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Abstract
High-resolution, accurate, and updated forest structure maps are urgently required for the
implementation of REDD+, payment of ecosystem services, and other climate change mitigation
strategies in tropical countries. The collection of forest inventory data is usually labor intensive and
costly, and remote sites can be difficult to access. Remote sensing data, for example airborne laser
scanning (ALS), hyperspectral imagery, and Landsat data, complement field-based forest inventories
and provide high-resolution, accurate, and spatially explicit data for mapping forest structural attributes.
However, issues such as the effect of topography, pulse density, and the single and combined use of
various remote sensing data on forest structural attributes prediction warrant further research.
The main objective of this thesis was to assess airborne and spaceborne remote sensing techniques
for modeling forest structural attributes across a montane forest landscape in the Taita Hills, Kenya. The
sub-objectives focused on a) the effect of the topographic normalization of Landsat images on fractional
cover (Fcover) prediction, aboveground biomass (AGB), and forest structural heterogeneity modeling
using ALS and other remote sensing data and b) the analysis of the maps of forest structural attributes.
In Study I, the effect of topographic normalization on ALS-based Fcover modeling was evaluated
using common vegetation indices and spectral-temporal metrics based on a Landsat time series (LTS).
The results demonstrate that the fit of the Fcover models did not improve after topographic normalization
in the case of ratio-based vegetation indices (Normalized Difference Vegetation Index, NDVI; reduced
simple ratio, RSR) or tasseled cap (TC) greenness; however, the fit improved in the case of brightness
and wetness, particularly in the period of the lowest sun elevation. However, if TC indices are preferred,
then topographic normalization using a Shuttle Radar Topography Mission (SRTM) digital elevation
model (DEM) is recommended.
In Study II, field-based AGB estimates are modeled by ALS data and a multiple linear regression.
The plot-level AGB was modeled with a coefficient of determination (R2) of 0.88 and a root mean
square error (RMSE) of 52.9 Mg ha-1. Furthermore, the determinants for AGB spatial distribution are
examined using geospatial data and statistical modeling. The AGB patterns are controlled mainly by
mean annual precipitation (MAP), the distribution of croplands, and slope, which collectively explained
69.8% of the AGB variation.
Study III investigated whether the fusion of ALS with LTS and hyperspectral data, or stratification
of the plots to the forest and non-forest classes, improves AGB modeling. According to the results, the
prediction model based on ALS data only provides accurate models even without stratification. However,

DEPARTMENT OF GEOSCIENCES AND GEOGRAPHY A70

using ALS and HS data together, and employing an additional forest classification for stratification,
improves the model accuracy considerably in the studied landscape.
Finally, in Study IV, the potential of single and combined ALS and LTS data in modeling forest structural
heterogeneity (the Gini coefficient of tree size) was assessed, and the difference between three forest
remnants and forest types is evaluated based on predicted maps. If the LTS metrics were included in the
models, then ALS data with lower pulse density yield similar accuracy to more expensive, high pulsedensity data. Furthermore, the GC map presents forest structural heterogeneity patterns at the landscape
scale and demonstrates the importance of remote sensing-based maps over information based on field
plots only.
This thesis provides new insights into the modeling and analyzing of forest structural attributes based
on airborne and spaceborne remote sensing data. The results demonstrate that ALS data alone provide
robust models for AGB and GC mapping in the tropical agriculture-forest mosaic landscape and small
forest remnants. However, important synergies exist between remote sensing data sets. Therefore, fusion
of ALS, HS, and LTS data for the prediction of plot-level forest structural attributes appears to be a
promising approach for landscape-level applications.
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1 Introduction
Global forests play important roles in
maintaining the life of creatures on earth, by
sequestrating carbon, keeping the hydrological
cycle constant, and providing food and shelter
for animals and humankind (Bouvet et al., 2018;
Houghton 2005; Lewis et al., 2013). Carbon
emissions and the loss of ecosystem services
from tropical forests as a result of deforestation
and degradation are significant. Global forests’
carbon stock is estimated to be 861 ± 66 Pg C,
with 44% in soil, 42% in live biomass, 8% in
deadwood, and 5% in litter (Pan et al., 2011).
Tropical forests alone store 471 ± 93 Pg C, of
which 56% of carbon is stored in biomass (above
and below ground) and 32% in soil, and they
emit 2.8 ± 0.5 Pg C year–1 through deforestation
and degradation (Pan et al., 2011). At present,
tropical forests are the source of carbon dioxide
emissions rather than sink. Forest variables, such
as canopy cover, biomass, and forest structural
heterogeneity, among others, can convey the
quality of life of animals and humans depending
on the forest. For example, if a forest is deforested
and degraded, then the habitat of animals is lost
or destroyed, water availability via infiltration
is low, the local climate becomes warmer, and
the emission of carbon because of deforestation
triggers climate change. Therefore, mapping and
monitoring tropical forests are crucial for social
and environmental applications.
African tropical forests are on the verge of
destruction because of intensive pressure from
land use changes for agricultural expansion
(Brink et al., 2014; Pellikka et al., 2013; Pfeifer
et al., 2012). The once closed and dense forests
have now been converted into mosaic forests
surrounded by an agricultural landscape (Sloan
and Sayer 2015). In the Afromontane landscape
in Africa, carbon stock and biodiversity are

not only limited to the mosaic forest, as trees
are also common in tropical agro-ecological
systems. Vanderhaegen et al., (2015) observed
that 80% of total carbon stock was found to be
stored in non-forest land uses (agricultural land,
home gardens, grazing lands, and teff fields),
although indigenous forests store high carbon
stock per hectare.
Measuring, mapping, monitoring, and
verifying forest biomass effectively and accurately
have been some of the largest challenges for
countries with the aim of reducing emissions
from deforestation and forest degradation
(REDD+) under the United Nations Framework
Convention on Climate Change (UNFCCC).
However, REDD+ ignores the high potential
of other land uses for carbon sequestration and
excludes trees outside forests, for example in
agroforestry and grazing land (Avitabile et al.,
2012; Sloan and Sayer 2015; Vanderhaegen et
al., 2015). In the Afromontane landscape, the
focus should be on reducing emissions from all
land uses (REALU) (Vanderhaegen et al., 2015),
as the mosaic landscape is comprised of trees
outside forests, remnants of forest patches, and
young regenerating forests in the tropics (Sloan
and Sayer 2015; Zomer et al., 2016).
Forest biomass highly depends on forest
structure, tree species composition, topography,
and other biotic and abiotic factors (Asner et al.,
2009). Small-scale forest biomass mapping and
monitoring are more or less based on ground
measurements, which are often costly, labor
intensive, and time-consuming, and which fail
to account for spatial variability as a result
of the absence of proper sampling methods.
Remote sensing (RS) provides explicit spatial
information over large areas, which is impossible
using traditional point- and plot-based field
measurements. The potential of RS – such as
13
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satellite-, airborne-, and terrestrial-based active
and passive sensors – in the estimation of forest
variables has been studied intensively, especially
in boreal forests (Lutz et al., 2008). However,
in the tropics, pan-tropical and continentalscale forest maps are mostly based on coarseresolution RS data (Avitabile et al., 2016, Baccini
et al., 2012, Baccini et al., 2017, Saatchi et al.,
2011) that have high uncertainty at the pixel level
(Saatchi et al., 2011). Recent higher-resolution
maps are restricted to the savannas with relatively
low biomass (Bouvet et al., 2018). The accuracy
of forest variable estimations obtained using
freely available medium- to coarse-resolution RS
images has not been adequate for the monitoring
and validation of REDD+ and the payment of
ecosystem services, among others.
Satellite RS data, for example Landsat,
provide wall-to-wall coverage of calibrated
surface reflectance with a moderate spatial
resolution (30-m optical bands) and temporal
resolution (16 days) (Wulder et al., 2012).
The open release of Landsat image archives
in 2008 has resulted in large-scale mapping,
monitoring, and reporting of forests using dense
time series at the national, regional, and global
scale (Avitabile et al., 2012; Banskota et al.,
2014; Brink et al., 2014; Chance et al., 2016;
Hansen et al., 2013). The spectral-temporal
metrics based on Landsat time series (LTS)
data have the potential to improve the accuracy
of the prediction models of forest structural
attributes through complementary data on the
land surface phenology, and they have been
gaining attention in the last decade. However,
cloud cover severely limits the usability of RS
data in the tropics. In most cases, the images
can be obtained already preprocessed, excluding
the need for further georectiﬁcation, cloudmasking, or atmospheric correction (Masek et
al., 2006; Zhu and Woodcock 2014). However,
the topographic effects are typically normalized
14

by end users regionally, and the need for this
procedure usually depends on the characteristics
of the terrain and on the final application (Reese
and Olsson 2011; Vanonckelen et al., 2013;
Chance et al., 2016). The spatial resolution of
the Landsat images, however, is not sufficient for
distinguishing various land covers in the mosaic
landscape, and it warrants data fusion with
other high-resolution RS images. Furthermore,
spectral-temporal metrics based on the LTS are
rarely used in the mosaic landscape and in areas
frequently covered by clouds and cloud shadows.
Airborne laser scanning (ALS) is increasingly
utilized for forestry and environmental
applications (Næsset et al., 2016; Valbuena
et al., 2016). Such scanning provides a threedimensional (3D) structure of forest resources
that is useful for accurately estimating and
mapping various forest inventory variables,
for example height, basal area, volume, and
biomass (Næsset and Gobakken 2008; Valbuena
et al., 2013). Airborne hyperspectral sensor (HS)
acquire spatially accurate and spectrally diverse
information reflected at narrow wavelengths –
from visible to short-wave wavelengths – from
forest resources (Piiroinen et al., 2018). However,
ALS and HS are relatively expensive per unit
area and require high expertise for planning a
flight campaign and acquiring, preprocessing,
and analyzing data. Furthermore, these data are
limited to the landscape and regional scale in few
studies; however, the use of small-footprint ALS
and HS data are fairly common for upscaling
forest structural parameters to the landscape level
with the assistance of high- or medium-resolution
optical and radar images. The potential of these
sensors has not been extensively utilized in the
agriculture-forest mosaic landscape, and their
limitation in such a landscape is unclear.

