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ABSTRACT
TROPICAL FOREST CANOPY HEIGHT AND ABOVEGROUND BIOMASS
ESTIMATION USING AIRBORNE LIDAR AND LANDSAT-8 DATA, A
SENSITIVITY STUDY WITH RESPECT TO LANDSAT-8 DATA TEMPORAL
AVAILABILITY, IN MAI NDOMBE PROVINCE, DEMOCRATIC REPUBLIC OF
CONGO
HERVE B. KASHONGWE
2019
Tropical forests’ structure information, such as forest canopy height, is a key
component in any estimate of carbon stock. Tropical rainforests constitute the most
forested ecosystems that harbor the largest biodiversity on Earth and store more carbon
(above and belowground biomass) than any other ecosystem in the world. However,
estimates of forest canopy structure is lacking over most of the regions that host this
ecosystem because of both the structure’s complexity of this ecosystems and the
incomplete or lack of up-to-date national forest inventory data necessary to derive forest
canopy height and aboveground biomass. This study explores the capability of Landsat-8
imagery to predict dominant forest canopy height and aboveground biomass in Mai
Ndombe province, Democratic Republic of Congo – a country that host half of the Congo
Basin forests – within the context of the temporal availability of Landsat-8 imagery. A
random forest regression model was used to predict dominant forest canopy height at 30
m spatial resolution from (a) only the July 14th 2013 (dry season) Landsat-8 image, (b)
only the December 8th 2014 (wet season) Landsat-8 image, and (c) both images. The

x
accuracy of the random forest regression model was performed on test data (n=2639)
resulting in a, for the best prediction when using both dates together, RMSE = 3.84 m, R2
= 0.47. The model was then applied to the study area to derive forest canopy height using
predictor variables from (a) only the dry season, (b) only the wet season, and (c) both
images. The allometry equation defined by Xu et al. (2017) was used to generate
aboveground biomass maps from (a) only the July 14th 2013 (dry season) Landsat-8
image, (b) only the December 8th 2014 (wet season) Landsat-8 image, and (c) both
images using the study area forest canopy height maps. Field plots of aboveground
biomass measurements were compared to predicted aboveground biomass maps for
validation purpose. Validation process revealed a better prediction of aboveground
biomass (RMSE= 83.77 Mg.ha-1) when the forest canopy height maps derived with both
images was used to estimate aboveground biomass.
Keywords: LiDAR, Landsat-8, forest canopy height, aboveground biomass
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1.0.

INTRODUCTION

Tropical forests play a key role in the terrestrial carbon cycle because of their ability
to sequester and store more carbon than any other terrestrial ecosystems in the world (Ota
et al. 2014; Houghton 2005). However, the structure of tropical forests from the top of the

canopy to the ground is one of the most complex in the world (S. Saatchi, Marlier, et al. 2011),
making the mapping of this ecosystem difficult. In fact, estimates of forest canopy
structure, an important component to model variables that control tropical forest dynamics
and aboveground biomass variations, is lacking over most of the regions that host this
ecosystem because of the complexity of the forest’s structure (António Ferraz et al. 2016).
Information on tropical forests’ structure, such as forest canopy height and aboveground
biomass, are critical to ensure sustainable management of this ecosystem because it
provides one of the tools necessary to monitor tropical forests (Carreiras, Melo, and
Vasconcelos 2013), and mitigate greenhouse gas emissions associated with deforestation and

forest degradation (Zolkos, Goetz, and Dubayah 2013).
Tropical rainforests are humid parts of tropical forests that are home for the largest
population of the world’s biological diversity including plants and animals (Asner 2009).
Mapping forest canopy height, however, in tropical rainforest environments is a very
onerous task since the spatial composition of those forests is among the most complex in
the world (S. Saatchi, Marlier, et al. 2011), and the national inventories data are, for most
of the countries that host this ecosystem, incomplete or nonexistent (Duveiller et al. 2008).
Remote sensing techniques, with their inherent ability to study an area remotely,
represent the best options for mapping forest canopy height over tropical rainforest regions.
Cloud cover, however, is problematic because it blocks optical sensors from correctly
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detecting information on the ground (Asner 2001). This limitation needs to be taken into
consideration when performing forest canopy height mapping over tropical rainforests
regions since those regions are considerably affected by this phenomenon, especially when
using passive optical sensors imagery (Lindquist et al. 2008). Besides cloud cover issues,
passive optical sensors, due to their dependence on reflected or absorbed electromagnetic
energy to get information, are less sensitive and, thus, less suitable for detecting vegetation
structure’s information such as tree height, tree cover, and basal area (Zolkos, Goetz, and
Dubayah 2013).
As opposed to passive optical sensors, active sensors emit electromagnetic energy
that can penetrate forest canopy, and therefore capture vegetation structure’s attributes (tree
height, tree cover, basal area). Airborne light detection and ranging (LiDAR) sensor, also
referred to as small footprint LiDAR, data are currently one of the most active sensor data
that are used to derive forest canopy height and estimates of aboveground biomass in
tropical forest environments (Clark, Clark, and Roberts 2004; J. Mascaro, Asner, et al. 2011;
S.S. Saatchi, Harris, et al. 2011; C. Silva et al. 2017; C.A. Silva et al. 2018).

The coverage of airborne LiDAR data in the horizontal plane, however, are until
now limited in term of extent, making the wall-to-wall mapping hard (Lefsky et al. 2002).
Xu and his colleagues (2017), to circumvent the extent limitation of airborne LiDAR data,
used a pixel based approach to derive multi-temporal metrics from Landsat-8 imagery to
predict forest canopy height for the whole Democratic Republic of Congo. Although this
approach of using Landsat’s pixel based multi-temporal metrics provides reliable results in
mapping land cover in general (Potapov et al. 2012; M. C. Hansen et al. 2013; Matthew C.
Hansen, Krylov, et al. 2016; Wang et al. 2019) and forest canopy height in particular (Xu
et al. 2016; Matthew C. Hansen, Potapov, et al. 2016; Meyer et al. 2019), they are more
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appropriate for regional and global scale mapping (Matthew C. Hansen, Potapov, et al.
2016). Persistent cloud cover over tropical rainforests make it difficult, and sometimes
impossible, to apply such methods at local scale due to the reduced number of viable image
acquisitions to derive multi-temporal metrics.
The forest canopy height variable has been widely used to predict aboveground
biomass in tropical forest regions (S.S. Saatchi, Harris, et al. 2011; Asner et al. 2012; Xu
et al. 2017a), but the estimation of aboveground biomass in the Congo Basin forest is
particularly challenging because allometry equations designed for that specific region are
scarce (Xu et al. 2017b). This situation relates to the lack of available destructive sampling
data (of trees) that are necessary for developing regression models requires to derive
aboveground biomass (Xu et al. 2017a). Numerous studies (Chave et al. 2005; Baccini et
al. 2008; Mitchard et al. 2009; Baccini et al. 2012; Chave et al. 2014) have focused their
interests in estimating aboveground biomass over tropical forests using ground-based
inventory data with reliable results. Even though the estimates of aboveground biomass
from ground-based inventory are precise and accurate, they are, unfortunately, only
available at plot level (local level), and they are much less useful over large areas (Baccini
et al. 2008).

Remote sensing data, with its ability to combine many spatial data sets to tackle
environmental issue, are the best-known method for scaling-up estimates of ground-based
aboveground biomass (Lu 2007). However, until now there is no universally accepted
method for large-scale aboveground biomass estimates (Chave et al. 2004). Moreover, the
Congo basin forest – the second largest block of rainforest in the world after the Amazon
– lack of aboveground biomass research and inventory data constitute one of the reasons
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the Congo Basin forest is the least known compared to the world’s other tropical humid
forests (Baccini et al. 2008).
This study investigates the capability of Landsat imagery to predict LiDAR
dominant forest canopy heights in a tropical rainforest environment within the context of
the temporal availability of Landsat-8 imagery. A random forest predictive model was
developed to generate dominant forest canopy height using predictor variables from (a)
only the July 14th 2013 (dry season) Landsat-8 image, (b) only the December 8th 2014
(wet season) Landsat-8 image, and (c) both images. The allometry equation defined by
Xu et al. (2017) was used to estimate aboveground biomass using the predicted dominant
forest canopy height maps derived from predictor variables generated using (a) only the
dry season, (b) only the wet season, and (c) both images. Field plots of aboveground
biomass estimates were used to validate the predicted aboveground biomass. This study
is among the first in Central Africa to develop such an approach that combines
multispectral remote sensing imagery (Landsat-8) and airborne LiDAR data to map forest
canopy height and estimate aboveground biomass at local scale.
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2.0.

