% cloud free were
used in the study. The images were downloaded as I.LC1 products, corresponding to Top-of-Atmosphere
(TOA) reflectance. Atmospheric correction was performed to remove the atmospheric effects and obtain
Bottom-of-Atmosphere (BOA) reflectance using the Sen2cor toolbox version 2.5.5 (ESA, 2018). In
addition to atmospheric correction, Sen2cor generated a scene classification layer for each image that was
used as a mask to remove clouds and cloud shadows from the images retaining dark area pixels,
vegetation, bare soil, and water. The scene classification layer, SWIR1, and SWIR2 spectral bands were
resampled from 20m to 10m spatial resolution to match the visible and NIR bands. Cloud masking was
performed using an IDL code developed by Anton Vrieling purposely for Sentinel-2 data cloud masking
and image stacking. In order to remove cloud shadows that could not be detected, a buffer of 50 meters
around already masked pixels was used and all the cloudy pixels were given a code value of “-3001”. The
output was a temporal stack for each of the blue, green, red, NIR, SWIR1, and SWIR2 spectral bands
clipped to the area of interest.
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3. METHODS

3.1.  Detection of charcoal production sites using VHR images

In order to accurately detect charcoal production sites on a VHR image, a semi-automated workflow was
used, involving an automatic segmentation of the image and a manual selection of the charcoal site
segments using visual interpretation. The latest WorldView-2 image (12 April 2018) was used for the
segmentation to be able to trace back in time using the other VHR images and detect new sites that appear
during the study period (Section 3.2). Figure 3 shows the AOI and a detailed view of the WorldView-2
image used for segmentation and detection of charcoal sites. The black circular objects on the image are
the charcoal sites to be detected.

Legend % é -
[(Jrol

VW02_20180412.tif
RGB

B Red:  Band_t
- Green: Band_2
- Blue: Band_3

oordinate System: WGS 1984 UTM Zone 37S
jection: Transverse Mercator

Figure 3: Charcoal sites as seen on 12 April, 2018: a) area of interest with the WorldView-2 image in the background
and b) zoomed-in section of the image showing charcoal sites (black circular objects) to be detected
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The image contained six tiles which were clipped to the AOI and segmented separately using the Orfeo
Toolbox (OTB), an open soutce project for remote sensing images processing (OrfeoToolbox, 2016).
The image segmentation function of OTB-6.6.0 was accessed and used through the command line. Mean-
shift was used as the segmentation algorithm with spatial radius and range radius of 20 and 10 respectively.
The result of the segmentation was a vector file in shapefile format with polygons of delineated objects on
the image. The polygons were then overlaid on the image in ArcMap and through a visual interpretation,
polygons that covered the black circular objects were manually selected and saved as charcoal sites (Figure
4). The shapefile was converted to WGS_1984_UTM_Zone_37S coordinate system the same as for
Sentinel-2 images. A new column was added to the attribute table and the size (diameter in meters) was
calculated based on the surface area of each polygon.

Automatic Segmentation —_— Manually Selected charcoal sites

el o el o 9
b A S AR N4 |
Figure 4: Semi-automated workflow for the detection of charcoal production sites on a VHR image: Automatic
segmentation of the image (Left) and manual selection of charcoal segments (Right)

ety o
1&‘* ‘.&r f 7

5

3.2.  Adetailed temporal analysis of the charcoal sites

To identify new sites that appeared during the study period, a temporal analysis for each charcoal site was
carried out using all the VHR images obtained since August 2016. After the detection of sites on the 12
April 2018 image, a visual interpretation of all previous images was done to identify which of the identified
sites appeared within the past two years and to understand with more temporal detail when they first
appeared. Figure 5 shows the temporal stack of the VHR images used for this analysis.
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Figure 5: A temporal stack of the VHR images for one charcoal production site

All sites were overlaid on the images. Starting with the earliest image in time, each site was assessed to
obtain information of its presence or absence in a particular image.

Steps were taken to complete the temporal profile for each site;
e Using ArcMap, 11 new columns were added to the attribute table of the charcoal sites (detected
on 12 April 2018 image) to record information for each site and for each image date.
e For each site and date a code was enteted, i.e. “-1” for cloudy/missing data, “0” for no visible

evidence of charcoal site presence, and “1” for charcoal site presence

Figure 6 illustrates the temporal trajectory of one new site and how the table was populated with the three
codes.
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Figure 6: Analysis of the temporal trajectory for one charcoal site

For this particular site, the first evidence of its presence was on 11 January 2018 thus it was given code “1”
for that particular date. For the earlier dates, the site is either not there (“0”) or the images are clouded (“-
17). As a result, it can be inferred that this site has appeared between 4 June 2017 and 11 January 2018,
which is the information that was used later when comparing against Sentinel-2 imagery.

