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Abstract: High-resolution Earth observation data is routinely used to monitor tropical forests. How-
ever, the seasonality and openness of the canopy of dry tropical forests remains a challenge for optical
sensors. In this study, we demonstrate the potential of combining Sentinel-1 (S1) SAR and Sentinel-2
(S2) optical sensors in order to map the tree cover in East Africa. The overall methodology consists of:
(i) the generation of S1 and S2 layers, (ii) the collection of an expert-based training/validation dataset
and (iii) the classification of the satellite data. Three different classification workflows, together with
different approaches to incorporating the spatial information to train the classifiers, are explored.
Two types of maps were derived from these mapping approaches over Tanzania: (i) binary tree
cover–no tree cover (TC/NTC) maps, and (ii) maps of the canopy cover classes. The overall accuracy
of the maps is >95% for the TC/NTC maps and >85% for the forest types maps. Considering the
neighboring pixels for training the classification improved the mapping of the areas that are covered
by 1–10% tree cover. The study relied on open data and publicly available tools and can be integrated
into national monitoring systems.

Keywords: East Africa; dry forests; Copernicus; Sentinel-1; Sentinel-2; machine learning; Collect
Earth; cloud computing

1. Introduction

The Reduced Emissions from Deforestation and Degradation (REDD+) framework
from the United Nations Framework Convention on Climate Change (UNFCCC) is key to
addressing climate change and other related environmental emergencies, such as defor-
estation and forest degradation [1]. REDD+ activities have triggered the need for National
Forest Monitoring Systems (NFMS) that produce high-quality, reliable data on forests and
forest carbon stocks. The UNFCCC encourages NFMS to use a combination of remote
sensing and ground-based forest carbon inventories in order to estimate the greenhouse
gas emissions that are associated with forest ecosystems [2–4].

In the last ten years, the remote sensing community has witnessed many efforts to
produce accurate maps of tree cover and tree cover change with increasing spatial and
temporal resolutions. While global initiatives to map tropical forest change do exist [5–7],
national institutions often look for methods over which they can have complete governance.
The current quality, quantity and free availability of remote sensing data is helping to
achieve such a goal. In Africa, however, alternative methods are still needed in order to
overcome certain limitations and challenges, such as specific technical capacities and skills,
computing power and data availability [8].

In the case of East Africa, those limitations add to the already existing challenge
of mapping and assessing the tree cover in the dry domain [9,10]. The monitoring of
tropical dense moist and boreal forests by optical remote sensing platforms is largely
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operational [5,6,11,12]; while, in contrast, mapping dry forests with satellite imaginary
presents several challenges [10,13]. As illustrated in Figure 1, these challenges include the
deciduous nature of the dry forests, the high variation in the structure and canopy cover
over time and across biomes as well as a wide range of factors that may distort their aspect
as viewed from remote sensing platforms.
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Figure 1. Challenges of tropical dry forests monitoring (A) Deciduous vegetation—same forest area
in the humid (May) and the dry (July) season, (B) Fires—same forest area affected (2010) or not (2011)
by fire, (C) Four different areas illustrating the variety of tree cover. “Maps data: Google, © 2021
Maxar Technologies”.

As opposed to evergreen forests where the canopy tends to be fully closed, dry forests
have a full range of canopy coverage levels, from closed to open. Furthermore, the structure
of dry forests is also varied, with the tree cover in open forests (or woodlands) being mixed
in different proportions with herbaceous and shrub formations [14,15].

Regarding phenology, dry forests present a mix of phenological characteristics, from
semi-deciduous where only a certain proportion of the trees simultaneously loses their
leaves through to fully deciduous [16]. During the dry season many of these forests
are subject to fires, generally passing through the understory, with burn scars making a
major impact on the forest’s level of reflectance. Generally, dry forests are under high
anthropogenic pressure from fuel wood collection, charcoal production and grazing, all of
which change the structure and composition of the forest canopy and understory [17].

In consequence, dry forests’ reflectance and backscatter, as measured from remote
sensing platforms, vary both in time and in space, making the consistent monitoring and
discrimination of these dry forests from other land-cover types very challenging, especially
through the use of optical data, given the low number of cloud-free acquisitions. Most
cloud-free optical satellite images are available in the dry season, a period when these forests
have lost their leaves, making them difficult to discriminate from an understory grass layer.
Conversely, during the wet season it may be difficult to distinguish a tree layer from shrubs.
Despite collecting imagery in all cloud conditions, space-borne synthetic aperture radar
(SAR) data have only been used on an ad-hoc basis for forest monitoring until recently, with
a test case investigating SAR data’s use in dry tropical forests of Bolivia [18] and another in
the humid tropical forests of Central Africa [19].