Although Landsat is relatively insensitive to
forest canopy height (Hudak et al., 2002; Hansen
et al., 2016), it would be desirable to integrate
ALS, HS, and Landsat data to improve the
measurement, mapping, and monitoring of forest
structural attributes (Hudak et al., 2002; Phua et
al., 2017; Shang et al., 2019). The synergistic
use of canopy spectral information from Landsat
(TM, ETM+, OLI) and HS images and ALSbased structural information has been successful
for modeling biomass (Phua et al., 2017; Vaglio
Laurin et al., 2014), canopy height (Hudak et
al., 2002), and basal area (Shang et al., 2019),
among others. Most of these studies focus on
dense tropical forests; however, the integrated
use of ALS, HS, and spectral-temporal metrics
based on LTS have not been examined in the
tropical mosaic landscape and deserve further
attention.
The main objective of this thesis was to
assess airborne and spaceborne RS techniques
for modeling forest structural attributes across
a montane forest landscape in the Taita Hills,
Kenya. The sub-objectives focused on the effect
of topographic normalization on fractional tree
cover (Fcover) prediction, the aboveground
biomass (AGB), and forest structural
heterogeneity modeling using ALS and other
RS data and an analysis of the maps of forest
structural attributes. Figure 1 summarizes the
main content of the thesis and four studies (I–IV).

means) from the LTS, and it examined whether
normalization improves Fcover regressions.
Study II assessesed the determinants for
the spatial distribution of an ALS-based AGB
using geospatial data and statistical modeling in
the tropical mosaic landscape. Plot-level AGBs
were estimated using ALS data and a spatial
prediction map of the AGB was prepared with
an ALS-based multiple linear model. A boosted
regression tree (BRT) was used for examining the
relationship between the AGB and explanatory
variables (the topographical and hydrological,
climatic variables and land use classes) at a 250m × 250-m resolution.
Study III investigated the utility of various
RS data sources (simultaneously acquired ALS
and HS data and LTS) in predicting the biomass
in tropical mosaic landscapes. Furthermore,
tests were conducted to determine whether the
prior stratification of land cover would improve
biomass prediction.
Study IV examined the potential of single
ALS and LTS metrics and the fusion of those
in modeling forest structural heterogeneity, as
described by the Gini coefficient (GC) of tree
size inequality in the three forest remnants
(Ngangao, Yale, and Vuria). Furthermore, the
difference between the three forest remnants and
the different forest types were evaluated using
the resulting maps of the predicted GC.

Study I examined the impact of topography
normalization on Fcover modeling in a tropical
mosaic landscape. The reference Fcover was
based on ALS data. Topographic normalization
was carried out by c-correction using three
digital elevation models (DEMs) for all available
Landsat images between June 2012 and October
2013, several vegetation indices, and spectraltemporal metrics (annual percentiles and
15
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Figure 1. The main contents of the thesis and four studies (I–IV).
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2 Background
2.1 Medium-resolution satellite
image time series: importance
of topographic normalization
With the free availability of medium spatial
resolution Landsat imagery, multi-temporal
images have been used to fill the gaps
created by clouds, cloud shadows, and sensor
malfunctioning on target images from reference
images (Wulder et al., 2012; Zhu et al., 2019).
In other words, a Landsat pixel-based image
composite utilizes spectral reflectance pixels that
are radiometrically normalized, atmospherically
corrected, and screened as cloud-/shadow-free
based on an algorithm (Zhu et al., 2015), and it
considers the date of observation nearest to the
target image (Potapov et al., 2011). It is common
practice to calculate spectral-temporal metrics
representing spectral reflectance variation in the
peak and fall season in areas with less distortion
on images as a result of clouds or cloud shadows
and sensor failure (Zhu and Liu 2014). In areas
with persistent cloud cover and sensor failure, it
is only possible to obtain a complete coverage
image by using all images acquired throughout
the year or two years, or even more (Potapov
et al., 2011).
     Surface reflectance from the tree cover
is affected by various factors, for example
atmospheric conditions, clouds, cloud shadows,
and haze. In addition, the surrounding terrain
casts shadows and has varying illumination
effects. Atmospheric correction and the removal
of clouds and shadows from optical images are
common preprocessing steps; however, the effect
of topographic distortion on pixels is not well
explored regarding forest change and the LTS
(Banskota et al., 2014). In most cases, the images
can be obtained already preprocessed, excluding

the need for further geo-rectiﬁcation, cloudmasking, or atmospheric correction (Masek et al.,
2006). Figure 2 represents the LTS available for
a one-year time period and the spectral-temporal
metrics for tasseled cap (TC) transformation
(brightness) calculated from it.
Topographic normalization is employed
to minimize the effect of shadows and the
illumination effects from the terrain. Various
topographic normalization algorithms, for
example c-correction (Teillet et al., 1982), a
sun-canopy-sensor (Gu and Gillespie 1998),
and Minnaert correction (Minnaert 1941), are
frequently used (Chance et al., 2016; Reese
and Olsson 2011; Vanonckelen et al., 2015).
Each image in the time series is affected by the
topographic effect differently. With regard to
studies on the effect of topographic normalization
using Landsat pixel-based composites, Chance et
al., (2016) found that topographic normalization
was not sensitive to forest change detection,
and Vanonckelen et al., (2015) observed that
topographic normalization has less impact on
the accuracy of forest land cover classification.
However, in a multi-temporal (two acquisitions)
study of the Landsat image, Vanonckelen et al.,
(2013) observed that the influence of topographic
correction is higher than atmospheric correction
on land cover classification accuracy.
Multispectral vegetation indices, for example
the normalized difference vegetation index
(NDVI), become saturated in intact closedcanopy forests (Zhu and Liu 2014). Spectraltemporal metrics provide an opportunity to
capture spectral variability during a phenological
cycle. The effect of topographic normalization
on the spectral-temporal metrics has not been
comprehensively addressed, despite recent
studies on land cover classification accuracy
(Vanonckelen et al., 2013), pixel-based
17
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image composites (Vanonckelen et al., 2015),
phenological metrics (Galvão et al., 2016), and
forest change detection (Chance et al., 2016).
Furthermore, there are relatively few studies
demonstrating the effects of terrain illumination
on different spectral bands and vegetation indices
in tropical forests. In addition, LTS data have
rarely been tested in a tropical environment and
thus warrant further research.

2.2 Modeling forest structural
attributes using multi-source
remote sensing data
Tropical forests play a critical role in water
balance, biodiversity, species conservation, and
the global carbon cycle (IPCC 2000). Highresolution, accurate, and updated forest structure
maps in tropical countries are urgently required
for the implementation of REDD+, payment of
ecosystem services, and other climate change
mitigation strategies (Fuller 2006). Monitoring
and verification of forest areas and canopy covers
are important prerequisites for implementing
REDD+, as they convey information regarding
forest deforestation and degradation. Furthermore,
a detailed forest structure analysis informs one

about the productivity of forests, carbon stock,
and habitat suitability for wildlife, among other
things.
Remote sensing (satellite/airborne)
techniques demonstrate potential for forest
variable estimation; for example, canopy cover,
tree size inequality (the GC), and the AGB have
received increasing attention in the last few
decades (Higginbottom et al., 2018; Mauya et
al., 2015; Næsset et al., 2016). The Fcover is
an important indicator for biomass distribution,
and information on Fcover is essential for
understanding local meteorological processes
and hydrological transfers within vegetated
environments (Hopkinson and Chasmer 2009;
Zhang et al., 2013). Airborne laser scanning has
been used for the accurate mapping of forest
canopy cover in the boreal forest even without
field training data (Korhonen et al., 2013). The
GC, based on a Lorenz curve, quantifies tree size
inequality among trees within the forest. This
coefficient is calculated based on the basal areas
(areas occupied by a given diameter at breast
height [DBH]) of individual trees (Valbuena et
al., 2016). The GC ranges from 0 to 1, where 0

Figure 2. (Left) False color composite of individual Landsat-7 Enhanced Thematic Mapper Plus (ETM+) image
available during a one-year time period. The white areas represent clouds and cloud shadows masked from the image,
and white lines represent scan line corrector off (SLC-off). (Right) Examples of spectral-temporal metrics (various
percentile, trimmed mean, interpercentile, and interquartile ranges) based on tasseled cap transformation (brightness).
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represents perfect equality (all trees are of equal
size) and 1 represents perfect inequality (a few
trees have the largest share) (Nölte et al., 2018).
The accurate quantification of forest AGB
and carbon stock is critical for understanding
the global carbon cycle. The AGB is estimated
in forest inventory plots for each tree using the
species-specific allometric equation whenever
possible, or the regional model mostly based
on the DBH, canopy height, and wood density
together is best for estimating the AGB in
tropical forests (Chave et al., 2014). In a densely
foliated tropical forest, it is common to measure
the DBH and wood density and to predict
canopy height using species-specific heightdiameter allometric equations because of a lack
of visibility of the canopy by analog or digital
clinometers (Asner et al., 2009; Pellikka et al.,
2018). The estimation and spatial variation of
the AGB is relatively less frequently studied
in African tropical forests (Avitabile et al.,
2012) because of political instability, a lack of
technical knowhow, difficult accessibility, and
less investment in forest management and related
studies. Furthermore, the regional estimates of
forest structure in tropical forests are highly
inaccurate (Houghton 2005). In some countries,
forest inventories at the national or local level
provide precise and accurate estimates at the plot
level; however, for estimates on a large scale, for
example at the landscape or country level, the
accuracy decreases as a result of environmental
variation that is rarely accounted for during
extrapolation. Furthermore, coarse spatial
resolution RS images, for example a moderateresolution imaging spectroradiometer (MODIS)
and an advanced very high resolution radiometer
(AVHRR), are used to predict and extrapolate
results that have been based on a limited number
of plots scattered across a limited range of site
conditions (Baccini et al., 2017).