3.3.  Spatial and temporal variability of Sentinel-2 surface reflectance for charcoal sites

From the assessment with VHR and a visual interpretation, the charcoal sites were overlaid on Sentinel-2
multispectral image to check if their spectral signal would be strong enough to affect the Sentinel-2
reflectance. However, because sites are relatively small, a clear signal for most of the sites could not be
detected. Therefore, to enhance the signal of charcoal sites from Sentinel-2 images, a combination of
spatial and temporal characteristics was used to assess the changes in the reflectance of pixels. The
reflectance of each pixel was compared with its surrounding by calculating a difference between them and
assessed over time. It is expected that if a charcoal site appears, the reflectance of charcoal pixels will
become significantly different from the surrounding pixels. Therefore, charcoal sites that appeared during
the study period were considered and used to extract their pixel values from the Sentinel-2 images to
detect changes in their reflectance over time.
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3.3.1.  Criteria for the selection of sample charcoal sites for the spatio-temporal assessment

A sample of the new charcoal sites that were obtained as described in Section 3.2, were converted from
polygons into points and used for the assessment. As a sample, all sites were taken for which the timing of
appearance could be determined to lie within a period of three months. Due to the big gaps in the VHR
images due to clouds or missing images, the timing of appearance for some sites could not be determined
with great detail. For example, if a site appeared between June 2017 and January 2018, it was not
considered. The selected samples were later used to extract pixel values from the indices that were
developed by assessing the centre pixel and its surrounding environment (Sub-section 3.3.2).

3.3.2. Assessment of the charcoal pixel with its surrounding environment

The Sentinel-2 temporal stacks generated for each spectral band as described in Sub-section 2.2.2 were
used for this assessment. In accordance with the VHR assessment, most sites were at least 20m close to
each other. Therefore, a window of 5x5 pixels was chosen to be the surrounding environment to avoid
taking the charcoal signal of other sites as the surrounding if a larger window was considered. For each
image date in a stack, an average value of each pixel and its neighbours in a window of 5x5 was computed.
This value was assigned to the centre pixel within that window. This was achieved in R-programming
language using the “Focal function”, which is a spatial moving function to analyse the focal cell and its
neighbourhood. Because a charcoal site may overlap multiple neighbouring pixels, the 3x3 window
average value was also computed and subtracted from the 5x5 window value, and the result can be
referred to as the “surrounding index”. This implies that the surrounding index is the average of the pixels
in the 5x5 window excluding the 3x3 window. After that, a difference between the original centre pixel
value and the average of the surrounding pixels was computed, referred to as the “difference index”. In
order to avoid the effect of the cloudy pixels in these calculations, all pixels with values below zero (or -
3001) were set to NULL before applying the Focal function. Figure 7 illustrates the general concept of
calculating the difference index for one pixel.

Figure 7: Illustration of the “difference index” concept for a single pixel on a Sentinel-2 false colour image: the pixel
with an orange cross represents the centre pixel and the blue delineated pixels are the surrounding pixels.

In Figure 7, the value of centre pixel with a cross was subtracted from the average value of the blue
delineated area to obtain the difference index values. To ensure equal weight while averaging all pixels in a
window and avoid interference of cloud or shadow contamination when detecting sites, if any pixel in the
specified window had a NULL value, the result of the central pixel was NULL. Therefore, to ensure the
same for the original image before using it to compute the difference index, a “mask function” was used
to calculate all pixels in the original image that were NULL in the surrounding index to NULL.
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Using the selected charcoal sites samples, pixel values were then extracted from the original raster,
surrounding index and the difference index using the “extract function” in R. The extracted values were
then plotted over time to see if there was a significant difference in the values before and after the
appearance of a particular charcoal site. This assessment was performed for the six selected spectral bands
and the performance of each band in providing a clear charcoal signal was analysed. The selection was
based on the band that provides a consistently higher change in difference after the appearance of a
charcoal site. The selected band was then used for the extraction of a sample of non-charcoal pixels to
compare their temporal trajectory with that of charcoal pixels. The difference in their behaviour was then

used as a basis for the detection of charcoal sites.