The increase in the number of available images at a high spatial resolution from 2016
with Sentinel-1 (S1) and Sentinel-2 (S2) allows the use of temporal analysis of reflectance [20]
and backscatter [18] for dry forest monitoring. While, for optical data, the increased
image acquisition brings the availability of a greater number of cloud-free images and the
possibility of temporal analysis of phenology, for SAR data it provides an opportunity
to remove the variations in the recorded radar signal due to viewing angles and soil
moisture [18]. The potential of combining optical and SAR data has been demonstrated
for the mapping and monitoring of the tropical savanna in the Sahel [21–23] and it opens
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new avenues to map and monitor tropical dry forests [24]. It also paves the way for the
combined use of S1 and S2 or Landsat-8 time series through data fusion [25].

The exploitation of these large data volumes has been made possible by the devel-
opment of cloud-based computing capacities with a range of classifiers, allowing rapid
processing [26]. Cloud computer processing and machine learning techniques are now
becoming the norm for extracting meaningful information from terabytes of satellite im-
ages [27,28]. However, there is a learning and technological gap for many of the users in
the field [29]. A transition from image interpretation methods to more advanced big data
processing is needed. A successful way to operate that transition is to create user-flexible
methods with different levels of uptake from the users [30].

The main objective of this present study is to demonstrate the potential of open
Copernicus data, namely S1 and S2, for the national-scale mapping of dry tropical forests
in the framework of REDD+. First, we explored what is the best period in which to handle
the seasonality and the availability of the S2 data and we evaluated the benefit of S1 data.
Second, an expert-based data collection was performed that resulted in a training dataset
that was suitable for dry forest monitoring applications with Earth observation (EO) data.
Third, different classification models and approaches to incorporate the spatial information
into the models were tested. In order to support the work that is done by NFMS, we share
the scripts for processing the satellite imageries, the resulting maps and the expert-based
reference dataset.

2. Study Area

The study area covers the United Republic of Tanzania. To consider the potential
discrepancies in the country’s boundaries, we considered a polygon encompassing a buffer
zone of approximately 40 km from the national boundary of Tanzania.

Tanzania lies in Eastern Africa, bordering the Indian Ocean, between Kenya and
Mozambique and covering a land area of 945,087 square kilometers. Tanzania has a tropical
climate with regional variations due to its topography. A central highland of around
900–1800 m is covering the major part of the country, including the Kilimanjaro mountain
range with its highest peak of 5895 m [31].

Regarding precipitation, the country has a complex seasonality with a mix of bimodal
and unimodal rainfall patterns. The south western and central parts of Tanzania have one
rainy season from December to April. The north-east of the country, except Lake Victoria,
receives rainfall in two periods, from October to December and from March to May. In the
area of Lake Victoria, a long rainy season usually lasts from October to May. The west of the
country, bordering Lake Tanganyika, has one rainy season from November to April [32].

Agricultural land covers more than 43% of the country’s area and forests cover up to
37%. While agriculture and forestry are both important components of Tanzania’s economy,
agriculture contributes to the gross domestic product to a much larger extent than the
forests do. This might change in the future as the forests’ exploitation share is increasing
significantly [33]. Tanzania possesses a range of forests with different structures, canopy
cover and phenology; evergreen montane forests [34], semi-evergreen coastal forests [35]
and dry miombo forests [36]. Despite conservation efforts, more than 5.86 million hectares
of Tanzania’s forests were lost due to deforestation and degradation between 2000–2015.
That represents approximately 10% of the country’s forests overall [37]. As bioenergy
provides more than 90% of the country’s energy needs, the main cause of the forest loss is
charcoal production [33].

3. Materials and Methods

The overall methodology consists of three main steps, which are presented in Figure 2:
(i) the generation of the S1 and S2 layers, (ii) the collection of an ad-hoc training/validation
dataset and (iii) the classification of the data. In this study, we tested three supervised
classification algorithms and evaluated their suitability for the mapping of dry tropical
forests. Additionally, different approaches to incorporate the spatial information in order
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to train the classifiers were explored. The following sections describe the steps of the
methodology that was developed.
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3.1. Sentinel-1 and Sentinel-2 Layers

The first step of the methodology was the processing of the S1 and S2 data into layers
that are relevant for dry forest monitoring. The data were processed on the Google Earth
Engine (GEE, [26]) platform. For the processing of the initial selection of the S1 and S2
image tiles, a buffer of 100 km was added to the study area’s polygon in order to include
those tiles that do not have their centroid inside the initial polygon.