THESIS OBJECTIVES

The overall goal of this study is to assess the ability of Landsat-8 OLI to predict
forest canopy height and aboveground biomass in humid tropical forest environments,
within the context of the temporal availability of Landsat-8 imagery. This study will help
to determine factors that control tropical rainforest’s structure, such as forest canopy
height, in order to provide an accurate estimate of aboveground biomass necessary to
ensure the sustainable management of global climate change. More precisely, this study
addresses the following research question and objectives:
How significant is Landsat-8 imagery to predict LiDAR forest canopy height and
quantify aboveground biomass over the dense forest of the Congo Basin?
To accomplish this goal and answer to the research question, this study addresses
three main objectives. The first objective is to determine whether the airborne LiDAR
data are useful for mapping forest canopy height over the dense Congo Basin forests.
The second objective is to assess the capability of Landsat imagery to predict forest
canopy height when used alone (single date) or combined (multiple dates). The third
objective is to evaluate how accurate are estimates of the aboveground biomass derived
from the forest canopy height that has been mapped using predictor variables generated
using (1) a single Landsat-8 image, (2) multiple Landsat-8 images .
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3.0.

LITTERATURE REVIEW

3.1.

Human impacts on vegetation

Humans significantly influence the environment, and forests are one of the
Earth’s ecosystems most affected by this change (Ellis 2011). The majority of the
world’s biomass is consumed by human activities (Haberl et al. 2007). The stock of
global terrestrial plants has decreased by as much as 45% over the last two decades as a
consequence of intensive logging, deforestation, and conversion of lands (grassland and
wetlands). The twentieth century alone, witnessed one-third of this decrease (Smil 2011).
Deforestation is one of the most important forms of human impact on vegetation. In fact,
forest clearing is among the most longstanding and significant method that humans have
used to modify the natural environment through history (Goudie 2013).
3.2.

Land cover change

Land cover contributes to the energy balance, carbon budget, and hydrological
cycle. Several physical characteristics such as albedo, photosynthetic capacity, and
transpiration vary because of land cover change as well. Land cover changes influence
several Earth’s physical characteristics and it occurs either naturally or artificially,
depending on the factors underlying the phenomenon. The last few decades experienced
a considerable increase in human activities that significantly altered the land cover of
Earth’s surface. Land cover and land cover change information are important for
understanding climate change and managing Earth’s environment (Zhu and Woodcock
2014).
Human-induced land cover change alters the main properties of the Earth’s
surface, and consequently the atmosphere, such as their biophysical, biogeochemical, and
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biogeographical characteristics (Pielke et al. 2011). These phenomena occur on local,
regional, and global spatial scales (Townshend 1991). The important implications of land
cover change to human well-being reinforces the need to understand its distributions and
dynamics across the Earth (Matthew C. Hansen and Loveland 2012). The state of Earth’s
global climate change requires that we have timely, accurate, and up-to-date land cover
change information to ensure efficient environmental monitoring (Basnet and Vodacek
2015). In addition, land cover change is considered to be a major cause of the globally
increasing loss of biodiversity. The specific impact of this phenomenon on communities
of species is very important when examined at a local scale (Sánchez-Reyes et al. 2017).
3.3.

The Tropical forests

Tropical forests are considered among the most important ecosystems on Earth,
because they are indispensable in managing biodiversity conservation and ecological
dynamics at a global scale (Sothe et al. 2017). Tropical forests have the greatest
biodiversity of any ecosystem on Earth (Vaglio Laurin et al. 2016). Tropical forests are
also important because of their ability to sequester and store a large amount of carbon.
The carbon store of tropical forests is about 229-247 Pg. C (Ota et al. 2014). The
Amazon Basin, the Congo Basin, and the Southern East Asia Basin hold 30 percent of the
world’s forests (FAO 2011).
Tropical rainforests represent approximately 19.6 million square kilometers of the
Earth’s surface. They shelter some of the most valuable species of plants and animals in
the world (Pimm and Sugden 1994). The last few decades have been critical for this
biome because of the profound impact of human enterprise on its resources. Humans log,
hunt, cut, and burn several acres of this biome every year (Vitousek et al. 1997). The
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rapid change observed in tropical rainforests is the result of human-induced deforestation
and degradation that contributes to other global change processes such as climate change,
carbon dioxide increase, and so forth (Asner et al. 2009)
3.4.

The Congo Basin forests

The tropical rainforests of Central Africa, also known as the Congo Basin forests,
represent the second largest continuous humid tropical forest in the world after the
Amazon, while the Democratic Republic of the Congo hosts half of those tropical
rainforests (Potapov et al. 2012). Latitude, proximity to the ocean, elevation, and soil are
the principal drivers responsible for regulating the main ecological gradients that
determine the distribution of biological diversity within this ecosystem (Vande weghe
2004). The Congo Basin forests harbor approximately 400 species of mammals, 1000
species of birds, 200 species of amphibians, 300 species of reptiles, and more than 900
species of butterflies (Duveiller et al. 2008).
The Congo Basin forests cross over six countries in the Central African region
(i.e., Republic of Congo, Central African Republic, Equatorial Guinea, Gabon,
Cameroon, and Democratic Republic of Congo). The Congo Basin forests are
approximately 2 million square kilometers corresponding to eighteen percent of the entire
Earth’s tropical forest (Somorin et al. 2012). This biome furnishes food, medicinal
products, fiber, and non-fiber products to about 60 million people living either within
these areas or near them (De Wasseig et al. 2014).
In contrast to the Amazon tropical rainforests that have benefited from much
research and attention in recent decades, the Congo Basin forests have been relatively
neglected (Malhi et al. 2013). Several reasons include political instability, logistical
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issues, and infrastructure challenges – because of non-existing transportation networks –
making the establishment of long-term research projects over this area difficult.
Furthermore, the lack of national reporting capacity related to the disorganization of most
of the region’s countries creates uncertainty regarding the rate and patterns of
deforestation over the region (Malhi et al. 2013).
3.5.

Forest structure

Forest structure refers to the size, age, and species distributions of forest including
living and dead vegetation (Poage and Tappeiner 2005). Structure means both vertical,
such as tree height and number of tree layers, and horizontal, such as the spatial pattern of
trees (Pascual et al. 2008). Therefore, in this study forest structure is defined as forest
canopy height within a specific area.
Spatial distribution information regarding tree canopy height and forest cover type
is a key component to successfully manage a forested area (Ghosh et al. 2014). However,
resemblance of spectral signatures from different tree species considerably increases the
challenge of accurately mapping forest canopy heights using optical sensors such as
Landsat and MODIS (Leckie et al. 2005).
Forest canopy heights estimation with a Landsat sensor has been the objective of
many studies (Powell et al. 2010; Matthew C. Hansen, Krylov, et al. 2016). Landsat
provides two advantages: a high spatial resolution able to capture land cover and land use
change, and a large range of data that has a record back to 1972, which is important for
time series analysis (Lu 2007). However, the signal of Landsat and other optical sensors
gets saturated in dense forest environments such as tropical rainforests, which make it
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practically impossible for scientists to discriminate the vertical structure of forest
(Pflugmacher, Cohen, and E. Kennedy 2012).
Remote sensing techniques appear as an important tool in mapping forest
structure with their ability to quantify forest structure in both vertical and horizontal
dimensions using airborne LiDAR data (Antonio Ferraz et al. 2015). Currently, remote
sensing techniques focus on developing allometry models using height metrics and field
measurements to map a forest’s aboveground biomass (Asner et al. 2013; Meyer et al.
2013). However, approaches that can help minimize ground measurement of forest when
mapping forest structure are needed because of the cost of field measurement in tropical
environments related to the absence of developed transportation networks (Zolkos, Goetz,
and Dubayah 2013; António Ferraz et al. 2016).
3.6.