Airborne laser scanning has been intensively
used in boreal and sub-boreal forests with a low
AGB density and a homogenous and open forest
structure. The applicability of ALS in dense
canopy forests and mosaic landscapes has been
gaining attention in the last decade. Data from
ALS are sufficiently accurate for determining
the biomass in different forest types, for example
the tropical forests of South America (Clark et
al., 2011), Asia (Phua et al., 2017), and Africa
(Pellikka et al., 2018). Furthermore, ALS-based
statistical models have been used to accurately
estimate the forest AGB at a large spatial scale
in an African tropical forest (Chen et al., 2015;
Næsset et al., 2016; Pellikka et al., 2018; Vaglio
Laurin et al., 2014; Vaglio Laurin et al., 2016)
and a mangrove forest in coastal wetlands
(Fatoyinbo et al., 2018). However, ALS data are
expensive to cover the landscape at the national
level, especially in the African context; therefore,
small-footprint ALS has been employed as an
intermediate step for upscaling field-measured
AGB to a larger spatial scale (Asner et al., 2012;
Vaglio Laurin et al., 2014). However, ALS
has not been utilized for identifying tree size
heterogeneity in tropical forests, since most of the
research is focused on boreal forests (Valbuena
et al., 2012; Valbuena et al., 2016). Furthermore,
while ALS has been extensively used in the forest
context, its use in the agriculture-forest mosaic
landscape requires further exploration.
Hyperspectral remote sensing HS data
provides detailed spatial and spectral resolution,
with the possibility of mapping, inter alia, single
species (Piiroinen et al., 2018) and AGB (Vaglio
Laurin et al., 2014). However, limited research
has been conducted using HS in the agricultureforest mosaic landscape for predicting AGB.
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Medium spatial resolution Landsat images
have been widely used for the efﬁcient and timely
estimation of the forest AGB in a sub-tropical
climatic condition (Dube and Mutanga 2015a;
Dube and Mutanga 2015b) and with fractional
woody cover (Higginbottom et al., 2018).
Landsat images are preferred to others because of
their long archive period and consistency in earth
observation as well as continuous improvement
in the data quality. Landsat provides detailed
spectral and textural information and has been
a primary source of RS data for resourceconstrained regions for mapping forest structural
variables. Clouds and cloud shadows can be
masked using the function of mask (Fmask)
algorithm (Zhu et al., 2015). While most of
the studies use single images in the peak or
fall season for estimating forest structure, some
research explores the use of seasonal time series
derived from Landsat images across different
seasons and image composites using images
available during those time periods (Potapov et
al., 2011; Potapov et al., 2012; Zhu and Liu 2014).
Seasonal time series and image composites have
proven to be better than using single images for
estimating the AGB, as multi-temporal datasets
are important for distinguishing forest cover (Zhu
and Liu 2014) and quantifying forest cover loss
and change (Potapov et al., 2011; Potapov et al.,
2012), among other things. Furthermore, with
seasonal variation persisting in the region, it is
assumed that observation based on dense time
series of the same pixels can help to discriminate
between grassland and forest; this is because
during dry seasons, trees better preserve their
greenness, whereas the grassland does not.
The combination of ALS data with highresolution multispectral data improves tree
species discrimination at the individual level
and supports the accurate estimation of forest
attributes. However, no comprehensive studies
20

exist that have fused remotely sensed ALS,
HS, and LTS structural and spectral data and
vegetation indices to map forest structure and that
have analyzed the spatial distribution of forest
Fcover, GC, and AGB in Africa.

2.3 Analyzing maps of
forest attributes
Spatially explicit mapping of the AGB and
GC provides large variation in forest structures
at the landscape level. An exploration of localscale variation of the GC and AGB at the plotlevel, as well as between and within forest types,
provides an overview of the forest structure in
the study area. However, those variations have
seldom been explored in tropical indigenous and
planted forests, and their extrapolation is rarely
done at the landscape level in the absence of highresolution RS data. High-resolution mapping
of forest structural attributes further provides
opportunities to understand their distribution
in remote regions; this would otherwise be
impossible in logistically difficult areas.
Furthermore, quantification and knowledge
about the spatial distribution of forest structure
attributes improve decision making regarding
timber, wood products and fuelwood extractions,
and sustainable forest management (Fuller
2006). Decisions based on ground-based forest
inventories, which are not uniformly distributed
over the forest areas, will lead to incorrect
conclusions.
Forest structural attributes, such as the AGB,
can vary specifically because of basal area,
density of trees with a higher diameter, soil,
height, site index, and canopy vertical profiles,
among other things (Asner et al., 2009; CuniSanchez et al., 2017; Gourlet-Fleury et al., 2011;
Holl and Zahawi 2014; Loubota Panzou et al.,
2018). Those structural attributes are determined

by environmental and biotic controls in the
landscape; for example, trees positioned on
the windward side of the topography receive
more precipitation and solar radiation – i.e.,
the environment is more favorable for growth,
compared to the leeward side (Asner et al., 2009).
The causes of change in the biomass can be the
anthropogenic and/or indirect impacts of climate
change. However, the reasons for the spatial
distribution of biomass can be different across
continents. However, to understand the spatial
distribution of forest structural attributes, plotlevel data are not sufficient, and spatially explicit
maps are required, which provide an overview
at the landscape level.
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3 Material and methods
3.1 Study area
This thesis was conducted in the Taita Hills,
which are located in southeastern Kenya (3° 25’
S, 38° 20’ E) and are part of the northernmost
portion of the Eastern-Arc mountain (EAM) range
with high conservation value (Lovett and Wasser
1993) (Figure 3). The Afromontane forests are
particularly valuable in terms of biodiversity,
other ecosystem services, and carbon stock
(Cuni-Sanchez et al., 2017, Vanderhaegen et
al., 2015). The Taita Hills rise abruptly from
the semi-arid Tsavo plains at 600–700 m to a
series of ridges reaching 2,208 m at the Vuria
peak (Aerts et al., 2011).
Given the orographic rainfall pattern, the
southeastern slopes receive more precipitation,
while the northwestern slope in the rain-shadow
receives less precipitation (Pellikka et al., 2009).
The study area has a bimodal rainfall pattern,
with long rains between March and May and

short rains between November and December
(Pellikka et al., 2009). As a result of the altitude
difference, the hills experience a lower mean
annual temperature (18.2 °C) compared to the
lowlands (24.6 °C).
The remnant montane forests can be separated
into lower and upper montane forests. The lower
parts are taller and drier, compared with the elﬁn
forest-like upper parts, which receive signiﬁcant
amounts of precipitation through a mist. These
mist forests on the top of Vuria typically have
only one layer and are covered by epiphytic
mosses and lichens (Enroth et al., 2013, Stam
et al., 2017).
The landscape is a highly fragmented mosaic
of montane forest patches, exotic plantations, and
agriculture, with agroforestry and horticulture
being common (Aerts et al., 2011). Some of
the most common native species observed in
the field include Tabernaemontana stapfiana,
Macaranga capensis, Oxyanthus speciosus,
Phoenix reclinata, and Celtis africana.
Otherwise, the landscape consists of smallholder

Figure 3. Location of the Taita Hills study area with Sentinel-2A multi spectral instrument satellite image from 8
October, 2016 in the background. The area covered by the blue box represents airborne laser scanning (ALS1) and
hyperspectral image coverage (10,000 ha), and the black box represents ALS2 coverage (~55,000 ha). See additional
details about ALS (1 and 2) in Table 2.
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Table 1. Field data used in the thesis

Year (Months)
2013 (January–February)*
2014 (January–February)*
2015 (October)**

Number of plots
91
86
48

Coverage
Lowland
Lowland and forest
Forest

Study
II, III
II, III, IV
II, IV

* Collected by other participants
** Author personally planned and executed the field campaign

agriculture (mainly maize fields), plantations
of exotic trees (Eucalyptus spp., Pinus patula,
Cupressus lusitanica and Acacia mearnsii),
bushland, and settlements (Figure 1). Rocky and
sandy areas outside the forests are dominated
by Acacia mearnsii, while typical agroforestry
species are Grevillea robusta on the hills and
Persea Americana and Mangifera indica in the
lowlands (Thijs et al., 2014, Thijs et al., 2015).
The Taita Hills in Kenya were chosen because
of their extensive forest inventories as well as
large-scale HS (10,000 ha) and multi-temporal
ALS coverage (10,000 ha and ~ 55,000 ha) as
part of the BIODEV1 and CHIESA2 projects.
Furthermore, the study area is a miniature version
of Kenya and East Africa, representing a broad
range of forest types and different land covers,
from savannas and grasslands in lowland areas
to evergreen indigenous and exotic forests in
montane forests on the hilltops.