3.1.1. Optical Data: Sentinel-2

S2 satellites carry a wide-swath, high-resolution Multispectral Instrument (MSI) with
13 spectral bands spanning from the visible to the short-wave infrared. The spatial resolu-
tion varies from 10 m to 60 m depending on the spectral band. The swath is 290 km. The
temporal resolution of the S2A satellite is 10 days [38]. The S2A satellite was launched on
the 23 June 2015. A revisitation period of five days at the equator is ensured by the launch
of the S2B twin satellite on the 7 March 2017.

All of the available S2 Level 1C (L1C) top of atmosphere (TOA) reflectance scenes on
the GEE platform for 2018 over Tanzania were used. The year 2018 is the first year with a
complete coverage from S2A and S2B. The top of canopy reflectance products (Level-2A)
were only in the process of being ingested into the GEE system for the year 2018 at the time
of the processing. While surface reflectance is preferred across the literature, atmospheric
correction is not always a prerequisite for classification applications [39]. Furthermore, the
classification was based on the vegetation indices (VI) that reduce the atmospheric effects.

A custom cloud and shadow masking was applied to the L1C single images. The
cloud masking was an adaptation of the cloud-score that was developed by [40] for Landsat
8 and used by [41]. A higher cloud-score was assigned to pixels with (i) higher brightness
in the blue and cirrus bands (S2 bands 1, 2 and 10); (ii) higher brightness in all of the visible
bands (bands 2 to 4) and (iii) higher normalized difference water index (NDWI) value. The
NDWI was calculated with S2 bands 8 and 11 [42]. Any pixel with a cloud-score that was
higher than 40 was considered to be cloud-contaminated.
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Two VIs were selected, the normalized difference vegetation index (NDVI) and the
shadow index (SI) [43]. The NDVI highlights the seasonal behavior of the vegetation while
the SI was used as a proxy for the forest canopy’s density.

NDVI Bi-Monthly Time Series

NDVI is commonly used as an indicator of the status of vegetation due to its sensitivity
to photosynthetically active biomass and the phenological dynamics that are present in the
vegetation [44]. The seasonal variation of the vegetation is captured following the yearly
evolution of the NDVI. However, a trade-off between the length of the compositing period
and the availability of non-cloudy data had to be found. Despite a 5 day acquisition scheme,
it was difficult to build S2 composites at a country level that were shorter than two months
since the cloud coverage was too impactful during the rainy season. Figure 3 shows the
number of cloud-free observations for each bi-monthly period.
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First, the NDVI was calculated for each single image using Equation (1). Second, the
maximum value was retained for a two-month period.

NDVI = (NIR − RED)/(NIR + RED) (1)

where NIR is band 8 and RED is band 4 of S2.
All of the layers were exported in the scale of 8-bits, adding +1 to the NDVI continuous

value and multiplying by 100, which resulted in values from 0 to 200.

Shadow Index

The second vegetation index that was used is the SI. The SI rises as the forest density
increases; i.e., young and evenly spaced trees have a low canopy shadow index compared
to mature natural forest stands [43]. A study by [45] highlighted SI as a strong explicative
factor in aboveground biomass prediction from remote sensing biophysical parameters.
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The SI was calculated with the Equation (2) on cloud-masked images. To eliminate
the extreme values, the 90th percentile over the monthly SI was applied as a cut-off value.
Then, the maximum value among the 12 months was retained.

SI = ((1− BLUE)× (1−GREEN)× (1− RED))1/3 (2)

Composite for Visual Interpretation

In addition to the VIs, four composites were created for visual interpretation purposes.
The median reflectance values for a three month period were computed from the cloud-
masked S2 images for band 4 (Red), band 8 (NIR) and band 12 (Swir~2190 nm).

3.1.2. SAR Data: Sentinel-1

S1 satellites carry a C-SAR sensor, which offers medium and high resolution [46]. The
C-band SAR instrument supports operation in single polarization (HH or VV) and dual
polarization (HH + HV or VV + VH). S1 is a two-satellite constellation (S1A and S1B) with
a revisit-frequency over Africa of 12 days. Considering the overlap and combining the
ascending and descending orbits, this leads to a S1 observation every ~4 days [47].