LiDAR application for forest structure estimates

Light detection and ranging (LiDAR) data are a product of an active remote
sensing sensor that was created in the early 1980s (Réjou-Méchain et al. 2015) and uses
emitted laser pulses to derive elevation or height information that is based on the speed of
the laser to hit an object and return to the sensor (Lefsky et al. 2002; Asner et al. 2012).
LiDAR technologies are currently one of the most utilized to derive forest structure
because of their ability to penetrate the canopy, and, therefore, to acquire information
about the vertical structure of objects. This latter capability particularity makes LiDAR
unique and useful for forestry applications.
The platform type (i.e., airborne, spaceborne) used to collect LiDAR information
determines the resolution of the LiDAR and the characteristics of LiDAR systems itself
(C.A. Silva et al. 2016; C. Silva et al. 2017). There are two main types of LiDAR
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systems currently utilized for forest application: (1) spaceborne LiDAR systems are also
called large footprint LiDAR systems due to the large spatial resolution of the LiDAR
data derived from those type of LiDAR systems usually ranging from 10 m to 25 m; and
(2) the airborne LiDAR systems are also known as small footprint LiDAR systems
because of the finer spatial resolution of their products, which is usually less than 1m.
The small footprint LiDAR system has been the most commonly used over the
past five years especially because of the high resolution it provides, which makes the
capture of dense forested ecosystems easier (C. Silva et al. 2017). This technology has
been widely used to derive forest canopy height in tropical forest regions (Asner et al.
2012; Réjou-Méchain et al. 2015; Xu et al. 2016; Xu et al. 2017a; C.A. Silva et al. 2018)
with reliable results. However, only a limited number of studies have been done in the
DRC despite the fact that it host half the entire Congo Basin forest – the second largest
block of humid tropical forest in the world after Amazon Basin (Zhuravleva et al. 2013).
3.7.

Mapping Forest Canopy Height

Mapping forest canopy height in tropical rainforest environments is a very
difficult task: the spatial composition of tropical forests is complex and the national
inventories data are, for most of the countries that host this ecosystem, incomplete or
nonexistent (Duveiller et al. 2008). Remote sensing techniques with their capacity to
remotely study an area represent the best option for mapping forest canopy heights.
Cloud cover, however, is problematic because it blocks sensors from correctly detecting
information on the ground (Asner et al. 2001). This limitation needs to be taken into
consideration when performing forest canopy heights mapping over tropical forest
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regions since those regions are considerably affected by this phenomenon (Lindquist et
al. 2008).
Consequently, much of the research conducted in tropical rainforest over the past
decade to map forest canopy height has focused on the challenge of deriving correct
LiDAR metrics and developing adequate remote sensing techniques capable of
circumventing those issues found in mapping tropical rainforest, which are mainly related
to the complex composition of tropical rainforests, lack of forest inventories, and
persistent cloud cover. These studies provide valuable insight into the application of
LiDAR data to derive forest canopy height in Congo Basin forest environment.
Xu et al. (2016) used airborne LiDAR and multiple optical sensor imagery to map
forest canopy height in Gabon, Central Africa. They found that LiDAR dominant height
metrics were the most appropriate for mapping forest canopy height in tropical rainforest
environment, and recommended the use of small footprint LiDAR product to conduct
such studies because of their high spatial resolution and high density of data, both of
which are necessary for mapping forest canopy height.
Hansen et al. (2016) used large footprint LiDAR and Landsat -7 and -8 for
mapping forest height distributions in Sub-Saharan Africa. They suggested the use of
small footprint LiDAR data to reduce the range of error observed with the large footprint
LiDAR data.
Silva et al. (2018) compared small footprint and large footprint LiDAR systems in
mapping forest canopy height in tropical rainforest environments. They found that forest
canopy height derived with large footprint LiDAR data presented large uncertainty
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compared to the one derived with small footprint LiDAR data (i.e., airborne LiDAR
data).
3.8.

Aboveground biomass estimates

Estimating Congo Basin forests’ aboveground biomass (AGB) is a challenging
task because specific allometry equations designed for that region are scarce (Xu et al.
2017a). This situation is due to the lack of available destructive sampling data (of trees)
necessary for developing regression models required to derive AGB estimates (Xu et al.
2017b). Several studies (Chave et al. 2005; Baccini et al. 2008; Baccini et al. 2012;
Chave et al. 2014), however, with reliable results, focused on AGB estimates over
tropical forest using ground-based inventory data (Mitchard et al. 2009). The biomass
estimates from ground-based inventories have proven to be precise and accurate but are
unfortunately only available at plot level (local level), and are much less useful over large
scale (Baccini et al. 2008).
Remote sensing data, with its ability to combine many spatial data set to tackle
environmental issue, are the best-known method for scaling-up ground-based
aboveground biomass (Lu 2007). However, until now there is no universally accepted
method for large-scale ABG estimates. Moreover, the Congo Basin forest – second
largest block of rainforest in the world after the Amazon – lack of aboveground biomass
research and inventory data constitute one of the reasons the Congo Basin forest is the
least known compare to other world’s tropical humid forests (Baccini et al. 2008).
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3.9.

Literature review conclusion

The literature review reveals that estimates of forest structure attributes such as
forest canopy height has been the focus of several studies in tropical regions(Asner et al.
2012; Carreiras, Melo, and Vasconcelos 2013; Asner and Mascaro 2014; Réjou-Méchain
et al. 2015; Matthew C. Hansen, Potapov, et al. 2016; C.A. Silva et al. 2018; Asner et al.
2018). The airborne LIDAR data have been used for almost all of these studies because
of its ability to penetrate canopy and get information about forest structure (i.e., tree
height, tree crown, and basal area). The limited extent from airborne LiDAR has been
pointed out through the literature along with as the consequent difficulty of deriving wallto-wall mapping with only LiDAR data (Lefsky et al. 2002).
The extensive extent from satellite data such as Landsat have widely been used to
compensate the extent limitation encountered with airborne LiDAR data with reliable
results. The study area, however, because of cloud cover, political instability, and nonexistence of inventory data did not receive much attention over the past decade, therefore
information of forest structure and aboveground biomass is lacking over the study area
despite the fact that the DRC is host to 23% of the entire African forest, and half of the
Congo Basin forests.
In this study, the capability of Landsat imagery to predict LiDAR dominant
canopy height in the Congo Basin forest was investigated. A predictive random forest
model was implemented using Landsat-8 OLI metrics predictor variables that were
extracted from (1) a single date (dry season or wet season), and (2) combined (dry and
wet season together). Aboveground biomass maps were derived for (a) only the dry
season Landsat-8 image, (b) only the wet season Landsat-8 image, and (c) both images
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together, while field plot aboveground biomass was used to measure the accuracy of the
mapped 30 m AGB maps.
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4.0.

MATERIALS AND METHODS
4.1.