3.4. Developing an automated Sentinel-2 based detection approach for charcoal sites

If the spatio-temporal characteristics of charcoal sites results in a significantly different temporal
behaviour from that of non-charcoal sites (Sub-section 3.3.2), then an automated detection approach
could be envisaged to detect charcoal sites from the Sentinel-2 time series. It is expected that when a
charcoal site appears (i.e. when it is uncovered and charcoal remains and ashes create a dark circular
object), there is a significant change in the spectral reflectance of the charcoal pixels and this change
persists for some time. Based on this assumption, a classification rule was defined to separate charcoal
from non-charcoal pixels using the difference index for the automatic detection of charcoal sites. When a
charcoal site appears, the difference between the spectral reflectance of the charcoal pixel and its
surrounding becomes greater than that during the period before appearance, thus resulting in a large
change. This change in difference can be assessed by calculating the difference between ‘difference indices’
at two consecutive points in time, where the previous value point is subtracted from the current one. This
would mean that the maximum value in the time series for each pixel could be the most significant
change, which could indicate the appearance of a charcoal site. However, since large differences could also
be caused by the presence of noise due to undetected clouds, moving windows were applied to filter out
this noise and obtain a clearer temporal signal, which indicates a consistent change over a longer period.
This helps to obtain clear, significant and consistent changes and remove most of the random noises. The
moving windows applied included; 60, 90, 120 and 180 days using both average and median to aggregate
the values in the window. To compute the “change-in-difference index” for each moving window, the
difference between the average or median value in the window before was subtracted from that in the
window after for each point in time. Due to big gaps in the data, a minimum of three observations were
considered valid for each window to make sure that the calculated average or median has a sufficient
statistical basis by not considering a single value which could be an outlier due to noise. In order to
determine the optimal threshold value that can be used to separate charcoal from non-charcoal pixels, the
selected charcoal sites (Sub-section 3.3.1) and an equal number of non-charcoal samples were considered
for this analysis. Charcoal sites were grouped into five diameter classes to assess if the size of a charcoal

site has an effect on the charcoal signal in Sentinel-2 data.

Using the selected samples for both charcoal and non-charcoal pixels, the maximum values in the times
series were extracted from the change-in-difference index and used to determine the optimal threshold
value to be used for the detection of charcoal sites. For all moving windows /models the disttibution of
charcoal values was compared with those of non-charcoal using boxplots to obtain a range of values that
can provide an optimal separation between the two classes. The range of values was later used to
determine the optimal threshold using sensitivity and specificity analysis with the “PresenceAbsence”
package in R. For this analysis, charcoal was considered as present with code “1” and non-charcoal as
absent with code “0”. Sensitivity is the fraction of the charcoal pixels correctly identified as charcoal while
specificity is the fraction of the non-charcoal pixels correctly identified as non-charcoal (Manel et al.,
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2002). In order to use the PresenceAbsence package, the values have be in a scale between zero and one.
Thus, the lowest and highest value of maximum values were scaled to zero and one respectively. The
threshold values as determined using the boxplots were then tested for all models to determine one that
maximises specificity since a large number of non-charcoal pixels are expected in the image thus ensures
that most of them are correctly classified. After the analysis, these values were rescaled back to the original
values and the optimal threshold was applied to the change-in-difference index to map potential charcoal

sites in the study area.

In addition to the optimal threshold, pixels values of the visible charcoal sites on the NIR band of
Sentinel-2 were extracted to obtain the charcoal signal range that was used as a second condition to
improve the detection of charcoal sites. The two conditions were then used to produce the charcoal and
non-charcoal map. For any pixel in the change-in-difference index that had a value equal or greater than
the optimal threshold and a median value falling in the defined range of the charcoal signal at the point of
the maximum value in a specified window of days after, was classified as charcoal otherwise non-charcoal.
The second condition was added to reduce on misclassifications of many non-charcoal pixels as charcoal
that had maximum values above the optimal threshold but were outside the defined charcoal signal range.

After the detection of sites with Sentinel-2, all new sites as detected with VHR were used to check how
many of them have been accurately detected using the selected threshold. Since a number of neighbouring
pixels could be affected by the charcoal signal due to positional inaccuracies, a buffer of 10m was applied
around each charcoal point and the number of pixels that were correctly classified as charcoal based on

Sentinel-2 was computed.
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4. RESULTS

41.  Charcoal sites detected using VHR imagery

A total of 1,740 charcoal sites with an average diameter size of 8m were detected in the study area. In
Figure 8 , the background image is a natural colour WorldView-2 image of 12 April 2018 that was used to
detect charcoal (yellow polygons). In Figure 8a, it is observed that sites are mostly concentrated in the
brownish areas than in the greenish smooth areas of the images. The greenish areas are mostly shrublands
with a very limited tree presence whereas the brownish areas are mostly bare soil covered with scattered

trees.
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Figure 8: Location and distribution of charcoal production sites in the study area as detected on VHR image, 12th
April 2018: 2) overview of sites in the study area, b) a section of the study area with some sites that were not detected
and c) a section of the study area where most sites even small ones were detected.

Most charcoal sites were accurately detected in the study area as it can be observed in Figure 8c. However,
in some cases for example Figure 8b sites in a black circle were not detected.
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4.2.  Detailed temporal trajectory of the charcoal production sites based on VHR images

Out of the 1,740 detected charcoal sites, 439 were detected as new and 1,301 as old charcoal sites (Figure
9). New charcoal sites are as those sites that were not detected on the earlier VHR image (21 August 2016)
but later in the study period whereas old sites are those sites that were detected on eatlier image date. The

size for both new and old sites is relatively the same with an average diameter of 8m.