3.2 Field data
Field sample plots data were used in this
thesis for modeling and predicting the AGB
(Studies II–III) and tree structure (Study IV).
The sampling design of the Land Degradation
Surveillance Framework (LDSF) (Vågen et al.,
2015), with slight modification, was used for
field measurements (Heiskanen et al., 2013).
1 https://www.worldagroforestry.org/project/biocarbonand-rural-development-biodev
2 http://chiesa.icipe.org/

The forest inventories were carried out in a total
of 225 circular 0.1-ha plots (radius 17.84 m) in
2013–2015 (January–February in 2013 and 2014
and October in 2015), across the whole span of
the Taita Hills (Table 1). In 2013 and 2014, 177
plots were randomly sampled within 10-km × 10km (100 ha) (blue box in Figure 3) clusters in the
hills and lowlands. In addition, in 2015, 48 plots
were subjectively sampled in the high biomass
forest areas, especially on the hills. Plot selection
was guided by visible to near infrared imaging
spectroscopy data (AisaEAGLE) (Piiroinen et
al., 2015) and ALS data (Heiskanen et al., 2015)
acquired in February 2013 to cover variation in
the composition and canopy structure of tree
species.
In the plots, for all tree stems with a DBH
≥ 10 cm, the DBH was measured (Marshall et
al., 2012) at 1.3 m or above basal irregularities
such as buttresses, and tree species were
identified in full (genus and species) by a local
para-taxonomist. Moreover, tree height (H)
was measured for at least three sample trees
(minimum, median, and maximum DBH > 10
cm) in the forest plots (0.1 ha) and at least one
median tree (DBH < 10 cm) in each 0.01 ha
using a laser range finder or hypsometer (Laser
Technology TruPulse 360, Suunto hypsometer).
In the lowlands, H was measured for the majority
of trees, but only a few trees (i.e., trees with a
minimum, maximum, and median DBH) were
measured inside the forests because of low
visibility of the crown. Furthermore, in the 0.123
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ha plot, for palms with a DBH > 10 cm, height
(in m) and DBH (in cm) were measured, and
the number of stems were counted.
The sample plot centers were positioned
using the Trimble GeoXH GNSS receiver,
and differential correction was made using the
GNSS base station located in Wundanyi town
(Taita Research Station). In 2013 and 2014,
slope corrections for field sample plots were
performed afterward based on the digital terrain
model (DTM) derived from ALS (acquired in
February 2013). In 2015, slope corrections were
done in the field.
Field-based tree height estimations were
difficult, especially in closed-canopy forests. Tree
height imputations were done separately for trees
in forests and lowlands to evaluate the possible
advantages of stratification. Non-linear mixedeffect modeling and plots as random effects
(e.g. Mehtätalo et al., 2015) were employed to
calibrate the H-D model for each sample plot.
The ‘nlme’ package (Pinheiro et al., 2014) in R
statistical software was used to fit the models.
Table 1 presents overview of the field data. The
general workflow of these data in Studies I–IV
is illustrated in Figure 4.

3.3 Remote sensing datasets
3.3.1 Airborne laser scanning (ALS)
data
The discrete-return airborne laser scanning
data (ALS1) were acquired on 4–5 February,
2013 for the 10-km × 10-km area (hereafter
Sentinel site), and ALS2 data were acquired on
January 26 and February 6 and 8, 2014 and on
February 5, 6, 11, and 13, 2015 for the whole
span of the Taita Hills (Table 2). Airborne laser
scanning -ALS1 was used in Studies I, III, and
IV, and ALS2 was used in Studies II and IV. The
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ALS points were classified as ground or nonground using LAStools (Isenburg 2014). The
ALS ground points were subsequently used to
construct a 2-m bare-earth DTM. The ALS point
cloud elevation was normalized using the DTM
from the corresponding campaign to obtain the
aboveground height. An area-based approach
was used by aggregating point clouds in the forest
inventory field sample plot for describing canopy
height and canopy density metrics (Næsset
2002). The ALS point clouds were clipped to the
extent of each forest inventory field sample plot.
Furthermore, ALS metrics describing the forest
structure were extracted for each field sample
plot (Study II–IV) from the corresponding
clipped ALS normalized point clouds using
Fusion software (McGaughey 2016). In Study
I, the all-echo cover index (ACI) (e.g. Morsdorf
et al., 2006) was calculated as a proxy of the
canopy gap fraction (Fcover) for 2,000 randomly
selected points in the Sentinel site. At each
random point, the Fcover was estimated for a
90-m × 90-m area corresponding to a 3 × 3 pixel
window of Landsat images.

3.3.2 Hyperspectral sensor (HS)
data
Hyperspectral data (visible to NIR bands,
400–1,000 nm [bandwidth 4.5–5.0 nm]) were
acquired using airborne AisaEAGLE sensors
(Specim, Spectral Imaging Ltd., Finland) on
3–8 February, 2013 (Piiroinen et al., 2018).
AisaEAGLE is a pushbroom scanner with an
instantaneous field of view of 0.648 mrad and
a field of view of 36.04° (Table 3). The sensor
produced 129 bands with an output pixel
resolution of 1 m. HS was used for predicting
the AGB (Study III) and mapping the forest
boundary (Study IV).
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Figure 4. Overview of the methodology.
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Table 2. Characteristics of the airborne laser scanner (ALS) data.

Parameter
Date of acquisition
Sensor
Mean flying height above ground (m)
Pulse rate (kHz)
Scan rate (Hz)
Maximum scan angle (degrees)

ALS1
2013
Optech ALTM 3100
760
100
36
±16

Mean pulse density (pulses m−2)

9.6

ALS2
2014 and 2015
Leica ALS60
1,460
58
66
±16
3.1

Mean return density (returns m )

11.4

3.4

−2

Maximum number of returns per pulse

4

4

Mean footprint diameter (cm)
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3.3.3 Multispectral spaceborne (MS)
data
All available Landsat surface reflectance
images were downloaded from the USGS Earth
Resources Observations and Science (EROS)
Center archive with an L1T processing level for
the period between June 2012 and April 2015
(Table 4). The climate data record (CDR) and
level-2 images were atmospherically corrected,
radiometrically calibrated, and orthorectified
using ground control points and DEM data
to correct for relief displacement (Zhu and
Woodcock 2014; Zhu et al., 2019). Moreover,
clouds and cloud shadows were detected using an
Fmask algorithm (Zhu et al., 2015). The following
were used for further analysis: blue (0.45–0.52
μm), green (0.52–0.60 μm), red (0.63–0.69 μm),
near-infrared (NIR) (0.77–0.90 μm), shortwave
infrared (SWIR) 1 (1.55–1.75 μm), and SWIR 2
(2.09–2.35 μm) from the ETM+ and blue (0.45–
0.51 μm), green (0.53–0.59 μm), red (0.64–0.67
μm), NIR (0.85–0.88 μm), SWIR 1 (1.57–1.65
μm), and SWIR 2 (2.11–2.29 μm) from the OLI.
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3.3.4 Digital elevation models
(DEMs) and digital surface model
(DSM)
Six sources of DEMs and one source of a
DSM were tested for topographic normalization
and height normalization (Table 5). Three of the
DEMs, namely the Shuttle Radar Topography
Mission (SRTM) DEM (SRTM 2014), the
Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) (Jspacesystem
2011), and the Japan Aerospace Exploration
Agency (JAXA) (JAXA 2015), provide almost
global coverage, while the ALS1 DEM and
ALS1 DSM provide coverage of the Sentinel site
in the Taita Hills, and the TOPO DEM is based
on scanned topographic maps of a 1:50,000 scale
of the Survey of Kenya (Pellikka et al., 2013).
The ALS2 DEM provides coverage of the whole
span of the Taita Hills. If a different projection
was observed, then all DEMs and DSMs used
in all studies were projected to the Universal
Transverse Mercator 37 S WGS 84.

Table 3. Characteristics of the hyperspectral (HS) data (Piiroinen 2018).

Parameter

Value

Table 4. Satellite imagery used in the different studies (I, III, and IV).

Imagery
Landsat ETM+ and OLI
(Study I)
Landsat OLI (Studies III,
IV)

Number and period
17 + 4 (June 2012 to
October 2013)
42 (April 2013 to
April 2015)

Data quality
Climate Data Record
data
Landsat collection 1
Level-2

Path/Row
163/062
163/062

Table 5. Digital elevation models and digital surface model used in different studies (I–IV).

Digital elevation Original resolution and projection
model
ALS 1 DEM,
ALS 1 DSM

2 m (Universal Transverse Mercator 37 South;
Horizontal Datum: WGS 84)

ALS 2 DEM

2 m (Universal Transverse Mercator 37 South;
Horizontal Datum: WGS 84)
1 arc-second (~30 meters) (Projection: Geographic;
Horizontal Datum: WGS 84)
1 arc-second (~30 meters) (Projection: Geographic;
Horizontal Datum: WGS 84)
1 arc-second (~30 meters)
20 m (transverse Mercator projection with a Clarke
1880 spheroid and an Arc 1960 datum and a planimetric accuracy of 50 m with an altimetric accuracy
of 8 m) (Clark and Pellikka 2009)

SRTM
ASTER
JAXA
TOPO

Resolution
and Study
projection used in
study
2 m and 5 m
I,
III–IV
2m

II, IV

30 m

I

30 m

I

30 m
30 m

III–IV
I
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3.3.5 Auxiliary data
The spatial patterns of AGB distribution
were examined with the help of auxiliary
environmental data (Study II). This included
climatic variables (mean annual temperature
[MAT] in °C and mean annual precipitation
[MAP] in mm); topographical and hydrological
variables (ALS2-based DEM, slope, aspect,
topographic position index [TPI], topographic
wetness index [TWI], rivers, and soil); and land
use classes (cropland, plantation, building, and
road).