Materials

4.1.1. Study area
The study area covers 137 km × 80 km of Mai Ndombe province in the
Democratic Republic of Congo (DRC) (Figure 1). It falls in the tropical monsoon climate
zone and because it lies close to the Equator and it has two wet and two dry seasons
(Samba, Nganga, and Mpounza 2007). The Inongo weather station, operated by the
Congolese national society of meteorology, is situated near the center of the study area.
The principal dry season extends from June to August, with a secondary dry season from
January to February. The main wet season is from September to December. The annual
mean temperature is 24 °C (Einzmann, Haarpaintner, and Larsen 2012) and the annual
total rainfall is 1800 mm that falls typically over 115 days (Bwangoy et al. 2010).
The majority of the study area is covered by dense tropical evergreen rainforest
with low lying areas that can be flooded during the wet seasons and includes the northern
end of Lake Mai Ndombe (Philippe Mayaux, Gianfranco De Grandi, and Malingreau
2000; Lindquist et al. 2008). People subsist on the terra firma non-forest rural complex,
primarily growing cassava, rainy season corn, sorghum, upland rice, and peanuts and
practicing slash and burn agriculture (Bwangoy et al. 2012; Molinario, Hansen, and
Potapov 2015). The main forest characteristics are high tree crown cover (70-100%) with
mature tree heights of 35 - 45 m and predominantly evergreen heterogeneous shade
tolerant species (Philippe Mayaux, Gianfranco De Grandi, and Malingreau 2000;
Bwangoy et al. 2010). The forest in the study area is relatively undisturbed but at risk of
deforestation and degradation due to limited governance and unregulated resource
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exploitation including timber harvesting, charcoal production, and mining (Zhuravleva et
al. 2013; Shapiro et al. 2016).
The study area was selected because it contains airborne LiDAR data and
aboveground biomass field plot data. In addition, it is located within a single Landsat
Path (180) and Row (061) (Figure 1c), which reduces Landsat data processing
complexity as overlapping orbits do not need to be considered (Egorov et al. 2018;
Dwyer et al. 2018).

Figure 1 : Study area showing (a) the locations of the four airborne LiDAR transects (black boxes)
superimposed on wet season December 2014 Landat-8 false color (~1610 nm, ~865nm, ~655nm),
surface reflectance (b), the study area location in Mai Ndombe province within the Democratic
Republic of Congo, (c) Landsat-8 (WRS) 185 × 180 km image path/row coordinate map
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4.1.2. Airborne LiDAR transect data
Airborne discrete-return LiDAR transects were flown across the DRC from June
2014 to February 2015 in support of a World Wildlife Fund (WWF) carbon mapping and
modelling project (Xu et al. 2017a). An Orion M300 LiDAR was flown at 700 m
aboveground level with a 150 kHZ pulse frequency and a laser beam divergence of 0.25
mRad to provide an average density of 4 returns per square meter with a nominal
footprint size of 0.17 m (Xu et al. 2017a). The airborne LiDAR data were flown to have
positional spatial errors no greater than 0.05 m horizontally and 0.10 m vertically (Xu et
al. 2017b). The data are available categorized as ground or non-ground returns (Xu et al.
2017b). Four airborne transects were flown over the study area, three were flown on July
1st 2014 (the NW, SW, and SE transects illustrated in Figure 1a) and one on August 12th
2014 (the NE transect). Each transect is approximately 2 Km wide and 10 Km long, i.e.,
each covers approximately 20 Km2 (2000 hectares).
LiDAR system configurations
Acquisition date range

June 2014 to February 2015

Sensor type

ORION M300

Wavelength

1064

Scan frequency (Hz)

90

Scan rate (KHZ)

50-300

Beam divergence (mrad)

0.25

Nominal flying height (m)

700

Beam size on ground (cm)

17.5

Returns density (first returns)

4

Table 1: Airborne LiDAR data specifications (Xu et al. 2017b)
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4.1.3. Landsat-8 OLI data
The Landsat-8 Operational Land Imager (OLI) provides 30 m optical wavelength
images with improved radiometry and geolocation compared to previous Landsat sensors
(Roy et al. 2014). The most recent Collection 1 Landsat images that are defined with perpixel cloud and quality information (Dwyer et al. 2018) were used.
Three years of Landsat-8 OLI images over path 180 row 61 acquired from July
2013 to July 2015, i.e., from one year before to one year after the airborne LiDAR data
acquisitions, were considered. Only those OLI images that had <20% cloud cover (defined
by the Collection 1 “land cloud cover” metadata) and were cloud-free over the LiDAR
transects were selected. In total, out of 46 available OLI images over the three year period
only two, sensed July 14th 2013 (dry season) and December 8th 2014 (wet season) met
these selection criteria. This is not surprising given the prevalence of cloud at the time of
Landsat overpass over this region (Lindquist et al. 2008).
The Landsat-8 OLI has nine 30 m reflective wavelength (435 nm to 2200 nm)
bands. In this study OLI bands 3 (Green, ~560nm), 4 (Red, ~655nm), 5 (Near Infrared,
~865nm), 6 (Shortwave Infrared, ~1610nm), and band 7 (Shortwave Infrared, ~2200nm)
were used. The shorter wavelength blue bands were not used because of their sensitivity to
atmospheric scattering (Ju et al. 2012; Vermote et al. 2016). The surface reflectance rather
than top of atmosphere reflectance was used to minimize the effects of atmospheric
contamination that can be particularly significant over the tropics due to high water vapor
content and biogenic and pyrogenic aerosols. The surface reflectance imagery, were
obtained

from

the

United

State

Geographical

Survey

(USGS)

website

(https://earthexplorer.usgs.gov) and are derived using the Land Surface Reflectance Code
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(LaSRC) (Vermote et al. 2016). The two OLI images were not corrected for bi-directional
effects, that been observed to cause red and NIR reflectance variations up to 0.02 and 0.06
(reflectance units) respectively across the OLI swath (Roy et al. 2016), because they were
both sensed from the same orbit .
Landsat-8
Band name

Spectral
resolution
(nm)
430 - 450

Spatial
Description of use
resolution (m)
30

Coastal area observations

450 - 510

30

Bathymetric mapping

Green

530 - 590

30

Peak vegetation

Red

640 - 670

30

Vegetation type identification

1570 - 1650

30

2110 - 2290

30

Vegetation detection and
analysis
Vegetation moisture content

2110 - 2290

30

Plant moisture analysis

500 – 670

15

1360 – 1.380

30

Sharpening multispectral
imagery to higher resolution
Cirrus cloud detection

1060 – 1251

30

Ground temperature mapping

Coastal
aerosol
Blue

Near infrared
(NIR)
Shortwave
infrared 1
Shortwave
infrared 2
Panchromatic
Cirrus
Thermal 1
and 2

Table 2: Landsat-8 Spectral band description

21
4.1.4. Aboveground biomass field plot validation data
Aboveground biomass (AGB) field plot data were collected across Mai Ndombe
province in support of a World Bank project named the Mai Ndombe Emission
Reductions Program (World-Bank 2016). The data were collected November 2015 where
the airborne LiDAR data had been flown the previous year. Field plot data were collected
in two of the LiDAR transects for the study area (the NE and SW transects illustrated in
Figure 1a). In each transect, two one hectare field plots situated <10 km apart were
surveyed on the ground. The plots were divided into 16 25 m × 25 m (0.625 ha) parcels.
In each parcel, the diameter at breast height (1.3 m) for all trees with diameter >10 cm
were measured. The species of each tree was identified by ecologists and the tree wood
density assigned using the Global Wood Density Database for tropical trees (Chave et al.
2005). The tree AGB in each parcel was derived using a standard allometry model
(Chave et al. 2014):
AGB =

10−3
𝑎

∑𝑛𝑖=1 𝑒𝑥𝑝(−1.803 − 0.976𝑒 + 0.976 𝑙𝑛(𝜌𝑖 ) + 2.673 𝑙𝑛(𝑑𝑖 ) − 0.0299(𝑙𝑛(𝑑𝑖 ))2
(1)

where AGB is the estimated tree aboveground biomass in the parcel (Mg ha-1), a
is the parcel area (ha), d is the diameter at breast height of each tree in the parcel (cm), 𝜌
is the wood density of each tree in the parcel (g cm-3), n is the number of trees in the
parcel, and e is an environmental stress parameter that depends on the seasonality of
temperature, precipitation, and the climatic water deficit (Chave et al. 2014). No
measurements of the non-forest vegetation (i.e., grasses and shrubs) were made. The
AGB of grass and shrub in tropical forests is not well documented but is important given
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their large coverage in Central Africa (Bouvet et al. 2018) and typically, when tropical
forests are disturbed (e.g., due to deforestation, degradation or fire) the understory
regrows rapidly (Souza, Roberts, and Monteiro 2005) . However, in this study only the
tree AGB is considered. There were 16 AGB estimates illustrated in Figure 3 derived as
(1) for each one-hectare field plot (Figure 2), except for one field plot where there were
15 AGB estimates as no data were collected in one of its parcels. This provided a total of
63 AGB 25 m × 25 m parcel estimates.