We used all of the S1 tiles that were acquired in the interferometric wide (IW) swath
mode, providing dual-polarization (VV and VH) in both the ascending and descending
orbits, that were available in GEE for 2018 over Tanzania. In GEE, the Level-1 Ground
Range Detected (GRD) IW product is processed with the S1 Toolbox [48] for thermal
noise removal, radiometric calibration and terrain correction and projected onto a regular
10 m grid.

The understanding of the backscattering variation of a C-band wavelength in its
interaction with deciduous trees’ phenological changes is still in its early stages [49,50]. The
knowledge for Eastern African dry forests is even more limited. The C-band of S1 interacts
with elements of an approximate size of 5 cm. For trees, the dominance of the crown return
with the C-band is stronger than with lower frequencies, such as S- or L- band [50].

The temporal profiles in VV and VH polarization (Figure 4) show that pixels cov-
ered by trees tend to have higher backscatter values throughout the year, while open
land presents more variation. For instance, agriculture land presents a decrease in the
backscatter intensity during the dry season. One hypothesis is that the tree, even without
leaves, is still interacting strongly with the signal while open land only leads to a stronger
backscatter signal when herbaceous vegetation is present. An annual minimum value,
not contaminated by noise, is likely to highlight the tree cover’s presence inside a pixel.
Accordingly, the full 2018 time series was decomposed into bi-monthly composites for each
polarization, VV and VH. The 10th percentile was retained for two months and filtered
with a Lee filter. Then, the minimum value over the 6 bi-monthly composites was retained
for each polarization.

3.1.3. Gap Filling

A total of 9 layers were used as the final input for the classification models (Table 1).
The layers that were not highly correlated and heavily affected by noise or missing data
were selected and downloaded from GEE. Despite the careful selection, the S2 layers
contained some missing data. As missing data are not correctly handled by machine
learning classifiers, a gap-filling procedure was applied on the six NDVI layers prior to the
classification workflow. The missing values were filled by combining the median value
over an incremental spatial window with the maximum NDVI value over the 6 bi-monthly
composites. The average value resulting from the two approaches was used to fill in
the gaps.
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Table 1. The Sentinel-1 and Sentinel-2 layers selected for the classifications.

Satellite Constellation Index Temporal Interval Compositing
Technique

Sentinel-2 NDVI Bi-monthly (6 layers) Maximum

Sentinel-2 Shadow Index Annual Maximum of monthly
90th percentile

Sentinel-1 VV Annual Minimum of monthly
10th percentile

Sentinel-1 VH Annual Minimum of monthly
10th percentile

3.2. Reference Dataset Design

Field data describing the dry forests in East Africa are generally very sparse on the
large scale due to location and accessibility limitations. In addition, field data are usually
not designed for EO applications, which require homogenous polygon-based data (i.e.,
data that are not referred to a single point). In Tanzania, an NFI commonly named National
Forest Resources Monitoring and Assessment (NAFORMA) was carried out from 2009 to
2014 by the Tanzania Forest Services [51,52], which provided ground-based data related
to forest biomass. However, the field data can exhibit inconsistencies in terms of the data
collection and a lack of precision of the GPS coordinates. In order to extract the information
that is related to dry forests from S1 and S2, we therefore created a training dataset which
was suited to this study as well as to other broader applications.

3.2.1. Classification Legend

A multi-level legend is proposed in Table 2. The first step was to gather the information
on the presence of tree cover, single trees or the absence of woody vegetation (Level 0 in
Table 2). Any woody element with a height of over 3 m was considered to be a tree. The
second step was to categorize the canopy cover into four categories (Level 1 in Table 2):
80–100% canopy cover, corresponding to a closed evergreen forest or bushland; 40–80%
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canopy cover, corresponding to a closed woodland or bushland; 10–40% canopy cover,
corresponding to an open woodland or bushland and 1–10% canopy cover, representing a
landscape that is covered by grassland or agriculture and single isolated trees. The third
step was to document some of the characteristics that are specific to the type of woody
vegetation that was present (Level 2 in Table 2). For the 80–100% class, the distinction
between evergreen or semi-evergreen and deciduous trees was made.

Table 2. Legend for the reference dataset.

Level 0 Level 1 Level 2

1 Tree Cover ≥ 10%

10 80–100% tree canopy closure
101 Evergreen or

semi-evergreen

102 Deciduous

11 40–80% tree canopy closure

12 10–40% tree canopy closure

2 Tree Cover 1–10% 21 Grass and “singles trees”

3 No Tree Cover

32 Grass and/or agriculture

33 Open land (artificial, bare soil,
rock, sand)

34 Water/wetlands

3.2.2. Sampling and Response Design

The marked plots were distributed through a random stratified sampling that was
derived from a vegetation–non vegetation stratification based on an S2 annual maximum
NDVI composite. The sampling for the validation process was additionally fine-tuned
based on the classification results using the recommendations for adjusting for classes that
were less-represented in the map [53].