Legend
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Figure 9: Location and distribution of old and new charcoal site in the study area based on their detection period

Visually, it can be observed in Figure 9 that there is no clear pattern in the spatial distribution of new and
old sites in the study area, suggesting that within the area there is not a single clear ‘frontier’ of charcoal
production that is moving in a specific direction. New sites are shown in three classes based on the
detection time period and a large number of sites is observed in the time period of January 2018 to June
2018. However, it should be noted that these sites are classified considering the first appearance or
detection date but there is a possibility that some sites could have appeared eartlier but were not visible due
to clouds or missing data.
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4.3.  The potential of Sentinel-2 to detect charcoal production sites

The new charcoal sites as detected with the VHR assessment were overlaid on Sentinel-2 images of the
corresponding dates to see if the charcoal signal visually affects the Sentinel-2’s reflectance. A selected
number of sites were assessed and the results showed that for many of the sites, there was a clear
difference in the reflectance of the charcoal pixels before and after the appearance of a site. Figure 10
shows three charcoal sites of different diameter sizes overlaid on two different Sentinel-2 false colour
images of 10 September 2017 and 8 January 2018 which is the appearance period of these sites.

10 September 2017

8 January 2018

0 5 10 20

Meters
Figure 10: Two Sentinel-2 false colour images showing the reflectance of charcoal pixels before and after the
appearance of three charcoal sites of different sizes.

Figure 10 shows that for the three sites, the charcoal signal of the charcoal site was not evident on 10
September 2017 with a very similar reflection as its surrounding. However, on 8 January 2018 when the
charcoal sites appeared according to the VHR analysis, it is observed that the charcoal pixels became
darker than their surroundings. Because exposed charcoal sites are black objects, they cause a drop or
reduction in the visible and NIR reflectance thus making the pixels dark. It was observed, however, that
for some smaller sites the signal was not strong enough to be detected visually. It was also observed that
in some cases, there were shifts in the images whereby the charcoal polygon was not overlaying well with
the charcoal pixels (Appendix 3). Therefore, accurate detection of sites is not feasible based solely on the
reflectance of a single image, but rather a combination of spatial and temporal characteristics are required
to assess the charcoal signal.

4.3.1. Assessment of the spectral reflectance of charcoal pixels and their surrounding

For this assessment, 162 out of the 439 new sites were used because the timing of appearance lied within a
period of three months. The extracted pixel values from the original images, surrounding index and
difference index were plotted over time. Figures 11 and 12 show the temporal behaviour of two selected
charcoal pixels for all the spectral bands used for the study. The centre pixel (blue) line represents the
original reflectance of the centre pixel, surrounding (green) represents the average reflectance of the
surrounding pixels, and difference (red) represents the difference between the centre pixel and its
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surrounding. The black dotted vertical lines show the appearance period of the charcoal site as detected

with VHR times series.
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Figure 11: Temporal surface reflectance profile of a charcoal site (8m diameter) for each selected spectral bands of

Sentinel-2. The black dotted vertical line represent the appearance period of the site.
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For the blue, SWIR1 and SWIR2,

For the green, red and NIR bands, it is observed that the difference between the centre pixel and its
there is no clear observed difference in the reflectance before and after the appearance of the sites. This
implies that the appearance of a charcoal kiln results in a clear change in the difference index but the signal

Figure 12: Temporal surface reflectance profile of a charcoal site (9m diameter) for each selected spectral bands of

Sentinel-2. The black dotted vertical line represent the appearance period of the site.
surrounding increases during the appearance period of the charcoal site.

is stronger in some spectral bands than in others.




Charcoal signal strength for each spectral for site 18 (6.8m)

Selection of the spectral band to consider for the detection of charcoal sites.

Charcoal signal strength for each spectral for site 9 (6.8m)

In order to select the most promising band in term of providing a consistently higher change in difference,
six sites of different diameter sizes were used, their values extracted from the difference index and plotted

over time for all spectral bands (Figure 13).
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date

some of the sites as shown in Appendix 1 but not for all, Appendix 2. Therefore, since NIR bands

consistent change in the difference index after the appearance of the charcoal sites. This was the case for

Figure 13:Temporal trajectory plots of six charcoal sites of different diameter sizes showing the performance of each
Figure 13 shows that NIR performs better than the other bands with a constant larger and seemingly more

spectral band in terms of providing a stronger charcoal signal after the appearance of a site
performed better than other bands, it was used for the rest of the analysis in this study.



4.3.3.

Comparison of the charcoal site temporal trajectory with the non-charcoal pixels using NIR difference index
The difference index was plotted over time for a number of non-charcoal pixels to see if the temporal

trajectory would be different from that of the charcoal sites (Figure 14). The figure shows the trends of six

randomly selected non-charcoal pixels.

Trend of the difference between a non charcoal pixel and its surrounding(NIR)

Trend of the difference between a non charcoal pixel and its surrounding(NIR)
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Figure 14: Plots showing the temporal trajectories of six non-charcoal pixels

For none of the six non-charcoal pixels, a significant change in difference between the centre pixel was
observed. Despite the limited sample, the temporal analysis of the difference index provides a basis for the
separation of the two classes for the detection of charcoal sites in the study area.