Figure 2 : Location of the aboveground biomass field-plots measurements
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Figure 3 : Aboveground biomass field-plots organization

4.2.

Methods

4.2.1. LiDAR transect data processing and dominant Canopy Height quantification
The data were processed using FUSION, a public software designed by the U.S.
Forest Service to analyze LiDAR data (McGaughey 2016). The Landsat 30 m pixel grid
was used to define a coordinate system. First, the number of LiDAR ground returns in
different sized grid cells (1 m, 2 m, 2.5 m, and 3 m side dimensions) aligned with the
Landsat coordinate system were examined to determine an appropriate grid cell
dimension for the subsequent processing. In the DRC national carbon mapping study
undertaken by Xu et al. (2017a) a 2 m grid cell dimension was used. However, for the
four study area transects, we found that a 2.5 m grid cell dimension was more
appropriate. This was because with 1 m and 2 m grid cells <50% of the grid cells
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contained ground returns. As an example, Figure 2 illustrates the number of ground
returns for the four different grid cell dimensions considered. The percentage of grid cells
with no ground return data were 85%, 60.4%, 49.3%, and 39.7% for 1 m, 2 m, 2.5 m, and
3 m, grid cell dimensions respectively. In Figure 4 the greatest ground return density is
in the north east and occurs over bare soil surfaces where there are no trees.

Figure 4: Illustration of the sensitivity of the airborne LiDAR ground returns density to grid
cell size, showing the number of ground returns in (a) 1 m × 1 m grid cells (85% contain no
ground return data), (b) 2 m × 2 m grid cells (60.4% contain no data), (c) 2.5 m × 2.5 m grid
cell (49.3% contain no data), and (d) 3 m × 3 m grid cells (39.7% contain no data). Example
results for a 1 Km2 portion of the NE study area LiDAR transect (Figure 1a).
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The discrete-return airborne LiDAR data categorized as ground returns were used
to generate a 2.5 m ground height digital terrain model (DTM) by averaging the heights
of the ground returns falling in each 2.5 m grid cell. Some DTM grid cells had no data
(e.g., white in Figure 4) and the DTM gaps were interpolated from neighboring DTM
grid cell values by natural neighbor interpolation that has been recommended for LiDAR
processing (Bater and Coops 2009) and has elegant interpolation properties, i.e., no
tuning parameters are used, the interpolated values are guaranteed to be within the range
of the samples used and to pass through the input samples, and are smooth everywhere
except at the locations of the input samples (Ju et al. 2012).
A canopy height value was estimated for each 2.5 m grid cell by extracting the
DTM height from the maximum first return height in each 2.5 m grid cell and only
considering first returns with heights >1 m. This is a common approach in tropical forests
if the LiDAR first returns are not noisy (Asner and Mascaro 2014; Leitold et al. 2015;
Réjou-Méchain et al. 2015; Xu et al. 2016).
The dominant canopy heights in 30 m grid cells aligned with the Landsat 30 m
pixel grid were derived by taking the mean of the 2.5 m canopy height values falling in
each 30 m grid cell. The mean rather than another metric, such as the maximum or the
median, was used as it provides a reliable representation of forest structure and has been
widely used in other LiDAR based tropical forest studies (Joseph Mascaro, Detto, et al.
2011; Asner et al. 2011; Xu et al. 2016). The dominant canopy height was derived only
for 30 m grid cells that were at least 75% covered by LiDAR data (i.e., containing ≥108
2.5 m canopy height values). This resulted in a proportion of the 30 m grid cells along the
LiDAR transect edges being discarded from the analysis.
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The above processing was repeated independently for the LiDAR data falling
over the four one hectare AGB field plots and using the field plot corner locations to
define a coordinate system. A 2.5 m DTM was generated, the DTM gaps were filled by
natural neighbor interpolation, and a canopy height value was estimated for each 2.5 m
grid cell as before. The dominant canopy heights in the 25 m × 25 m grid cells falling
over each 25 m × 25 m field plot parcel was then derived.
4.2.2. Non-forest mask classification
A static 30 m mask was generated to mask off the non-forest parts of the
study area. About a quarter of the study area is composed of water and is surrounded by
non-forest areas including seasonally inundated soil and swamp forest (Figure 1). The
Landsat images were aquired in the dry and wet seasons and so the lake level and the soil
and cloud conditions were different. Approximately 19% of the July 14th 2013 Landsat
image (dry season) and 1% of the December 8th 2014 (wet season) image was cloud
and/or shadow contaminated over the study area. We found that the Landsat Collection 1
30 m cloud and shadow mask was not always reliable, which has been observed by others
(Qiu et al. 2018; Egorov et al. 2019).
The 30 m mask was generated defining water, permanent wet soil (wet in both
Landsat images), dry soil, cloud, shadow, and forest classes. It was generated by
supervised random forest classification, a state of the practice land cover classification
approach (Wulder et al. 2018), by classifying both Landsat 8 OLI images. Training data
were derived by expert visual interpretation of both Landsat images and using training
samples selected from across the image. Care was taken to ensure that the proportion of
the training data among the different classes reflected the visually estimated study area
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class proportions to provide approximately similar class training portions as found by
random sampling (Zhang and Roy 2017). The training data were selected so that the
classification tended to classify mixed pixels over forest edges and small forest clearing
as a non-forest class.
A total of 7280 30 m training pixels were collected composed of forest (67% of
the pixels), then water (25%), permanent wet soil (3%), dry soil (3%), cloud (1%), and
shadow (1%). The classification predictor variables were defined by the Landsat-8
surface reflectance for bands 3, 4, 5, 6, and 7. In addition, normalized difference indices,
defined like the normalized difference vegetation index (NDVI), for every possible two
band combination of these bands were derived. This provided a total of 11 predictor
variables. These bands and ratios have been used before for Landsat land cover
classification (Matthew C. Hansen et al. 2011; Yan and Roy 2015; Zhang and Roy 2017).
The training data were used to develop a random forest classification tree using
the default parameter settings, i.e., 500 trees were grown with each tree built using 63.2%
of the training data selected randomly with replacement and 3 predictor variables (the
square root of the number of predictor variables) randomly selected (Breiman 2001). The
random forest classifiation was applied to the 11 predictor for every 30 m study area
pixel. No formal assessment of the classification accuracy of the different classes was
undertaken, as the objective was only to develop a mask of the non-forest study area
pixels.
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4.2.3. Forest canopy height estimates and accuracy assessment
The dominant forest canopy height was predicted at each Landsat 30 m pixel
using the established non-parametric supervised random forest regression estimator
(Breiman 2001). Other researchers have used random forest regression and Landsat data
for this purpose (Xu et al. 2016; Xu et al. 2017a; Staben, Lucieer, and Scarth 2018). In
the following, only the 30 m pixels not labelled as water, permanent wet soil, dry soil,
cloud, or shadow by the non-forest mask (Section 4.2.2) were considered.
The response variable was defined by the 30 m dominant canopy height data
(Section 4.2.1) sampled systematically every four pixels (120 m) north and south across
each LiDAR transect. A four pixel sampling interval was used to reduce spatial
autocorrelation effects that can introduce biases into the forest height prediction (Xu et al.
2016). The four pixel sampling interval was selected beacause it is >100 m which is the
distance that canopy heights in Mai Ndombe province were found to be significantly
different from forest edge canopy heights (Shapiro et al. 2016).
A total of 5278 pixels with 30 m dominant canopy height response variables and
11 associated predictor variables were extracted. The predictor variables were the same
as the 11 predictor variables used to classify the non-forest mask (Section 4.2.2). These
kinds of bands have been used previously for Landsat based canopy height estimation.
For example, Xu et al. (2016) estimated forest canopy height in Gabon using the median
over tree year Landsat-7 30 m reflectance for the red, NIR, and the two SWIR bands
degraded by averaging to a 100 m pixels . They extended this work to all of the DRC
using the same approach but from the median over three year of the Landsat-8 red, NIR,
and the two SWIR, Hansen et al. (2016) estimated tree height distribution in Sub-saharan
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Africa using 30 m temporal mertics (the mean, minimum , and maximum ) two year
Landsat 7 and 8 30 m reflectance and Normalized Difference band ratios, Staben et al.
(2018) estimated forest canopy height for the Northern Territory in Australia using a
single Landsat-5 TM 30 m reflectance band red, NIR, the two SWIR and Normalized
Difference Ratios.
In this study, the 5278 response and 11 predictor variables were divided into two
equally sized portions, one portion was used to train the random forest regression and the
other to test it. To ensure that a full range of forest canopy heights were used in both the
training and testing, the following sampling procedure was used. The 5,278 30 m
dominant canopy height values were ranked into ascending canopy height order. Every
second sample in the ranked list was selected as training data (n=2639) and the remainder
were used to define the test data (n=2639). The dominant canopy heights for the training
data ranged from 2.71 m to 43.99 m and for the test data ranged from 2.65 m to 42.71 m.
The random forest regression estimator was trained using the 2639 30 m dominant
canopy height training values and the 11 corresponding predictor values. The default
random forest regression parameter settings were used, i.e., 500 trees were grown with
each tree built using 63.2% of the training data selected at random with replacement and
3 predictor variables (one third the number of predictor variables) randomly selected
(Breiman 2001). The resulting random forest regression tree was applied to the 11
predictor variables at every Landsat-8 pixel location to generate a 30 m dominant forest
canopy height map for the study area.
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The random forest regression prediction accuracy was assessed by application of
the random forest regression tree to the 2639 test predictor variables. The resulting 2639
random forest regression predicted canopy heights were compared with the test 30 m
dominant forest canopy heights and the Root Mean Square Error (RMSE) between them
derived. In addition, scatterplots comparing the predicted and test 30 m dominant canopy
heights were generated and Ordinary Least Squares (OLS) regressions between the data
and the goodness of fit (R2) and regression confidence (p value) statistics were derived.
The above forest canopy height prediction and accuracy assessment was
undertaken three times, using predictor variables extracted from (a) only the July 14th
2013 Landsat-8 image, (b) only the December 8th 2014 Landsat-8 image, and (c) both
images. This resulted in three forest canopy height maps.
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Figure 5 : Workflow for the modeling of forest canopy height and quantifying AGB
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4.2.4. Aboveground Biomass Mapping