3.4 Preprocessing and image
compositing
The Taita Hills have a mountainous
topography. Hence, spectral bands (blue, green,
red, NIR, SWIR1, and SWIR2) of all available
Landsat-7 ETM+ images between June 2012
and October 2013 (Study I) and Landsat-8 OLI
images between April 2013 and April 2015
(Study III–IV) were topographically normalized
(removing topographic shadows and varying
illumination caused by terrain). The semiempirical c-correction method (Teillet et al.,
1982) was used with the SRTM DEM, ASTER
DEM, and TOPO DEM (Study I) and the JAXA
DEM (Studies III–IV) (see section 3.3.4).
The vegetation indices, for example TC
indices (brightness, greenness, wetness) (Crist
1985), were calculated using the topographically
corrected surface reflectance (Studies I and III–
IV). The NDVI (Rouse et al., 1973) and reduced
simple ratio (RSR) (Brown et al., 2000) were
calculated using the non-corrected surface
reflectance, as they were found to be robust
against topographic effects (Studies I and III–
IV).
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Landsat spectral-temporal metrics based on
images available during the above-mentioned
time periods provide an opportunity for the
production of surface reflectance images devoid
of clouds, cloud shadows, or haze. The spectraltemporal metrics were computed based on the
statistical distribution of annual vegetation index
values and bands to provide complete, cloudfree coverage of the study area (Potapov et al.,
2012). All available Landsat-7 ETM+ time series
images (June 2012 to October 2013) were used
in Study I, and Landsat-8 OLI time series images
(April 2013 to April 2015) were used in Studies
III–IV. The spectral-temporal metrics included
several percentile values (10%, 25%, 50%,
75%, and 90%), the trimmed mean (10% and
25%), the inter-percentile range (10–90), and the
interquartile range (25–75) for all five vegetation
indices (i.e., NDVI, RSR, and TC indices) and
Landsat spectral bands. Those metrics were
computed for each pixel using all cloud-free
observations with reflectance data. The spectraltemporal metrics based on vegetation indices
were used in Study I, and vegetation indices and
bands were used in Studies III and IV.

3.5 Modeling
Field sample plots’ AGB and GC data were
derived from forest inventories carried out in
the years 2013–2015. Chave et al., (2014) pantropical allometric equation that derives AGB as
a function of DBH, imputed height, and wood
density was used as the main allometric equation
to estimate the AGB at each field sample plot.
Species-specific allometric equations for AGB
estimation were used when possible for plantation
forests, Acacia mearnsii and Eucalyptus spp.
(Paul et al., 2013), Pinus spp. (Henry et al.,
2011), and Phoenix reclinata (Brown 1997). The
GC, which represents tree size inequality, was
calculated based on basal area distribution in the
field plot (Figure 5). The GC ranges from 0 to

predictor group (~ 90 ALS, ~ 225 HS, and ~
200 LTS metrics). First, out of many highly
auto-correlated metrics (Spearman correlation
coefficient > 0.9), the one that had high relevance
to the variable of interest (response variables)
was retained. Second, probable best predictors
were identified using the “regsubset” function
in the leaps package. The best predictors were
then used as predictors in the biomass (Studies
II–III) and GC models (Study IV).
Figure 5. (a) Relationship between the Gini coefficient
(GC) and the Lorenz curve. (b) Mixed native forest with
regeneration (Lorenz curve). (c) Plantation forest – all
trees planted at same time (line of equality).

1, where 0 represents perfect equality (all trees
of equal size) and 1 represents perfect inequality
(few trees have the largest share) (Nölte et al.,
2018). Figure 5 illustrates that a plantation forest
has even-sized distributions, while an indigenous
forest has bimodal diameter distributions.
Forest structure attributes were modeled
from single or fused ALS, HS, and LTS data to
understand the ability of the dataset to estimate
the Fcover, AGB, and GC in tropical mountains
and to assess the usefulness of the integration
of those data. A two-step predictor variable
selection strategy was employed because of the
large number of predictor variables within each

Predictive models were developed between
the ALS-based, HS-based, and LTS-based
metrics as independent variables (individually or
fused) and the field sample plots (tree inventory
data – AGB [Studies II–III] and GC [Study
IV]) as response or dependent variables. Also,
spatially continuous ALS-, HS-, and LTS-based
metrics were created (the same metrics that were
calculated for the clipped plot and selected in
the final model) for the entire area of interest.
The predictive equations developed were then
applied to the entire area of interest to produce
spatially explicit estimates (30-m × 30-m grid
size) of inventory attributes (AGB [Studies II–
III] and GC [Study IV]). In Study II, determinants
for the spatial patterns of the AGB were modeled
using BRTs.
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3.6 Statistical analysis
In Study I, a simple linear regression
was used to model the relationships between
the Fcover and different predictors with and
without topographic normalization. The model
was trained with 2,000 random plots extracted
from fractional cover metrics from ALS data
covering the representative site with vegetation
variability at the landscape level. The model fit
was evaluated based on the root mean square
error (RMSE) and coefficient of determination
(R2). In Study II, a simple linear regression-based
model was used to produce the spatial prediction
of the AGB, and BRTs were used to examine
the relationship between the predicted AGB and
the explanatory variables. The model fit was
assessed using the total explained deviance of
the BRT model. In Study III, a linear regression
was used for the AGB modeling. Furthermore,
an accuracy assessment was based on leaveone-out cross validation (LOOCV) RMSE,
relative LOOCV RMSE, and pseudo and crossvalidated coefficients of determination (R2), and
the hypothesis test was based on intercept (a)
and slope (b) of the linear regression (H0: a =
0, H0: b = 1) and the ratio of the sum of square
(SSR). In Study IV, a beta regression was used
to model and predict the GC based on ALS
metrics and Landsat spectral temporal metrics.
Beta regression models were constructed using
different combinations of metrics (ALS1, ALS2,
LTS, ALS1+LTS, and ALS2+LTS). Those
models were assessed by LOOCV to safeguard
against possible over-fitting. All models were
evaluated by comparing their accuracy (relative
mean difference, RMSE) and relative RMSE, the
cross-validated R2, a hypothesis test, and SSR. It
was anticipated that changes in the composition
and forest inventory of the tree species in the field
sample plots were small and over 2–3 years, as no
30

sample plots were harvested during this period.
See more explanation about these equations in
Study I–IV.

4 Results and discussion
4.1 Effect of topographic
normalization
The effect of topographic normalization
on Fcover modeling was evaluated in the
tropical mountain landscape. Reflectance
bands from single-date images, the vegetation
indices, and the spectral-temporal metrics
(annual percentile and means) from the LTS
were calculated and examined to determine
whether normalization improved Fcover
regression. Furthermore, a comparison
between global (SRTM and ASTER) and
regional (TOPO) DEMs was performed. The
reference Fcover was calculated from ALS1.
The cosine of the solar incidence angle
(cos[i]) was calculated from each DEM, and
in the regression analysis between cos(i)
and reﬂectance bands without topographic
normalization, cos(i) based on the SRTM
DEM demonstrated the strongest relationship
(the highest R2 values) with reﬂectance in all
bands throughout the seasons. Furthermore,
cos(i) based on the TOPO DEM displayed
the weakest relationship with reflectance
bands (Figure 6, Study I). The results are in
line with the general preference of a three arc
sec SRTM DEM over an ASTER DEM (Frey
and Paul 2012; Hirt et al., 2010). The vertical
accuracy of SRTM is better than the ASTER
DEM; this is proved by higher correlation
(R2 = 0.999 and RMSE = 4.68) between the
SRTM DEM and the LiDAR-based DSM
(Figure 5, Study I), which is in line with
Elkhrachy (2018).
Furthermore, in the regression analysis
between the SRTM-derived cos(i) and
vegetation indices, the strongest relationship
was observed between cos(i) and brightness,
greenness, and wetness, while the lowest
relationship was observed between the
NDVI and the RSR (Fig, 7, Study I). The
low sensitivity of the NDVI and RSR to
topographic variations could be explained,

as they are effectively a ratio of some
reflectance bands and compensate for the
variations in illumination of the scene.
Galvão et al., (2016) also observed that the
NDVI was less sensitive to seasonal changes
in the biophysical attributes, and Song and
Woodcock (2003) found that the NDVI is
unaffected by topographic effects over a great
range of sun elevation angles. The results are
in contrast to those by Song and Woodcock
(2003) in regard to the TC indices. Not only
are the topographic effects, as measured by
the strength of the relationship between cos(i)
and reﬂectance, the most prominent from the
middle of May to late September (DOY 136–
270), but they also increase towards the end
of the year (Figs. 6 and 7, Study I). This is
explained by the low sun elevation angle in
the study area during those periods. Figure 6
illustrates the difference between a Landsat-7
image topographically corrected with the
ASTER, SRTM, and TOPO DEMs and
uncorrected in the forest and lowlands areas.
The spectral-temporal metrics were
calculated separately for reflectance data
(no topographic normalization) and the
topographically normalized reflectance
data using the SRTM DEM. In general,
the Fcover was best predicted (the highest
R2 values) during the dry season (July–
September) when observed for a singledate Landsat image. The strongest linear
relationships were observed for the RSR and
brightness, while the weakest were observed
for greenness. The spectral-temporal metrics
exhibited similar patterns to single-date
images, with improvement in R2 values for
TC indices but no effect for the NDVI and
RSR when topographic normalization was
performed. The improvement was the greatest
for brightness. In general, the strongest
relationships were provided by the lower
percentile values, particularly 10% and 25%
percentiles and the trimmed mean (10%).
These correspond to the lowest annual values
of the vegetation indices.
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In this study, an ALS1-based Fcover
proxy was used, which other researchers
have found to be a fairly accurate estimate of
forest canopy cover (Korhonen et al., 2013;
Heiskanen et al., 2015). Large samples of
Fcover were available in areas representing
diverse topographic conditions, which
would otherwise be impossible based on
a field visit. We opted to normalize sunterrain-sensor rather than sun-canopy-sensor
topographic effects (Gu and Gillespie 1998),
as the sample plots were randomly selected
from the agriculture-forest mosaic landscape.
We used spectral-temporal metrics based on
a statistical distribution of the vegetation
index values (e.g., Potapov et al., 2012)
instead of single, cloud-free images or
selection of the best annual pixel based
on compositing rules (e.g., White et al.,