44.

4.4.1.

Automation of the detection of charcoal production sites

Selection of the optimal moving window and threshold
The change-in-difference index was computed as described in Section 3.4 and the maximum values of 162

samples for charcoal and non-charcoal pixels were obtained. Figure 15 shows the distribution of the

maximum values for charcoal and non-charcoal pixels for each moving window.
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Figure 15: Box plots showing the distribution of the maximum change in difference values for charcoal and non-
charcoal pixels for each moving window
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It can be observed in Figure 15 that the values of charcoal pixels for all moving windows are relatively
higher than those of the non-charcoal pixels. This indicates that for most of the charcoal pixels, the signal
was strong enough to provide a large change in difference at the points of their appearance. However, it is

observed that a substantial overlap exists between the index values for charcoal and non-charcoal sites.

Therefore a number of index values were used to determine the optimal moving window and threshold

that gives very little confusion between charcoal and non-charcoal (Figure 16).
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Figure 16: Line graphs showing the Kappa, sensitivity and specificity values at different thresholds for all moving

windows
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Figure 16 shows that for all thresholds, the 180 days moving median and average have the highest kappa
values implying best performing moving window. This can be explained by the fact that a longer time
window accounts better for the noise, which for the shorter windows result more often in
misclassifications. Therefore, a 180 days moving window was considered to be the optimal model that was
used to determine the optimal threshold by comparing the sensitivity, specificity and kappa values of all
thresholds. For the purposes of maximising specificity and reducing confusion between the two classes,
thresholds such as 300 and above give up to 100% specificity but threshold 400 seems to provide an
optimal detection of charcoal sites. Threshold 400 has a sensitivity of 19% which substantially reduces the

misclassification of non-charcoal pixels as charcoal as compared to other thresholds.

4.4.2. Detectability of charcoal sites based on their diameter size

It is expected that larger sites might be easier to be detected as compared to smaller sites, therefore it was
important to assess if the size of a charcoal site has an effect on its detectability. The charcoal sites were
divided into five diameter classes as described in Section 3.4 and Figure 17 shows the relationship between
the maximum change in difference and the diameter classes. It can be observed that charcoal sites with
diameters between 5m and 8m have relatively lower change in difference as compared to the bigger sites
of 8m and above, but the relationship as expected is not very strong.
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Figure 17: A scatter plot showing detectability of charcoal sites depending on their diameter size

Considering the threshold of 400 as the optimal indicated by the black horizontal line on Figure 17, the
percentage of charcoal sites that can be detected per class are shown in Table 3.
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Table 3: Detectability percentage of chatcoal site per diameter class

Diameter class 5-7Tm 7-8m 8-9m 9-10m >10m Total

No. of sites 38 41 40 27 16 162
No. of sites > 400 5 5 7 8 6 31
Percentage (%) 13.2 12.2 17.5 29.6 37.5 19.1

The results in Table 3 indicate that for sites with a diameter larger than 8m, have a relatively higher
percentage of being retrieved as compared those smaller than 8m. Therefore the size of a charcoal site has

some influence on its detectability.

4.43. Mapping of charcoal sites on sentinel-2 image

In addition to the optimal threshold, a range of NIR reflectance values of the charcoal signal was used for
the detection of charcoal sites in the study area. Examination of the NIR reflectance of the visible charcoal
sites (centre pixel) indicates that their reflectance range between 0.18 and 0.25 based on sample pixels.
Therefore, if a pixel had a change in difference value above the optimal threshold and a median
reflectance of 0.18-0.25 for the 180 days after the maximum change-in-difference index, was classified as
charcoal else non-charcoal. Based on Figure 16, thresholds 300, 350, 400 and 450 provided a specificity
close to 100% thus used for the detection of charcoal sites and Figure 18 shows the number of pixels that

are correctly classified as charcoal per threshold.
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Figure 18: A bar graph showing the number of pixels detected as charcoal and non-charcoal per threshold

Figure 18 shows that the lower the threshold, the more non-charcoal pixel classified as charcoal.
Increasing the threshold means reducing misclassifications but it also reduces the number of charcoal
pixels correctly classified as charcoal. Therefore, 400 gives the optimal classification of charcoal and non-
charcoal pixels in this study. The spatial representation of the detection with the 400 threshold is shown in
Figure 19.
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Figure 19: A map showing charcoal sites detected at a threshold of 400 change-in-difference index based on Sentinel-

2 time seties.

Figure 19 shows the pixels detected as charcoal in red and in total they are 671 out of which only 120 are
actual charcoal sites are detected with VHR. Figure 20 shows a temporal trajectory of a sample of six non-

charcoal pixels that were misclassified as charcoal.