The aboveground biomass (AGB) was derived at each 30 m Landsat pixel
location by application of the following allometry equation:
AGB = 1.88 h 1.55

(2)

where AGB is the predicted aboveground biomass (Mg ha-1) and h is the 30 m dominant
forest canopy height predicted by the random forest regression tree (Section 4.2.3). The
allometry equation was defined by Xu et al. (2017a) by statistically fitting 92 pairs of
dominant canopy heights and field AGB estimates. They defined dominant canopy height
using the same airborne LiDAR data as this study but extracted from more (33) LiDAR
transects flown across the main forest types of the DRC.
The dominant canopy heights were defined with respect to 100 × 100 m grid cells
and were derived from the LiDAR data by taking the mean of the 2 m grid cell canopy
height values falling in each 100 m grid cell. The 2 m grid cell canopy heights were
derived by extracting a 2 m grid cell DTM height from the maximum all returns height in
each 2 m grid cell. They used field AGB estimates derived as described in Section 4.1.4
and applying Equation (1) to all the assessed trees in 100 × 100 m field plot.
Three AGB maps were generated by application of Equation (2) to the 30 m
predicted dominant forest canopy height maps (Section 4.2.4) generated using predictor
variables derived from (a) the July 14th 2013 Landsat-8 image, (b) the December 8th
2014 Landsat-8 image, and (c) both images. The AGB was predicted for every study area
30 m pixel located unambiguously in a forested area as defined by the land cover mask.
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4.2.5. Aboveground biomass map accuracy assessment
The 30 m AGB maps were validated by comparing them with the field plot AGB
data defined in 25 × 25 m parcels (Section 4.1.4). The Landsat pixels and field parcels
have different sizes and are not aligned. Consequently, the 25 × 25 m parcel AGB
estimates falling under each 30 × 30 m Landsat pixel location were weighted to derive an
equivalent 30 m field AGB estimate as:
25

30

AGB

where AGB

30

=

∑𝑛
𝑖=1 AGB𝑖

∑𝑛
𝑖=1 𝑓𝑖

𝑓𝑖

(3)

is the 30 × 30 m AGB field estimate derived from the n (typically 4 but

sometimes 2 or 1) parcel AGB estimates (AGB

25

) that fall under the 30 m Landsat pixel

location, and 𝑓𝑖 is the fraction of the 30 × 30 m Landsat pixel area occupied by parcel i. As
some Landsat 30 m pixels fall along the forest plot edges, and so include areas with no
field AGB estimate information, i.e. , ∑𝑛𝑖=1 𝑓𝑖 ≤1 , only 30 m pixel locations with ∑𝑛𝑖=1 𝑓𝑖 ≥
0.5 were considered. Thus, if a 30 m pixel is less than 50% covered by field plot parcels it
is not considered.
The RMSE between AGB

30

and the corresponding mapped 30 m AGB values

(Section 4.2.4) were derived. Scatterplots comparing these data were generated and OLS
regressions between the data and the goodness of fit (R2) and regression confidence (p
value) statistics were derived to quantify the correspondence of the data.
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5.0.
5.1.

RESULTS

Accuracy assessment of canopy height predictions

The accuracy of the predictions from the random forest regression tree of canopy
heights was assessed, as described in Section 4.2.3, by applying the decision tree height
to the predictor variables at 2639 test pixels that were not used to train the decision tree.
This was undertaken three times using the trees derived with predictor variables
generated from (a) only the July 14th 2013 (dry season) Landsat-8 image, (b) only the
December 8th 2014 (wet season) Landsat-8 image, and (c) both images. Figure 6 shows
scatterplots comparing the test and the predicted 30 m dominant canopy height values for
the three trees. The test pixel dominant canopy heights (Figure 6 x-axis) range from
approximately 3 m to 43 m. There are two clouds of data points evident in the
scatterplots, the larger cloud corresponds to tall trees > 20 m present in the mature
tropical evergreen forest parts of the four LiDAR transects, and the other corresponds to
shorter forest canopies about 18 m high that occur predominantly around the Lake Mai
Ndombe, which correspond with the S.E. and S.W. LiDAR transects.
The OLS regressions of the plotted data are shown in red. In all three cases the
regressions are significant (p < 0.05) with regression slopes less than unity and intercepts
> 12 m. Thus, in general for all three cases, the random forest regression tree
underestimates and overestimates the predicted 30 m dominant canopy height for 30 m
pixels dominated by tall and short trees respectively. The predicted 30 m dominant
canopy heights are similar to the test height values only for dominant canopy heights of
approximately 22 m.
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The wet season results (Figure 6b) have the lowest OLS regression R2 (0.28) and
the greatest RMSE (4.43 m). The dry season results (Figure 6a) are slightly improved
with a higher R2 (0.36) and slightly lower RMSE (4.17 m). The prediction accuracy is
best when both Landsat-8 images are used (Figure 6c) in terms of R2 (0.47) and RMSE
(3.84 m). The 3.84 m RMSE value corresponds to about 17% of the mean of the 2639 test
pixel canopy height values (22 m). These results indicate that use of both the dry and wet
season images provides, in general, more accurate dominant canopy height prediction. In
particular, when both Landsat-8 images are used the OLS regression slope is closer to
unity (0.42) and the intercept is closer to zero (12.41) compared to when only one image
is used.
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Figure 6 : Scatterplots comparing the test and the predicted 30 m dominant canopy height values.
Results shown for the regression trees derived using predictor variables from (a) only the July
14th2013 Landsat-8 OLI image, (b) only the December 8th 2014 Landsat-8 OLI image, and (c) both
images. The point densities, calculated using a 100 × 100 quantization of the plot axes, are
displayed with a rainbow color scale.
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5.2.