2014). Similar results were obtained, since
topographic normalization did not improve
forest cover and change detection based on
pixel-based image composites (Chance et
al., 2016; Vanonckelen et al., 2015). The
lower percentile spectral-temporal metrics
representing dry season conditions were best
for the prediction of Fcover. Furthermore,
Galvão et al., (2016) have found NDVIbased phenological metrics to be sensitive
to topography in seasonal, deciduous forests
in the low-altitude, mountainous area in
southern Brazil. The results, however, are not
directly comparable, because of a difference
in the sensors used, the forest types, and
latitude. Further studies should thus examine
how topographic effects on seasonal metrics
depend on latitude.

Figure 6. (a) Bands 5, 4, and 3 composite Landsat-7 image acquired on 2013-09-29 depicting the study area. (b–e) Differences in
Ngangao forest areas and (f–i) differences in lowlands (leeward side) with uncorrected and topographically corrected image using Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), Shuttle Radar Topography Mission (SRTM),
and TOPO digital elevation models (DEMs).
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The topographic normalization slightly
deteriorated the model fit in the case
of the NDVI and RSR, suggesting that
normalization may add noise to the data and
that topographic normalization should be
avoided in cases of vegetation indices if the
final goal is to predict tree cover. Persistent
clouds and cloud shadows, as well as the
sensor malfunction (SLC-off) in Landsat
7, results in fewer sample plots during wet
seasons. Further research should examine
whether spectral-temporal metrics based
on Landsat images during dry seasons only
could yield different results, rather than using
all images available throughout the year.

4.2 Prediction of forest
structure attributes at
landscape scale: benefits of
data fusion
Airborne laser scanning provided the most
accurate RS data for the predictive modeling
of live, woody AGB in the tropical mosaic
landscape. Parametric models were able to
model the AGB with higher accuracy and
without any signs of systematic over- or
under-estimation in any range of the values.
The relationship between square-roottransformed AGB and ALS-based metrics
was linear. Furthermore, the analysis in
Studies II and III were performed across
tropical mosaic landscapes covering the
whole span of the Taita Hills and a subset
thereof (Sentinel area), respectively. In Study
II, the best AGB model was fitted with an R2
of 0.88 and an RMSE of 52.9 Mg ha−1 based
on the canopy height metrics (25th percentile
of height values) and canopy cover metrics
(percentage of all returns above 3 m divided
by the total first returns) from the ALS2 data.
In Study III, the ALS1 data alone provide
robust models for AGB mapping (RMSECV
51.5 Mg ha-1 [42.7%] and R2 0.90) based
on canopy cover and density (percentage of
all returns above 3 m) and canopy height
(25th percentile of the first return heights)
without stratification. The results were backtransformed (squared), and the square of

the residual standard error was added to the
predicted values. Table 6 presents a summary
of AGB estimations in various ecosystems
with ALS data, and Table 7 with multispectral
images in Africa.
Studies II and III used varying pulse
densities, and the accuracy of the biomass
prediction models were similar, indicating
that a high pulse density is not required
for the estimation of aboveground forest
biomass. In other literature, different height
bins derived from ALS point clouds (Vaglio
Laurin et al., 2016) and mean canopy profile
height (Asner et al., 2011; Asner et al., 2012),
among others, are used as predictors for the
AGB in a tropical forest. The accuracy of the
AGB estimates obtained in Studies II and
III were higher than most of the ALS-based
studies conducted in Africa. In Study III, the
accuracy did not improve for the ALS-based
model when the land cover was stratified. The
inclusion of land cover in the AGB prediction
models does not always improve accuracy;
in Avitabile et al., (2012), it led to biomass
overestimation for partially deforested areas,
as the errors and limitation in the land cover
map were propagated in the AGB map.
However, this was not the case in Study III,
since we used canopy height model and field
information in determining forest and nonforest classes. Overall, it was observed that
ALS performed comparatively better in the
landscape mosaic (Asner et al., 2012; Pellikka
et al., 2018) and mangrove forest (Fatoyinbo
et al., 2018) than in woodlands (Egberth et al.,
2017; Ene et al., 2016 ; Mauya et al., 2015;
Næsset et al., 2016) and moist evergreen
(Vaglio Laurin et al., 2014;Vaglio Laurin et
al., 2016) and tropical moist forests (Asner
et al., 2011). Furthermore, small-footprint
discrete return ALS data are commonly used
in other studies; however, in Studies II and
III, ALS data were acquired for whole the
landscape.
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Hyperspectral sensor bands and derived
vegetation indices had limited predictive
power when used alone in the AGB model.
The stratified models based on HS predicted
AGB with higher accuracy (rRMSECV 60.2%,
R2 0.79) compared to non-stratified models
(rRMSECV 74.4%, R2 0.69). Moreover, HS
data performed poorly in AGB models for the
forest plots (rRMSECV 39.1%, R2 0.21) and
non-forest plots (rRMSECV 87.6%, R2 0.45).
Despite variations in spectral responses,
HS-based AGB models did not performed
well. This can explain why AGB estimation
cannot be based solely on HS-based metrics.
Instead, further studies should expand, inter
alia, the number of metrics, vegetation
indices, original reflectance bands, and MNF
transformation and endmember fractions
obtained from linear spectral mixture
analysis.

variables and ALS data in tropical rainforests
in studies outside Africa (Phua et al., 2017).
The spectral signature of the dense vegetation
becomes saturated in closed-canopy forests;
therefore, further studies should consider
using texture measures, as the capability
of spatial resolution can be enhanced in
AGB detection (Phua et al., 2017). In the
Miombo woodlands, Egberth et al., (2017)
observed that the rRMSEcv decreased from
66.2% (using a Landsat-8 image alone) and
50.3% (using ALS data alone) to 49% for the
combination of Landsat-8 and ALS data; this
is still a comparatively higher error compared
to Study III (rRMSECV 40.1% and R2 0.91).
It clearly demonstrates the benefit of using
spectral-temporal metrics based on Landsat
image time series compared to a single
image. Further conclusions could be drawn,
as the LTS is better for a mosaic landscape.

The spectral-temporal metrics based on
the LTS were used to predict the AGB in
the heterogeneous landscape mosaic (Study
III). The stratified models based on the
LTS predicted AGB with higher accuracy
(rRMSECV 58.6%, R2 0.81) compared to nonstratified models (rRMSECV 70.5%, R2 0.72).
In contrast, the LTS models were poor for
forest (rRMSECV 37.5%, R2 0.26) and nonforest (rRMSECV 95.6%, R2 0.35) classes.

Figure 7 presents the scatterplots of the
observed values plotted against predicted
values for AGB (Mg ha-1) obtained by
LOOCV at the plot level in Studies II and III
for different sensor combinations. A simple
linear regression model was able to capture
the linear relationship between structural and
spectral data from ALS, HS, and LTS and
AGB. The spatial resolution of Landsat is
compatible with the plot size, and there was
no overfitting in the model.

In Study III, ALS-based metrics had greater
utility than HS and LTS-based metrics in
predicting AGB when used alone. Estimating
AGB with ALS and HS metrics yielded
slightly better predictions (lower rRMSECV
40.5% and higher R2 0.91). This improvement
indicates possible synergies between the two
data sets, similarly to Vaglio Laurin et al.,
(2014). In addition, the modeling accuracy
improved considerably when the land covers
were stratified as forest and non-forest classes
(RMSE 33.1 % and R2 0.94). Furthermore,
the combination of ALS with LTS data
resulted in minor improvements in the forest
and non-forest plots. However, significant
improvements have been reported on the
synergistic use of Landsat-based texture
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In Study II, the ALS-based AGB map
was predicted at a 30-m × 30-m resolution
based on the best-fitting multiple linear
regression. The map displays the quantity
and spatial variation of the AGB across the
studied agriculture-forest landscape mosaic.
The largest values were concentrated on the
montane forest patches on the hills and slopes
with northeastern and southeastern aspects.
In general, the AGB density decreases
towards the lower elevations. Furthermore,
lower densities (less than 30 Mg ha−1) were
observed in the northwestern part of the area,
which is in the rain-shadow of the hills. Some
hilltops, for example in Yale and Ngangao,
are without tree cover. In the foothills and

lowlands, AGB densities are low and less
variable compared with the hills, particularly
in the northeastern and southeastern parts of
the area. In the lowlands, a larger AGB is
concentrated in riverine areas, as they provide
the consistent wetness necessary for trees.
Predicting forest structure attributes using
ALS-derived point cloud metrics is quite
common in forest ecosystems. However, this

study is not focused solely on forests, but it is
conducted at the landscape level, i.e., across a
mosaic of agriculture-forest land use. Figure
8 illustrates the AGB distribution in the Taita
Hills at a 30-m spatial resolution (Study II).
The pixels were summed for each class, and
the total area and total AGB were calculated
(Figure 8).