The samples of the reference dataset were collected by the visual interpretation of very
high resolution (VHR) images from Google Earth with the free and open-access software
tool Collect Earth [54]. Collect Earth, a tool developed by the UN-FAO for the monitoring
of land cover and land use, is a state-of-the-art technique for the visual interpretation of
VHR images [55]. Collect Earth allows for the collection of plot-level information using
various sources of remote-sensing data. Built on Google Earth technologies, it provides
access to all of the available satellite archives of VHR images [55]. It also facilitates access
to Bing Maps’ collection and enables multi-user interpretation.

The interpretation was performed on a square plot of 0.25 ha, corresponding to 25 S2
pixels at a 10 m resolution. In order to take into account the possible shift from the Google
Earth and Bing images with the S2 and S1 images, the classification considered the 9 central
pixels of the square plot, equivalent to an area of 0.09 ha.

Various tests showed that a visual distinction between trees and shrubs could not be
carried out consistently on the country scale solely on the basis of the VHR imagery. Indeed,
the presence of multiple stems and the height of the woody element are two discriminant
features that are commonly used to differentiate between trees and shrubs when collecting
field data, but these parameters cannot be retrieved from optical remotely-sensed VHR
imagery. It was therefore decided that any woody element having a crown of at least 5 m
in the 0.25 ha window would be interpreted as a tree element. For the visual interpretation,
tree cover was defined hereafter as a woody element with a canopy crown ≥ 5 m in
diameter and a height of more than 3 m (these are features that cannot be seen on the VHR
images). As illustrated in Figure 5, the interpreter visualizes a 0.25 ha square plot, a 0.09 ha
central square plot and a circle of 5 m diameter around the central point. The circle is there
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indicating the 5 m tree crown threshold that is fixed to discriminate woody vegetation. The
four categories of tree cover were evaluated according to the number of yellow squares that
were covered by tree canopies. In addition to the VHR image archives that are available in
Google Earth and Bing Maps, the interpreter had access to the S2 composite for the year
2018. The composite was displayed with the three bands which are useful in the context
of forest monitoring (band 11 SWIR 1, band 8 NIR and band 4 RED). To document the
seasonality of the 80–100% plots specifically, NDVI profiles from Landsat 8 and MODIS
were provided through a script running on the GEE platform.
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Only plots with a VHR image that was available from close to year 2018 in Google
Earth or Bing were interpreted. The interpreter also discarded any plot that did not present
homogeneous vegetation cover in the 0.25 ha square (e.g., plots at the border of a forest).
A total of 4196 plots were interpreted with a sufficient level of confidence (split between
3060 plots for training and 1136 for validation—Figure 6).

3.3. Classification Workflows

The presence of tree cover and the distribution of the forest types at a national level
were predicted through three different classification workflows. From the training dataset,
Level 0 of Table 2 was used in order to predict the binary presence or absence of tree cover,
while Level 1 was used to predict the different levels of canopy cover. For closed canopy
cover, we distinguished between tree cover from evergreen and deciduous forests (classes
101 and 102 from Level 3).

The classification was done based on the 3 × 3 pixels central plot from the 5 × 5 pixels
that were interpreted for each plot. The 9 annotated pixels from the central plot were
used into two different thematic mapping approaches: the first approach, called “pixel” in
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Figure 7, classified the pixels into classes according to their intrinsic spectral values, while
the second approach, called “window” in Figure 7, used a contextual spectral approach to
classify the pixels while also considering their neighboring pixels.
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The binary tree cover–no tree cover discrimination was trained with the “pixel” ap-
proach only; that is, the 9 pixels were considered as 9 independent training samples. For
the classification of the canopy cover classes, both approaches were tested. The “window”
approach, where the 9 pixels were considered as a single training sample, was specifically
used to include the class Tree Cover 1–10%, expressing the presence of one or several single
trees on the interpreted plot. Indeed, in a window of 3 × 3 pixels, the presence of single
trees would not give a homogenous signal for each of the single pixels of the pixel model.
The use of the window method allowed for compensation for the possible geo-localization
gap between a single tree that was interpreted on a VHR images from Google Earth and
the Sentinel layers.