Forest dominant canopy height maps

Figure 7 shows the predicted 30 m dominant canopy heights for the study area
derived using the predictor variables generated from (a) only the July 14th 2013 (dry
season), (b) only the December 8th 2014 (wet season), and (c) both Landsat-8 OLI images.
White shows the study area 30 m pixels that were classified as either water, permanent wet
soil, dry soil, cloud, or shadow, and that were masked off from the subsequent AGB
analysis. The land cover classification was assessed by visual comparison with the Landsat8 images and also with high resolution images available on Google Earth.
The masked off pixels include Lake Mai Ndombe, evident in the December 8th
2014 Landsat wet season image (Figure 1a), and also capture most of the small rivers
including streams with small axis dimensions greater than about half a 30 m pixel. Clouds
and shadows, located mostly in the North West in the July 14th 2013 image, were also
classified. Some forest edges and small forest clearings were also classified as one of the
non-forest classes (typically as wet soil or water), which is not a problem as these masked
off pixels are discarded from the AGB analysis and also because the shrub and grass AGB
in these pixels is unknown.
The 30 m dominant canopy height maps derived using the predictor variables
collected from the dry season (Figure 7a) and wet season (Figure 7b) images have a
different spatial distribution. In particular, the predicted canopies tend to be higher around
Lake Mai Ndombe and in the vicinity of several of the rivers in the dry season map
compared to the wet season map. The mapped results derived using the predictor variables
collected from both Landsat-8 images (Figure 7c) tend to have intermediate canopy
heights. Despite these geographic differences, the mean 30 m dominant canopy height for
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the study area was similar between the three maps and was 20.6 m (Figure 7a), 20.8 m
(Figure 7b), and 20.4 m (Figure 7c). The minimum 30 m dominant canopy height found in
the three maps was also very similar, within 0.01 m, and was approximately 4.0 m. The
maximum 30 m dominant canopy height was, respectively, 36.30 m, 37.22 m, and 37.23
m for the dry season, wet season, and both images.
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Figure 7 : Predicted 30 m dominant canopy height derived by the random forest regression tree
using Landsat-8 predictor variables collected from (a) only the dry season July 14th 2013 Landsat8 OLI image, (b) only the wet season December 8th 2014 Landsat-8 OLI image, and (c) both
images.
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5.3.

Aboveground Biomass maps

Figure 8 shows the 30 m aboveground biomass (AGB) maps derived from the 30
m dominant forest canopy height maps (Figure 7) using Equation (2). The same broad
patterns as the dominant forest canopy height maps are observed, which is expected given
that the AGB is directly proportional to the dominant canopy height.
The mean study area AGB was 206 Mg ha-1, 211 Mg ha-1 and 204 Mg ha-1 for the
AGB maps generated using the dry season, wet season and both image dominant forest
canopy height maps, respectively. The 30 m pixel with the maximum AGB was 493 Mg
ha-1 (tree height 36.3 m), 511.77 Mg ha-1 (tree height 37.22 m) and 511.79 Mg ha-1 (tree
height 37.23 m) for the dry season, wet season and both image maps respectively. The
minimum 30 m AGB among the three maps was very similar, within 0.01 Mg ha-1 and
was approximately 16 Mg ha-1.
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Figure 8: Estimated 30 m aboveground biomass derived from the 30 m predicted dominant forest
canopy height maps (Figure 7) generated using (a) the July 14th 2013 Landsat-8 OLI image, (b) the
December 8th 2014 Landsat-8 OLI image, and (c) both images.
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5.4.

Aboveground Biomass validation

Figure 9 shows scatterplots comparing the 30 m mapped AGB derived from the
30
remotely sensed data (Figure 8) and the 30 m area weighted AGB field estimates (AGB
derived as Equation 3) over the four one-hectare field plots. Three scatterplots are shown
comparing the results for the AGB predicted using forest canopy heights generated from
the dry season, wet season, and both Landsat-8 images (Figure 9). There were 63 AGB 25
m  25 m parcel estimates but after the area weighting to 30 m (Equation 3) and application
of the constraint that 50% of the 25 m  25 m parcels with AGB estimates must fall under
a 30 m pixel, there were 43 pairs of values. The plotted values are shown color coded by
which of the four field plots the AGB field estimates were collected from and illustrate that
two of the field plots (colored purple and green) had higher AGB. The range of the field
30
plot AGB estimates shown in Figure 9 is 95.63 Mg ha-1 to 503.49 Mg ha-1. They
illustrate that two of the field plots (purple and green) had higher AGB

30
and that there

was a wide range of values from about 96 Mg ha-1 to 503 Mg ha-1. However, this range is
smaller than present in the estimated 30 m AGB study area maps shown in Figure 8 that
had AGB that varied from approximately 16 Mg ha-1 to 511.79 Mg ha-1.The OLS
regressions are shown in red and were insignificant for the dry (Figure 9a) and wet (Figure
9b) season derived image results (p > 0.05) with very small R2 values of 0.05 and 0.07,
respectively. The RMSE between the 30 m AGB derived from the wet season and the dry
season Landsat-8 images were 92.43 Mg ha-1 (Figure 9a) and 87.76 Mg ha-1 (Figure 9b).
The AGB results generated using the dominant forest canopy heights from both
Landsat images are shown in Figure 9c and have better correspondance. The regression
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was significant (p = 0.03), with a 0.11 R2 value, and a slope closer to unity (0.135) and an
intercept closer to zero (193 Mg ha-1) than the single Landsat image results. The mapped
AGB is over-estimated below about 225 Mg ha-1 and under-estimated above this value.
The RMSE is 83.77 Mg ha-1 which corresponds to about 41% of the mean study area
mapped AGB (204 Mg ha-1), which is illustrated in Figure 9c.
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Figure 9 : Scatterplots comparing the area weighted field plot above ground biomass (AGB

30

)

(Equation 3) with the corresponding 30 m aboveground biomass (Figure 8) derived from the 30 m
predicted dominant forest canopy height maps generated using (a) the July 14th 2013 Landsat-8
OLI image, (b) the December 8th 2014 Landsat-8 OLI image, and (c) both images. The dots are
30
color coded by which one-hectare field plot the AGB were derived from.
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6.0.
6.1.