Figure 7. Observed versus predicted aboveground biomass (AGB) (Mg ha-1) values based on individual and combined sensors. In
Study II, (a) a single model was used for the whole landscape based on airborne laser scanning (ALS2) data. In Study III, individual
and combined sensors were used (b–e) without and (f–i) with land cover stratification (forest/non-forest). The terms ALS, HS,
and LTS represent airborne laser scanning data, hyperspectral data, and spectral-temporal metrics based on Landsat time series,
respectively. See Table 2 for further details on ALS1 and ALS2.
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Ghana

Vaglio Laurin et al.,
2016

Moist evergreen and semi-deciduous forest

Miombo woodlands
0.16

-

0.07

175.1

-

51.3

65.8

-

0.3

45.9

49.2

214.7

Integration of LiDAR metrics with hyperspectral bands improved model fit [R2 = 0.70; RMSE = 61.7 (35.8 %)].

Tanzania

Ene et al., 2016

Miombo woodlands

0.07

461.9

111.8

AGC was converted to AGB using carbon fraction of 0.47 (IPCC, 2006)

Tanzania

Næsset et al., 2016

Miombo woodlands with some forest, cultivated land, and other vegetation types

0.06–
0.12

172.2

17.2,
124.5

4

Tanzania

Mauya et al., 2015

Tropical submontane rainforest

0.125

30.8, 211.7

104.3

3

Tanzania

Hansen et al., 2015

Moist evergreen forest, some areas of dry
evergreen and semi-deciduous forest types

0.28

306.4

SD

Cross-validated value was selected when available

Sierra Leone

Vaglio Laurin et al.,
20144

Wide range of vegetation types (dry and
humid forest)

0.28

Mean

15–405

0–349.87

0–213.4

0.3–349.9

43–1147

0–586.9

3.0–61.5,
19.8–547.6

-

Range

AGB (Mg ha–1)

AGC was converted to AGB using carbon fraction of 0.47 (IPCC, 2006)

Madagascar

Asner et al., 20123

Tropical moist forest

Plot
size
(ha)

2

Madagascar

Asner et al., 20112

Type of vegetation

1

Country

Reference

Table 6. Summary of recent studies using airborne laser scanning (ALS) for aboveground biomass (AGB) modeling in Africa.

47.1

31.16

31.8

149.2

67.8

44.9

75.4

RMSE1

0.72

0.64

0.69

0.70

0.64

0.88

0.68

R2

26.9

47.4

62.0

46.8

32.3

39.4

-

24.6

RMSE
(%)

Optech ALTM
GEMINI

Leica ALS70

Leica ALS70

Leica ALS70

Leica ALS70

Optech Airborne Laser
Terrain Mapper (ALTM)
GEMINI

CAO

Carnegie Airborne Observatory (CAO)

Sensor
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5

Kenya

Tanzania

Kenya

Kenya

Mozambique

Kenya

Adhikari et al., 2017

Egberth et al., 2017

Pellikka et al., 2018

Pellikka et al., 2018

Fatoyinbo et al.,
2018

Heiskanen et al.,
20195

Montane forests, exotic plantations, other
semi-natural vegetation and agriculture

Mangrove

Lowland savanna and agricultural areas

Montane forests, exotic plantations, other
semi-natural vegetation and agriculture

Miombo woodlands

Montane forests, exotic plantations, other
semi-natural vegetation and agriculture

Savanna woodlands and grassland

0.1

0.52
120.7

203

9.3

118.1

0.1
0.1

51.3

123.0

0.85

0.07

0.1

0.08

160.5

166

-

-

45.9

153.0

1.18

0.3–642.2

-

0.0–51.4

0.3–681.7

0–133.5

0.1–671.3

0.45–6.1

Integration of LiDAR metrics with hyperspectral bands and metrics improved model fit [R2 = 0.94; RMSE = 40 (33.1 %)].

Zambia

Tesfamichael and
Beech 2016

37

51.5

122

4.26

56.9

23.3

52.9

0.53

0.90

0.85

0.89

0.93

0.64

0.88

0.81

42.7

33

44.7

48.5

50.3

43.0

62.4

Optech ALTM
3100

Optech ALTM
3100

Optech ALTM
3100

Leica ALS70

Leica ALS60

ALTM
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1

Plantation forest

South Africa

Burkina Faso

Tanzania

Tanzania

Burkina Faso

Nigeria

Kenya

Dube and Mutanga
2015b

Karlson et al., 2015

Gizachew et al.,
2016

Egberth et al., 2017

Heiskanen et al.,
2017

Chenge and Osho
2018

Heiskanen et al.,
2019

AGC was converted to AGB using carbon fraction of 0.47 (IPCC, 2006)

Montane forests, exotic plantations, other
semi-natural vegetation and agriculture

Mixed, moist, semi-evergreen rainforest
with variable forest density

Community-managed forest

Miombo woodlands

Miombo woodland

Open woodland, agro-forestry parklands,
plantation and dense forest patches

National scale (cropland, grassland, woodland, forest)

Uganda

Avitabile et al.,
2012

Type of vegetation

Country

Reference

0.1

0.36

0.1

0.07

0.07

0.25

0.04

0.04 /
0.25

Plot
size
(ha)

120.7

261.9

18.71

51.3

62.10

26.6

-

-

Mean

160.5

148.5

14.5

45.9

48.73

27.2

-

-

SD

AGB (Mg ha–1)

Table 7. Summary of recent studies using multispectral satellite images for aboveground biomass (AGB) modeling in Africa.

0.3–642.2

33.4–622.4

0–67.4

0–133.5

0–350.30

0–153

-

0–383

Range

70.7

55.51

4.6

30.6

43.66

17.6

9.55-20.15

13.9–16.9

RMSE

0.81

0.88

~ 0.55

0.38

0.57

0.53–
0.76

0.83–
0.86

R2

58.6

21.1

51.7

66.2

66.0

18.07–
14.40

-

RMSE
(%)

Landsat-8
OLI

Landsat-8
OLI

Landsat-8
OLI

Landsat-8
OLI

Landsat-8
OLI

Landsat-8
OLI

Landsat-8
OLI/ Landsat-7 ETM+

Landsat-7
ETM+

Sensor
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4.3 Explanation of above
ground biomass (AGB)
distribution and forest tree size
inequality based on maps
The determinants for the spatial distribution
of AGB in the tropical landscape mosaic
were studied based on climatic variables,
topographical and hydrological variables,
and land use class (Study II). The total
explained deviance (cross-validated D2) of
the BRT model was 72.7%. Mean annual
precipitation (37.6%), cropland (16.9%), and
slope (15.3%) were observed to be the most
inﬂuential variables, while rivers, roads, and
soil type explained only 5.9% of the total
deviance. The AGB increased rapidly with
increasing precipitation, and it was greatest in
the mid-altitude hills where the MAP is high
in comparison with the lowlands. The steep
slope (up to 37 degrees) in the northeastern
aspect and regions with a low cropland
fraction contained a high AGB. This result

is in line with Marshall et al., (2012), who
observed that the AGB was greatest in gentle
slopes and mid-elevation, which explained
63.7% of the variation on aboveground
carbon (AGC) in the EAM, especially in
Tanzania. However, a comparatively lower
AGB was present in the steepest slopes. The
AGB is more concentrated in northeastern
and southeastern slopes, with a decreasing
AGB on the leeward side. However, in
another study in Africa (Madagascar), Asner
et al., (2012) observed that elevation and the
fraction of photosynthetic vegetation cover
explained 27%–67% of the spatial variations.
In Study II, temperature and elevation were
removed, as they were highly correlated with
MAP. The factor for the spatial distribution of
live AGB can vary in different biomes as well
as in a dense forest topography and human
dominated landscape. In the study area,
agroforestry, which could hold more biomass
in the cropland, has been fairly common in
recent decades.