For both the binary and the canopy cover predictions, two different machine-learning
classifiers were used with the S1 and S2 layers; the random forest (RF) classifier and the
extreme tree classifier (ETC). The linear regression CV (LRCV) and support vector machine
(SVM) classification algorithms were also tested for the “pixel” and the “window” ap-
proaches, respectively, but were then discarded due to the poor results that were obtained.

The 6 classification models were trained with the spectral and backscatter information
from the 9 layers of S1 and S2 of Table 1 and the labels from the 3060 plots of the training
dataset.

The hyper-parameters of each classification model were optimized with a grid-search
approach. The classification was done on the JRC Big Data Analytics platform (BDAP) [56],
a versatile multi-petabyte-scale platform from the European Commission’s Joint Research
Centre. The classification algorithms of the scikit-learn Python project [57] were used.

3.4. Accuracy Assessment

A systematic accuracy assessment was performed on the six maps that resulted from
the classification workflows described in Section 3.3. The assessment was performed on
the set of 1136 plots that were kept for the validation of the models, which were not used
in the calibration process nor in the training of the models. As for the training, only the
central part of the plot (3 × 3 pixel) was considered in order to take into account any shifts
between the S1 and S2 and Google Earth images that were used in the response design.

Little guidance is available on how to handle sample units that are pixel blocks and
not single pixels [58]). Ref. [59] recommends not to use the mode of the pixel block as it
does not correspond to the map that is given to the user and [53] advises that the rules
for defining an agreement between the reference and the map classification need to be
clearly stated. In our case, we chose to compare the different workflows in a similar way
despite the two different training approaches that were used (“pixel” versus “window”).
We defined the population map (i.e., the per-class areas of agreement and the areas of each
class-specific type of disagreement) as the difference map that was created by overlaying
the single class from the reference sample onto the output map [59]. The specific value of
each pixel of the output maps was kept and not averaged for the size of the sample unit.
The overall accuracy (OA), the producer accuracy (PA) and the user accuracy (UA) were the
selected metrics that were employed in order to compare the performance of each machine
learning classifier in each classification workflow. A visual assessment was also performed
in order to identify the classifier that best captured the landscape.

Class 21 (grass and single trees) was designed to give us information regarding
whether there were single trees in the 5 × 5 plot. Due to the specificity of this non-
homogeneous class, it could not be used in an accuracy assessment that compared the
population of the 9 pixels of the reference map and the classification map. The window-
based classification models were therefore evaluated with class 21 considered as class 32
(grass). In addition, a specific evaluation of the 98 samples of class 21 was conducted for the
three classification workflows. The different maps were assessed in terms of the presence
or absence of tree cover and the presence of class 21 in the 5 × 5 plots identified visually as
1–10% tree cover.
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4. Results
4.1. S1 and S2 Composites

The processing of the S1 and S2 images provided consistent composites, country-wide.
The two months’ temporal compositing left few pixels without observation. For those
‘missing’ pixels, an interpolation that was based on the other layers of the classification
model allowed us to have a satisfying estimation of the value of those pixels. The resulting
NDVI bi-monthly composites are illustrated in Figure 8.
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4.2. The Tree Cover–No Tree Cover and Forest Types Maps

The classification of a 10 m spatial resolution data source with ad-hoc training pro-
duced consistent maps showing the different categories of tree cover over Tanzania. We
captured the spatial distribution of the tree cover in three different ways. As shown in
Figure 9, the tree cover–no tree cover map gave an indication of where trees were present
but it did not give information on the tree cover’s density. The two approaches (pixel and
window) that mapped the different forest types offered a more detail picture of the spatial
distribution of the canopy cover of the different forests in Tanzania. While the “window”
approach presented a more “patchy” representation of the different classes than the “pixel”
approach, it did give additional information about the presence of single trees in some of
the pixels.

4.3. Features’ Importance

Both RF and ETC are capable of measuring a feature’s significance during the growing
of the decision trees. In this application, the Gini index has been used to rank the spectral
and temporal features. The Gini indices were analyzed in order to identify the influential
spectral and temporal features. The two radar backscatters VV and VH were identified as
the most important features, despite being annual composites (Figure 10).



Remote Sens. 2022, 14, 1522 13 of 21

Remote Sens. 2022, 14, x FOR PEER REVIEW  13  of  23 
 

 

4.2. The Tree Cover–No Tree Cover and Forest Types Maps 

The classification of a 10 m spatial resolution data source with ad‐hoc training pro‐

duced consistent maps showing the different categories of tree cover over Tanzania. We 

captured the spatial distribution of the  tree cover  in  three different ways. As shown  in 

Figure 9, the tree cover–no tree cover map gave an indication of where trees were present 

but it did not give information on the tree cover’s density. The two approaches (pixel and 

window) that mapped the different forest types offered a more detail picture of the spatial 

distribution of the canopy cover of the different forests in Tanzania. While the “window” 

approach  presented  a more  “patchy”  representation  of  the  different  classes  than  the 

“pixel” approach, it did give additional information about the presence of single trees in 

some of the pixels. 