DISCUSSION

Forest canopy height estimation

The capability of Landsat-8 to predict forest canopy height in respect of its
temporal availability was investigated in this study. The prediction’s power of Landsat-8
was tested for (a) only the July 14th 2013 (dry season) Landsat-8 image, (b) only the
December 8th 2014 (wet season) Landsat-8 image, and (c) both Landsat-8 images. The
forest canopy height value predicted from the dry season Landsat-8 image was, in
general, lower than from the wet season. This is likely because of the significant
difference in reflectance value observed between the dry and the wet season Landsat-8
image related to the seasonality present over the area under study.
The more accurate prediction of forest canopy height with a RMSE of 3.84 m
was achieved when both Landsat-8 images (the dry and wet season) were used together.
This improvement can be explained by the presence of a wide range of reflectance value
obtained using both Landsat-8 images together that provide to the classifier more
variables to work with to predict the forest canopy height related to each Landsat pixel
location. Even though combining the two images provided a better result than using a
single Landsat-8 image, the correlation between Landsat-8 reflectance and forest canopy
height was generally low. The Leaf area Index (LAI), the canopy height shadow, and the
Bidirectional Reflectance Distribution Function (BRDF) are the main factors that can
explained this weak relationship observed in this study between Landsat-8 reflectance
and forest canopy height.
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The Leaf Area Index (LAI) has a strong influence on the Landsat-8 reflectance
signature. The most pronounced effect in the reflectance from forest canopy with high
LAI value such as tropical rainforest is observed in the Near Infrared (High value) and
the visible (low value) reflectance bands (Asner 1998). Therefore, in tropical rainforests
environment characterized with high value of LAI up to 10, optical sensor such as
Landsat-8 are unable to correctly capture forest canopy reflectance because reflectance
and vegetation Indices values get saturated. As an example Figure 10 illustrates the
relationship between Normalized Difference Vegetation Index (NDVI) derived using the
Near Infrared and the red Landsat-8 reflectance band and LiDAR forest canopy height, it
is clearly shown through the figure 10 (a) and (b) that the NDVI get saturated because of
the study area high LAI value.
The effect of canopy shadow associated with the complex stand structure of the
study area forest (evergreen humid tropical forest) with tree height spanning from 35 to
45 m can complicates the capture of forest canopy reflectance from Landsat-8. Tall
canopies - dominant over the study area because of the presence of evergreen humid
tropical forest – are likely to have a negative impact on reflectance due to their canopy
shadowing. This issue has also been observed in similar environment (Lu et al. 2004).
The BRDF effect was negligible as the two Landsat-8 images were sensed from
the same orbit and the difference in solar angle between the wet and the dry Landsat-8
images was < 4 degree.
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In comparison to other studies conducted in Congo basin forest, the magnitude of
the more accurate RMSE (R2) of 3.84 m (0.47) found in this study from both images was
slightly better in terms of RMSE compared to other forest canopy height estimates
derived with different predictor variables. For example, Xu et al (2016) predicted forest
canopy height in Gabon with a RMSE (R2) of 6 m (0.33), 5.43 m (0.45), 5.13 m (0.51),
and 4.55 m (0.62) respectively using the median three year Landsat-7 reflectance band
red, NIR, and the two shortwaves (Landsat-7 metrics); Landsat-7 metrics and Advanced
Land Observation Satellite (ALOS) images; Landsat-7 metrics, ALOS images, and
Shuttle Radar Topography Mission (SRTM) images; Landsat-7 metrics, ALOS images,
STRM images, and Texture as predictor variables respectively.

6.2.

Aboveground Biomass estimation

The aboveground biomass (AGB) maps derived from the wet season, the dry
season, and both Landsat-8 images reveal a best prediction of AGB illustrated in Figure
8c that capture different characteristics of the study area vegetation when the both
Landsat-8 images were used together. The magnitude of the mean study area AGB
estimates is similar to other Congo Basin forest regional estimates. For example, Silva et
al. (2018) estimated a typical mean forest AGB of 223 Mg ha-1 from dominant canopy
heights derived using only LiDAR canopy height pixel and a dataset (n=12) of AGB field
measurements. Baccini et al. (2008) estimated a typical mean forest AGB of 216 Mg ha-1
using a regression tree model derived using cloud-free MODIS reflectance and a large (n
= 3329) dataset of AGB field measurements. Similarly, Xu et al. (2017) estimated typical
mean forest biomass of 235 Mg ha-1 from dominant canopy heights derived using the
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median three year Landsat-8 reflectance band red, NIR, and the two shortwave, Shuttle
Radar Topography Mission (SRTM) data and a large (n=92) dataset of AGB field
measurements.
The 30 m AGB field estimates derived as Equation (3) were used to validate the
30 m mapped AGB maps (Figure 8). The 30 m mapped AGB were not strongly
correlated with the field plot AGB for all cases (dry season, wet season, and both
Landsat-8 images). This is likely because of the difference in range of values observed
between the 30 m AGB fields estimates ranging from 95 Mg.ha-1 to 503 Mg.ha-1 and the
30 m mapped AGB values spanning from 16 Mg.ha-1 to 511Mg.ha-1. This difference of
range implies that the accuracy assessment did not take into account lower value of
predicted AGB not measured during the field measurement but derived in the 30 m
mapped AGB. This situation can explain high values of RMSE obtained from the
accuracy assessment because of the non-presence of low AGB value in the AGB field
plot measurement. Besides the difference in range of value, the four one hectare field plot
used to validate the 30 m mapped AGB were neither enough to get a full representation
of the study area aboveground biomass nor sufficient to develop a local allometry
equation adapted to the study area. However, a better prediction closer to the AGB field
estimates with a RMSE of 83.77 Mg ha-1 was achieved with the 30 m mapped AGB
derived with both Landsat-8 images illustrated in Figure 8c. The 83.77 Mg ha-1 RMSE
value from both images was slightly better than the 89.83 Mg ha-1 RMSE value found by
Xu et al. (2017) using the median 3-year Lansat-8 reflectance when compared to AGB
field plots estimates.
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The difference of result between this study and previous studies in Congo Basin
forest is also likely because this study used either one Landsat-8 image or two Landsat-8
images unlike previous studies conducting in tropical rainforest that used a single Landsat
multi temporal metrics generated using the median, mean, maximum of several Landsat
images to predict forest canopy height and aboveground biomass (Matthew C. Hansen,
Potapov, et al. 2016; Xu et al. 2016; Xu et al. 2017a)

Figure 10: Scatterplots comparing the test 30 m dominant canopy height values and the
Normalized Difference Vegetation Index (NDVI). Results shown for NDVI generated from (a)
only the July 14th 2013 Landsat-8 OLI image, and (b) only the December 8th 2014 Landsat-8 OLI
image. The point densities, calculated using a 100 × 100 quantization of the plot axes, are
displayed with a rainbow color scale.
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6.3.

Future Applications

Further research to improve the prediction of forest canopy height and AGB in the
Congo Basin Forest is recommended. The combination of Landsat-8 and Sentinel-2
multispectral sensor product to circumvent the problem of persistent cloud cover over the
tropics and the integration of NASA Global Ecosystem Dynamic Investigation (GEDI)
height data to overcome to problem of small footprint LiDAR data’s special extent and
cost should be considered to improve the prediction of forest canopy height and
aboveground biomass over the Congo Basin forest in particular, and humid tropical forest
in general. Besides remotely sensed data, and because forest inventories are critical to
validate predicted AGB maps, more up-to-date forest inventory data are needed in humid
tropical forest regions. For example, the last national forest inventories for most of the
countries that host the Congo Basin forest area are often more than 40 years old.
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7.0.

CONCLUSION

This study investigated the potential of Landsat imagery to predict LiDAR forest
canopy height and aboveground biomass (AGB) in Congo Basin forest from only the dry
season (July 14th 2013), only the wet season (December 8th 2014), and both Landsat-8
images. Forest canopy height was also estimated using separate predictor variables that
were generated from the dry season, the wet season, and both images and the result
shows a better prediction of forest canopy height with a lower RMSE of 3.84 m and a
better R2 of 0.47 when the both images were used. The same trends were observed for the
30 m mapped AGB derived from both images with a better prediction that capture
different forest types of the study area. The mean estimates of AGB of 204 Mg ha-1 from
the best prediction (both month images) was similar to the typical mean estimates of
AGB found over the Congo Basin forest (Baccini et al. 2008; Xu et al. 2017a; C.A. Silva
et al. 2018). The validation process of the 30 m mapped AGB with the AGB field
estimates also confirms a better prediction of AGB for both months with a lower RMSE
of 83.77 Mg.ha-1 and a better R2 of 0.11 compared to 30 m mapped AGB from the dry or
the wet season Landsat-8 image. Despite the fact that the capability of Landsat to predict
forest canopy height is still low and need to be improved with further research, this study
supports the assertion that Landsat-8 imagery can be effectively used to predict forest
canopy height and quantify AGB with an acceptable level of accuracy in a dense forested
region such as Congo Basin Forests.
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