Figure 8. (a) Airborne laser scanning (ALS)-based aboveground biomass (AGB) distribution mapped at a 30-m × 30-m spatial
resolution. Histograms were calculated by summing (b) the total area in kilometer square (km2) and (c) the total AGB in million
tons (M tons).
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Forest structural heterogeneity can be
mapped using 3D structural attributes from
ALS and multispectral information from
RS sensors. A GC based on a Lorenz curve
quantifies tree size inequality among trees
within a forest and can be used to differentiate
the forest type and evaluate the effects of
management practice on forest structure. In
Study IV, ALS1 and ALS2 data, along with
the spectral-temporal metrics based on LTS,
were used for predicting forest structure
heterogeneity in the form of the GC in three
forest remnants (Ngangao, Yale, and Vuria).
Comparatively lower prediction accuracies
were achieved using ALS2 data (rRMSECV
15.10%, R2CV 0.40); the reasons could be weak
canopy penetration in a closed-canopy forest
and a low pulse rate compared to ALS1 data
(rRMSECV 13.90%, R2CV 0.49). The accuracy
obtained using the LTS in GC prediction was
lower in the three forest remnants (rRMSECV
16.30%, R2CV 0.30). Important synergies exist
between ALS and LTS metrics for predicting
the GC. The combination of ALS1 and LTS
data improved the rRMSECV from 13.90% to
12.5% in comparison with the use of ALS1

data only. However, with the combination of
ALS2 and LTS, the rRMSECV reduced from
15.10% to 13.00% in comparison with the use
of ALS2 data only. These results demonstrate
the potential of LTS metrics to increase
the prediction accuracy of forest structural
heterogeneity attributes. It is concluded that
if the heterogeneity of tree sizes must be
determined using ALS alone, then a high
point density is needed. In other cases, lowdensity ALS data sets could be supported by
satellite data providing information about the
variation in forest density to obtain reliable
results.
In the boreal forest, the potential of ALS
data and vegetation indices derived from highresolution multispectral data in predicting the
GC has been demonstrated (Manzanera et
al., 2016; Valbuena et al., 2016). However,
the accuracy obtained by Valbuena et al.,
(2017) using ALS and airborne MS digital
camera-based NDVI metrics was R2CV of
0.45, which was lower than the accuracy of
0.59 achieved in this study. This study is the
first to exploit such potential with satellite

Figure 9. (Left) Gini coefficient (GC) map for Yale. (Right) The GC for indigenous and exotic plantations (eucalyptus,
cypress, and pine) in the Yale forest in the Taita Hills based on pixel value.
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imagery of a coarser resolution (Study IV).
However, to the best of my knowledge,
Study IV is the first study in Eastern Africa
to estimate the GC in a tropical montane
forest. The beta regression was able to model
the GC with reasonable accuracy using ALS
and LTS-based metrics, and it demonstrates
how different pulse-density ALS data differ
in terms of predictive modeling. Figure 9
depicts the GC map for the Yale forest and
the histogram of the GC distribution in that
forest in indigenous, eucalyptus, cypress, and
pine forest stands.
Remote sensing approaches have proven
useful for demonstrating the pattern of GC
estimates outside of field inventory networks
(Valbuena et al., 2016). The ALS and LTS
metrics-based prediction of the GC reveals
the spatially continuous, heterogeneous
forest structure present in scattered, smallscale forests in the study area. Forest stands
have an even-sized, irregular, or bimodal
diameter distribution of tree sizes with each
forest remnant. The results of this study
suggest that plot-based estimates of the GC
are often not enough to perform a landscapelevel analysis. For example, at the level of
plot data, an indigenous forest has a bimodal
diameter distribution in all forest remnants.
However, with the RS prediction, we were
able to prove that the indigenous forests
in Ngangao and in Vuria are bimodal and
even-sized respectively (Figures 4 and 8,
Study IV). We thus emphasize the potential
of RS for increasing the statistical power
in pursuing ecological hypotheses and
displaying patterns on landscapes that cannot
otherwise be detected.

voids of the SRTM DEM were lost during
topographic normalization. Further research
should thus compare alternatives to the
SRTM DEM that are void-free, for example
a JAXA DEM or DSM/DTM based on ALS.
Integrating direct and indirect measures of
soil-based site productivity, along with ALS, HS-, and MS-based structural and spectral
information would have further improved
the AGB and GC estimation. However, we
observed that soil had low predictive power
in the spatial distribution of AGB (Study II).
The source of error in our study could have
been introduced by the use of a pantropic
allometric model and a manual error during
the forest inventory conducted by different
field teams. When possible, priorities should
hence be given to species-specific and
site-specific allometric models to improve
prediction accuracy. However, uncertainties
introduced because of the estimate of
wood density, the DBH, and the height
measurement should be considered. Further
research should be conducted in different
ecosystems and environmental settings to
understand whether an accurate prediction
can be made using ALS and LTS metrics.
High spatial-resolution satellite images,
for example RapidEye (5 m), WorldView
(1.84 m), Quickbird (2.4 m), PlanetScope
image (3 m), and SkySat (0.8 m), provide
opportunities to discriminate tree species,
which might in turn increase GC prediction.
Furthermore, the inclusion of textural
information (spatial variations in tones),
in addition to image spectral values, might
improve the estimation of forest structure
attributes.

4.4 Limitations and topics for
further studies
In the tropics, large numbers of pixels in
optical images were useless because of the
persistence of clouds, cloud shadows, and
haze, as well as sensor malfunction (Landsat-7
SLC-off). In addition, pixels falling on
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5 Conclusions
This thesis addressed the potential and
limitations of airborne and spaceborne RS
data for predicting forest structural attributes.
More specifically, the effect of topographic
normalization on forest fractional cover
prediction was addressed. Furthermore, it
was demonstrated that fundamental forest
structure attributes, such as the AGB and GC,
can be estimated with acceptable accuracy
through the integration of 3D structural
information retrieved from ALS data and
two-dimensional canopy spectral information
from HS and MS RS data in the tropical
mosaic landscape.
Airborne ALS and HS data are reliable
RS techniques for the estimation of forest
structural attributes in the agriculture-forest
mosaic within a tropical landscape. However,
for regular monitoring of a landscape
area, wall-to-wall ALS and HS data are
economically prohibitive. Persistent cloud
cover severely limits the extent of optical
RS data in the tropics. The spectral-temporal
metrics based on LTS have the potential to
improve the accuracy of forest structure
prediction models through complementary
data on the land surface phenology. Multitemporal data help to distinguish between
some vegetation types (for example
evergreen, coniferous, or deciduous) by
having continuous images throughout the
growing seasons. This study presented the
synergistic use of LTS and airborne ALS and
HS data for the estimation of forest structural
attributes in a tropical landscape.
In Study I, different vegetation and TC
indices were affected differently because of
the effect of the topography. The accuracy of
the Fcover prediction model did not improve
after topographic normalization in the case
of ratio-based vegetation indices (NDVI
and RSR) and TC greenness, but increased
in the case of TC brightness and wetness.
In contrast, the topographic normalization
of single-date Landsat images and spectral42

temporal metrics based on the LTS improved
Fcover prediction, especially when brightness
and wetness were used as predictor variables.
However, the NDVI and RSR were found
to be robust against topographic effects in
tropical mountain landscapes throughout the
year. Moreover, the SRTM DEM performed
better in comparison with the ASTER and
regional DEMs based on topographic maps.
The highest accuracy was achieved using the
RSR, and if the TC indices are preferred, then
we recommend topographic normalization
using the SRTM DEM.
In Study II, a linear relationship was
observed between plot-level AGB estimates
derived from inventory plots in the tropical
landscape and ALS metrics extracted from
corresponding locations. High-resolution,
accurate, and spatially explicit AGB estimates
at the landscape level were obtained based on
spatially explicit ALS2 data using a multiple
linear regression model. It was concluded
that ALS2 alone contributes more to the
prediction of AGB in the agriculture-forest
mosaic landscape. Furthermore, landscapescale spatial variations and determinants
of AGB distribution were explored. It was
observed that AGB distribution patterns were
controlled mainly by MAP, the distribution
of croplands, and slope, which collectively
explained 69.8% of the AGB variation. In
addition, plantation forests, topographic
position, and the density of buildings had a
minor inﬂuence on AGB.
In Study III, the AGB of trees outside
and in closed native forests was modeled at
the landscape level. The ALS1 data alone
provided robust models for AGB mapping
across the tropical mosaic landscape, even
without stratification (separate models
for non-forest and forest areas). The
incorporation of ALS1 data with HS data
extended the properties of forest structure
attributes from 3D to detailed canopy
spectral information, while the stratification
of land cover captured the variation in
relations between different sensors and the

field-estimated AGB. The combination of
ALS1, HS, and the stratification performed
well. However, it was observed that in
the ALS1+LTS models, the LTS metrics
contributed only slightly to explaining the
variation beyond that explained by ALS1
alone. Furthermore, comparing Studies II and
III, which used ALS2 (low) and ALS1 (high
pulse density) respectively, the estimated
accuracy of biophysical parameters such as
biomass did not increase significantly with
high pulse-density ALS data.

strategies in Africa. Further research should
utilize free and affordable satellite data, which
would result in sustainable development in
Africa.

Study IV showed the independent and
combined use of ALS and LTS data in
prediction models for accurately estimating
the GC. Airborne laser scanning provides
detailed and extensive information on forest
structure characteristics. The high pulsedensity ALS1 had relatively higher accuracy
compared with ALS2, and the LTS had
limited predictive power when used alone.
Study IV also demonstrated that maximum
accuracy and minimum error were obtained
with ALS1-derived metrics in combination
with LTS-metrics for estimating the GC.
This thesis highlights the potential of
ALS, HS, and LTS for RS tropical forest
structure attributes in the montane forestagricultural mosaic landscape. The cost
per unit area of ALS and HS data is high
at present; however, this will not be the
case in the future, as a rapid decrease in
acquisition costs has been observed in the
last two decades. Furthermore, ALS and
HS equipment mounted on unmanned aerial
vehicles is currently gaining attention and
is expected to reduce the acquisition cost
further. This thesis also demonstrates that
high-level accuracy can be obtained using
ALS and high-resolution HS RS data. It
further compared the impacts of different
pulse densities in ALS data for modeling
and mapping forest structure attributes. In
general, these technologies result in the
accurate monitoring and verifying of forest
structure parameters, which are important
for implementing climate-change mitigation
43
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