NIR-difference index for three pixels NIR-difference index for three pixels

Difference index
Difference index

date

date

Figure 20: Temporal trajectories of six non-charcoal pixels misclassified as charcoal

It is observed in Figure 20 that the trajectory of these pixels is not similar to that of the charcoal pixels
(Figure 11 &12) but a lot of noise is observed which could have led to the large change in difference thus

their detection as charcoal sites.
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5. DISCUSSION

5.1.  Detection of charcoal sites on VHR image

For the segmentation of the image, Orfeo Toolbox (OTB) was successtully used and charcoal sites were
clearly delineated with at least 95% the of sites detected in the study area. However, the segmentation
process was very slow when it came to dealing with larger areas. To make the process faster, the study area
was divided into four squares of 5x5km which were used to clip images before using OTB for
segmentation. The four resulting vector files were then merged back to have a single shapefile of charcoal

sites.

Segments of visible charcoal sites were manually selected but it took quite a long time to complete the
entire 10x10km and it was also subject to errors where some sites could be missed. Therefore for an
efficient approach that can be implemented over larger areas, automatic object-based classification using
machine learning classifiers such as Random Forest (RF) or Support Vector Machines (SVM) could be
explored for future studies (Cheng & Han, 2016).

A total of 1,740 charcoal sites were detected in the study area and it was found that charcoal sites were
mostly located in areas covered with scattered trees and bare soil seen with brownish colour on the VHR
image (Figure 8). This confirms that charcoal production is selectively carried out in tree-covered areas for
high production as opposed to shrub areas (Bolognesi & Leonardi, 2018).

Bolognesi and Leonardi (2018) found out that the average diameter of charcoal sites is 6m, but this study
obtained a larger average diameter of 8m. The reason for this difference could be due to the fact that for
their study, charcoal sites were manually detected by drawing circles around them leading to improper
delineation thus resulting in an underestimation of the average kiln size. Opposed to that, the automatic
detection used in this study resulted in a proper and accurate delineation of the sites. Another possible
reason for the difference could be because their study covered a larger study area (37,000 km2) with many
charcoal sites and varying diameter sizes whereas this study worked in a 10x10km area.

5.2.  Temporal trajectory of charcoal sites using VHR images

The temporal profile of each charcoal site was performed by manually checking the presence or absence
of the site on all VHR images based on sites as detected on the April 2018 image. The process took a long
time but given a small area of 10x10km, the manual approach was successful for this study. However, if a
larger area would be considered, then this approach cannot be efficient. In this case, it will require
automatic detection of charcoal sites in all images and track the presence or absence of sites in each image
which could be possible with machine learning approaches.

During the temporal analysis, it was observed that the charcoal sites were not aligning well in all images
indicating a shift in the images. In relation to the April 2018 image, other VHR images were shifted
predominantly to the east with at most 10m. To handle the shift, any site that was visible in a subsequent
image within 10m distance was assumed to be the same site. Ideas to automatically correct for the shift,
such as image co-registration are available but given the fact that the process was manually done, they
were not performed for this study.

From the temporal analysis, new sites were detected and it was observed that they were fewer than old
sites. This could be because trees have reduced thus the reduction in charcoal production in the study
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area. Another reason could be that old sites remain visible for a period longer than that of the new sites
detected thus their large number. It should also be noted that there was no observed evidence of multiple
use of the same sites. Based on expert knowledge at SWALIM, it is rare to find cases of reuses of the same
site in a short period of time.

It was observed that a higher number of new sites were detected during the period of January 2018 to
April 2018 which would confirm that charcoal production happens during this dry season based on expert
knowledge at SWALIM. However, it should be noted that for this study the new sites were classified
considering the first detection date but there is a possibility that some sites could have appeared eatlier but

not visible. This is because of the missing data and clouds most especially in the period before January
2018.

Bolognesi and Leonardi (2018) reported a change in kiln size in 2017 as compared to years before which
they attributed to the reduction of larger trees due to charcoal production, gradually resulting in smaller
charcoal kilns due to reduced wood availability. However, for this study, there was no significant diameter
difference between new and old sites. This could be due to the shorter study period (2016-2018) that this
study used as compared to their study (2011-2017).

5.3.  Assessment of the surface reflectance of Sentinel-2 over time

Temporal analysis of Sentinel-2 images, particularly by assessing the reflectance of each pixel in relation to
neighbouring pixels, proved to result in a reasonably clear signal for detecting charcoal production sites.
For most of the charcoal pixels, there was a substantial increase in difference in the period of appearance
of the charcoal site as analysed with VHR. This was the expected trajectory of a charcoal pixel which
indicates that when the charcoal site appears, the surface reflectance of the centre pixel quickly reduces,
which makes the pixel different from the surrounding environment. It should, however, be noted that not
for all charcoal sites such a clear signal could be observed (Appendix 2)

Among all spectral bands of Sentinel-2 that were tested, NIR performed better in terms of providing a
larger and more consistent change in difference after the appearance of a charcoal site. This result
corresponds with Huang et al. (2016) who found out that NIR and SWIR bands of Sentinel-2 provided
the strongest separation between burned and unburned areas as compared to other spectral bands,
especially in the visible range. SWIR bands have been extensively used for burned area mapping, however,
for this study, it did not yield good results probably due to a relatively coarser spatial resolution of 20m.
Ideas to increase the spatial resolution have been proposed such as pan-sharpening of the SWIR bands of
Sentinel-2 imagery (Park et al., 2017; Kaplan & Avdan, 2018), but they were not explored for this study
due to the limitation of time.