 

Figure 9. Resulting maps from the three classification workflows. Figure 9. Resulting maps from the three classification workflows.

4.4. Accuracy Assessment

The different classification workflows were compared based on their accuracy metrics.
Figure 11 reports the OA for the 6 maps that were obtained. The binary maps capturing
only the presence and absence of tree cover have the highest accuracy, with an OA higher
than 95%. For the classification representing the forest type, the “window” approach,
wherein the spatial context is taken into account, outperformed the “pixel” approach in
terms of OA (87% versus 85%). With respect to the OA, the difference between the RF and
the ETC classifier was not important. When looking at the PA and UA, a greater difference
between the two classifiers was visible, especially between the RF and ETC classifiers in
regard to the “window” approach. Lower values of PA were observed for the ETC classifier
with reference to the 80–100% forest classes indicating higher omission errors for those
classes compared to RF.
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The second part of the accuracy assessment evaluated the discrimination of single
trees within the 98 samples that were labelled class 21 (Figure 12). We saw that the different
models captured any type of tree cover class (including class 21) in about half of the samples
that were identified as class 21 (Figure 13). The window classification model outperformed
the other models, as it gave a more accurate representation of the tree cover percentage
in those samples that were labelled as having a 1–10% tree cover. However, the analysis
highlights that the discrimination of single trees is still a challenge when using satellite
imagery at a 10 m spatial resolution.

4.5. Forest Cover Types’ Area Estimation

In Table 3, we derived the estimated area of forest cover types by pixel-counting and
by deriving an area estimation from the error matrix [60] for one map for each classification
workflow (RF for tree cover–no tree cover, RF for forest type “pixel” and ETC for forest type
“window”). The area that was derived from the pixel-counting gives an estimation of the
tree cover in the same area of magnitude for the three approaches, while the area estimation
that was derived from the error matrix varies, with about 150,000 km2 of additional forest
cover estimated in the “window” approach. That approach is the one which gives the
most important estimate of tree cover in the country (when all classes of tree cover are
considered).

The binary tree cover approach regroups all of the different forest types without
discrimination (also visible in Figure 9). The two approaches which do discriminate the
forest types give a more accurate indication of the different types of tree cover range.
Comparing the two forest type approaches, we see that the “pixel” and the “window”
approaches give stable estimations for the closer types of forest (tree cover > 40%) and vary
more for the 10–40% class. The 1–10% class adds to the total area of land that is covered by
tree cover.
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Table 3. Area estimation of the tree cover and forest types in Tanzania in the year 2018 for three
different classification approaches.

Forest Type Tree Cover–No Tree Cover

Pixel Window Pixel

Area (km2)
Area

Estimated
(km2)

95%
CI Area (km2)

Area
Estimated

(km2)

95%
CI Area (km2)

Area
Estimated

(km2)

95%
CI

Tree cover
80–100%

evergreen
101 24,699 27,599 1661 21,291 26,049 1502

Tree cover
80–100%

deciduous
102 98,517 107,678 3889 99,560 100,335 2957

Tree cover 40–80% 11 248,271 250,108 5959 248,529 243,559 5098
Tree cover 10–40% 12 190,722 153,638 5472 178,737 266,181 4950
Tree cover 1–10% 21 - - - 24,098 86,357 5175

Tree cover 562,209 539,023 572,215 722,482 587,980 558,727 4052

Grassland 32 325,985 342,982 4408 316,811 285,696 5248
Open and

artificial land 33 5782 7364 1373 4705 6239 1203

Water and
wetlands 34 59,516 64,122 1584 59,728 63,299 1267

No tree cover 391,283 414,469 381,244 355,234 365,479 394,732 4052

5. Discussion

In order to map the tree cover and forest cover types over Tanzania, we have combined
Copernicus S1 and S2 data with an ad-hoc reference training dataset and tested two
different approaches that may be used to integrate the spatial information into classification
algorithms. The combined use of S1 and S2 data allows us to produce maps of dry forests
with an OA above 85% when capturing different forest cover types and above 95% for
binary tree cover–no tree cover maps. The binary maps yielded higher accuracy but did not
discriminate between the different forest types that present different biodiversity properties
and carbon contents. Accurate information on forest type area improves the reporting of
future carbon emission or gains to the UNFCCC in the framework of REDD+.

The launch of the Sentinel missions and their free data policy are changing the
paradigm of satellite-based tropical forest monitoring [55]. Both the increased spatial
and temporal resolutions of the S1 and S2 platforms are currently being explored and tested
in order to tackle technical challenges such as seasonality and sparse tree cover in the
tropical domain [19,61–63]. In tropical regions, the presence of clouds during most of the
year is limiting the production of cloud-free composites, despite the 5 days revisiting time of
combined S2A and S2B satellites [64]. In this study, we see that, despite the frequent cloud
coverage, bi-monthly NDVI composites can be built with S2 over Tanzania. Being able
to take into account the seasonality in classification algorithms improves the algorithms’
ability to discriminate between the different vegetation formations, as they lose their leaves
and structure at different times. The importance of S1 is also highlighted in this specific
study, calling for more integration of SAR data in dry forest monitoring [19,23].

However, the 10 m resolution still presents limitations for capturing Trees outside
forests (TOF). TOF are an important natural resource that contributes to the carbon stock [65]
and are usually underestimated in dry areas. The approach that was used in this study,
taking into account a spatial window in order to better discriminate the class of 1–10% tree
cover, allowed us to take into account a higher area that was covered by single trees than
would have been possible with traditional approaches. However, many single trees are still
missed. Approaches that automate the extraction of tree crowns from VHR images in dry
environments show promising results for improving the counting of isolated trees in dry
environments [66].

It is important to note that the maps that were used in this study do not distinguish
open natural forest from degraded ones (e.g., landscapes from which tall trees have been
removed). Forest degradation is a process of changes within the forest which negatively
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affect the structure or function of the stand or site and thereby lower its capacity to supply
products or services [67]. An exhaustive assessment of past degradation would need to
be based on a long-time series of satellite imagery, such as that which has been conducted
in moist tropical forests [6]. Methods targeting the monitoring of forest degradation and
forest disturbances [19,68] could be used in combination with the forest cover maps that
have been presented in this study in order to assess and map the forest degradation that
has happened in the following years (i.e., post 2018).

The advances in dry tropical forest mapping that are demonstrated in this study can
be integrated into national monitoring systems. Open data from Copernicus were used
in combination with publicly available tools such as Collect Earth and the Google Earth
Engine platform.

A unique expert-based training dataset that is suitable to dry forest monitoring appli-
cations with EO data was created for this specific study and is available to be re-used for
other studies. The reference dataset of 4196 samples was created by the visual interpretation
of VHR images on a spatial window of 0.25 ha. The spatial window allowed the capture of
the canopy cover of the different forest classes. The reference dataset that was created is a
multi-level legend and was used at different levels of complexity.

The archive of satellite data that were made available in recent years represents an
amount of data that cannot be handled with traditional techniques. The challenges of
classifying the annual time series of EO data are commonly tackled by machine learning
approaches while keeping a place for user interaction. Such algorithms require input layers
that are prepared and selected accordingly. The user interaction takes place in the selection
of those layers and the construction of the ad-hoc training and validation dataset. More
advanced users can test the fitness of different algorithms to their mapping requirements.
In the context of NFMS, national institutions favor flexible approaches that they can have
full control over [29]. The methodology that was followed here can be easily adopted at
different levels of complexity while ensuring a timely production of maps in the Eastern
African region. From a capacity development perspective, such a study could lead to the
development of toolkits for (i) facilitating the access to pre-processed S1 and S2 data time
series (ii) producing meaningful layers for dry forest mapping and monitoring and (iii)
allowing the incorporation of available national or local training datasets.

6. Conclusions

This study demonstrates that S1 and S2 imagery is well suited for forest monitoring
in East Africa. We have illustrated that different automated classification approaches can
be used to address different thematic needs. While pixel-based classification approaches
are an appropriate fit for a tree cover–no tree cover task, considering neighboring pixels
allows one to take more information from the spatial context into account, including a
better discrimination of the trees that are outside the forest in landcover maps.

Following the methodology that was presented in this study, recent forest maps with
high accuracy can be created at a national scale and be used as a baseline for forest cover
change monitoring.

The three-fold combination of machine learning, the adequate processing of S1 and
S2 data for dry forest monitoring and a custom-made reference dataset is a replicable
methodology that can be potentially applied to other Eastern African countries in the
context of national monitoring services.
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