5.4. Detection of charcoal sites using Sentinel-2 timeseries

The difference in the temporal trajectories of the charcoal and non-charcoal pixels was used as a basis for
the separation of the two classes. This involved the computation of the change in difference over time and
the results showed that the maximum values of charcoal pixels were relatively higher than those of the
non-charcoal pixels. However, there were substantial overlaps between the two classes where non-
charcoal pixels had high values as compared to some charcoal pixels. It was observed that noise due to the
undetected clouds and cloud shadows greatly contributed to the high maximum values for both charcoal
and non-charcoal pixels. Through a visual analysis, it was found out that the large values for non-charcoal
pixels resulted when a low value due to noise at a given date was subtracted from a high actual value at the
subsequent date. Some of the charcoal pixels were also affected in the same because it was observed that
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the maximum change in difference values did not fall in the right appearance periods based on the VHR
analysis. To reduce the noise effect moving windows of 60, 90, 120 and 180 days to aggregate data by
average and median were used. The results show that the 180 days moving window performs better with
the highest kappa values and minimal overlaps between the two classes. This could be due to the fact that
a longer time period contains more observations thus is more effective in smoothing out noise in the data.
In addition, the moving median performs better than the average due to the fact that the median is less

sensitive to outliers.

Using the 180 days moving median for the detection of charcoal sites, thresholds based on the maximum
change-in-difference index and NIR reflectance (0.18-0.25) were used. Thresholds 300, 350, 400 and 450
provided a specificity close to 100% but 400 (0.04 surface reflectance) was taken to be the most optimal
one since less of the non-charcoal pixels were misclassified as charcoal while correctly classifying a
significant number of charcoal pixels.

For this study, the thresholds were used separately because after applying the first one based on the
change-in-difference index, it was observed that many non-charcoal sites were misclassified as charcoal.
The addition of the second condition based on the NIR reflectance of the visible charcoal sites was used
to reduce the misclassification and improve the detection result. However, future studies should consider
combining this information in one index to obtain one optimal threshold to be applied to the entire image.
Also, further assessment of the NIR reflectance values of the charcoal signal for a wider of range
environmental conditions is required.

It was assumed that the size of charcoal sites would have an effect on their detectability, but results proved
otherwise. Although charcoal sites above 8m diameter had a better representation of high maximum
values than those below, the link was not strong enough to conclude that bigger sites have a stronger
signal which makes them easily detectable. This could be due to the fact the charcoal signal may be
captured in multiple neighbouring pixels thus the strength is similar for both small and big sites.

Despite remaining difficulties, this study has shown that Sentinel-2 has the potential for detecting small
charcoal sites, even for sites smaller than sensor’s spatial resolution. To obtain better results, listed are
some of the challenges and possible solutions for further research.

e Given the approach used in this study to detect charcoal sites, noise due to clouds and cloud
shadows in the Sentinel-2 data is the major factor hindering the accurate detection of charcoal
sites. Therefore, in order to obtain better results, the cloud masking process should be improved
to ensure that most of the noise is removed from the data but also other approaches such as
BFAST for analysing the temporal trajectory to obtain significant change points in the data can be
explored.

e A shift was observed with the different Sentinel-2 image dates where the charcoal signal was not
constantly in the same location for all images. The signal was observed to change between the
four neighbouring pixels (Appendix 4). For this study, a single (centre) pixel was considered but
for future, research an approach to consider a pixel with the minimum value (stronger charcoal
signals) within a 3x3 window could be developed.

e Different surrounding environments could also have an impact on the charcoal signal due to
contrast. For example if a site is located on dark soils, the difference in the reflection will not be
that large when a charcoal site appears thus making it difficult to be detected. For this study it was
not explored but based on the method used, it could hinder the detection of some sites.
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The consideration of a 5x5 window in the computation of the surrounding index could have
affected the detection of some sites. Through visual analysis, it was observed that at least 5% of
sites were close to each in a distance of up to 20m thus the signal of one charcoal signal was
computed in the surrounding of another site resulting in a small difference.

For this study, NIR was used alone for the detection charcoal of sites but future study could use,
machine learning algorithms such as RF and SVM to determine which spectral bands, their
combinations or indices that can work best for the separation of the two classes. To further
improve the detection results, land cover classification of the study area could also be used as
input to eliminate sites detected in areas such as shrubs where charcoal production does not take

place.
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6. CONCLUSION

This study showed that the analysis of changes in near-infrared reflection at and around charcoal
production sites allows to separate a specific signal, promising for automatic detection of such sites.
Despite that the charcoal sites” diameters are generally smaller than the spatial resolution of the Sentinel-2
multispectral sensor, this study demonstrates their detection is possible. However, due to challenges such
as clouds and big data gaps in the Sentinel-2 time series, accurate detection of charcoal sites was hindered.
Future studies may improve the detection accuracy of charcoal production sites by further exploring the
combined use of multiple spectral bands, as well as using machine learning algorithms.
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NIR-Charcoal pixel trend before and after appearance (kl14_7m)

NIR-Charcoal pixel trend before and after appearance (kl12_5.9m)

Appendix 1: Temporal trajectories of charcoal sites showing a clear charcoal signal with the NIR band
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NIR-Charcoal pixel trend before and after appearance (kI8_6.6m)
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date

NIR-Charcoal pixel trend before and after appearance (kl1_6.1m)

Appendix 2: Temporal trajectories of charcoal sites showing an unclear charcoal signal with the NIR band

date

&

;%?
®

®

a

,"5}

e

o
SV
4;%4

®

L
£

S
oA

®

N

&~
A

)

£
@, 2,
RN - 2%,
Mn%@ .Au e
£
S el
G e
S ahe =
aoe  E e &
] “He o L
¢
e 3 A PR
M,NMW\M m ................... lﬁl.l \QV,WW.\M .,_”..
“. x
N9 = ,
asE e Pt S
Qlimimimimem i mimmmmmm - - - L7 =
aope 2 ase 82 <
w8 soe B
P %, b
ot 2 H \9..»\.19 3
v & K s &
Dowwx&u N - \95@\@ g ®
b [ 0%® o & NN
S, 2@ HAE T @
Lot B & i © &
S © X 4@ ©
LN o NS °
Mw%w s A
< <z, e
ke B axe 9
PN = fHAR (<]
e @ prise Y | R R e S e S
are 2 e 2
a&e B axe 3
<5 , c
|||||||||||||||||||||||||||| == @,\w\@ [ xﬁ&.«x@ G |rem—s e o T o o T e
Gl = G =
5 =
........................... =52 w,umw\M .m .ﬁu@x@ .m
e b S 3, E 4y o 3, 2
£ 85 P 4 2 8% xﬁ@w\&w © £g8s
2 g5 At 8 583 e 8 553
2a € 25§ w BES P | _ s &k
s 85 32 aae § 3 - ° " whe § 3. "
g1 e g S0 a9 S0
Mn,wxﬁu = .\Q@W\&v =
RERePcoREBEEERER° 8 &2 gEgsgscgssesgsese~g EEE83TS828RERERC°F
e dsrfdsrRdSREd o N f¥EFMafENAdRTE SR g8 K Y/ re U9 e b
sa9pu s80pu
saoIpu| puj
o o,
RN P
(230 )
e G
alp \Demww&u
e el
ave e
.\9«%\@ £ “oe £
soe & oo E
B a3 o L EEER e e e
aH> @ o N
P N oe 8
a2 e =
%V.\ @ O, (D e T S e o Lot ot o e
\9\@&» 2 Av.\ew-\&u 3
“xE s R
L DLl S e =
\7«.\@. 3 £33 3
s 8 S8
©
GEe y O e g ®
HBe s 8 soe s §
PN 5 PRI &
....................... =i ro?ﬂ\&v o b@.«\.mu
$1\ C SIS IS IS ISR I SIS ISISIS SIS IS IS S @W.ﬁ\ .W
......................... L \&m.«\&v @ @RQ.A\@ H
9 .NM.D«\AV 2 @.%0.4\9 2
oxe 8 L |49 g
S @ “ 9
A o 4z, o
s s
\Gr\\wg\ﬂ.v % @,\\W\ﬂy 5
o®  E e 2
W g S
A 2 e 2
L, o % =
348 A - 5, 8 dhe 2 5.8
s 2 a8 a2 E e B -
B3 a2 582 she 8 58 %8
E 5 ”, @ s § %, E & £
s 853 axe 2 5 853 axe 8 s 853
LA G 2 $10 s & 2
© e L © T g LI
“xe Z ahe Z
T T T T T T T T T T T T T T T T Lndy T T T T T T T T T T T T T T T T YA, - - - - - - - - T T 4 T T T
2228R38338383333838°88 & BSgSsssgegsgesRsg " =* A A A A A A
B E§FAAYREeEerwa oW @ FPE@MBRANRF2EERBH o @ g g R B ggnrba 3 KB N o
Sa0IpU| S821py| $891pU|




Appendix 3: Six different image dates of the NIR spectral band of Sentinel-2 showing a charcoal signal of a single
charcoal site (red polygon) changing locations with the neighbouring pixels
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