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Abstract: The use of optical remote sensing data for savanna vegetation structure mapping is
hindered by sparse and heterogeneous distribution of vegetation canopy, leading to near-similar
spectral signatures among lifeforms. An additional challenge to optical sensors is the high cloud
cover and unpredictable weather conditions. Longwave microwave data, with its low sensitivity
to clouds addresses some of these problems, but many space borne studies are still limited by low
quality structural reference data. Terrestrial laser scanning (TLS) derived canopy cover and height
metrics can improve aboveground biomass (AGB) prediction at both plot and landscape level. To date,
few studies have explored the strength of TLS for vegetation structural mapping, and particularly
few focusing on savannas. In this study, we evaluate the potential of high resolution TLS-derived
canopy cover and height metrics to estimate plot-level aboveground biomass, and to extrapolate to
a landscape-wide biomass estimation using multi-temporal L-band Synthetic Aperture Radar (SAR)
within a 9 km2 area savanna in Kruger National Park (KNP). We inventoried 42 field plots in the wet
season and computed AGB for each plot using site-specific allometry. Canopy cover, canopy height,
and their product were regressed with plot-level AGB over the TLS-footprint, while SAR backscatter
was used to model dry season biomass for the years 2007, 2008, 2009, and 2010 for the study area.
The results from model validation showed a significant linear relationship between TLS-derived
predictors with field biomass, p < 0.05 and adjusted R2 ranging between 0.56 for SAR to 0.93 for the
TLS-derived canopy cover and height. Log-transformed AGB yielded lower errors with TLS metrics
compared with non-transformed AGB. An assessment of the backscatter based on root mean square
error (RMSE) showed better AGB prediction with cross-polarized (RMSE = 6.6 t/ha) as opposed to
co-polarized data (RMSE = 6.7 t/ha), attributed to volume scattering of woody vegetation along river
valleys and streams. The AGB change analysis showed 32 ha (3.5%) of the 900 ha experienced AGB
loses above an average of 5 t/ha per annum, which can mainly be attributed to the falling of trees by
mega herbivores such as elephants. The study concludes that SAR data, especially L-band SAR, can
be used in the detection of small changes in savanna vegetation over time.
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1. Introduction

Vegetation structure components such as above- and below-ground biomass, woody cover, tree
height, basal volume, among others help with carbon stock estimation. According to the International
Panel on Climate Change (IPCC) [1], aboveground biomass (AGB) constitutes “all living biomass
above the soil including the stem, stump, branches, bark, seeds and foliage.” Valuation of these
structural variables assists with the assessment of fuelwood consumption, relied upon by some 80%
of sub-Saharan Africa, in addition to their ecological roles. Anthropogenic induced deforestation
and natural forest degradation has led to the release of some 1–2 billion tons of carbon into the
atmosphere, accounting for approximately 15%–20% of the global greenhouse gas (GHG) emissions [2].
By quantifying AGB through forest inventories, it is possible to understand the changes in the carbon
pool and productivity of tropical forests [3,4]. Reliable AGB reporting is dependent on accurate
field inventory, with regular updates, which is usually unavailable in most developing countries.
Reliable allometric equations for AGB estimation in this region are few or poorly documented. This is
partly attributed to the tedious work involved in the harvesting and weighing of tree species within
an ecosystem, with large financial and time costs [5,6]. Hence, most allometric equations do not
take into consideration the differences in tree species associated with variations in ecological regions.
Allometric models are developed based on relationships between biomass and tree characteristics
such as height and basal diameter [7]. Such relationships are therefore prone to errors associated with
models used in their development [5,8]. Forest impenetrability, and time and financial constraints,
have led to localized field inventories with few tree species [9], which are not representative over
large areas [3,10]. Remotely sensed data are more suitable for biomass assessments over wider spatial
coverages. However, the associated errors, mainly emanating from sampling procedures and errors
associated with the allometric models, need to be taken into consideration. Until 2005, most allometries
considered only the relationship between biomass, plant diameter, and wood specific density [5,6,8],
leaving out the height variable. Examples of such allometries are presented in [6] where a linear
relationship between AGB and log-transformed trees with D >33 cm in Kruger National Park (KNP)
was derived, with 16% and 12% errors for woody and leaf biomass, respectively.

Many studies have developed empirical models to assess vegetation spectral response to biomass,
with results indicating significant relationships between the two. Studies by [3] attributed these
relationships to seasonal variations in phenological conditions, seen in visible and infrared bands of optical
remote sensing datasets. Airborne laser scanners (ALS), light detection and ranging (Lidar) [11,12], and
terrestrial laser scanners (TLS) can solve the problems associated with cloud contamination in imagery.
Combining spectral reflectance with three-dimensional (3-D) capability facilitates canopy height
estimations such as those shown in [13] where Geosciences Laser Altimeter (GLAS) Lidar onboard
ICESat was combined with Shuttle Radar Topographic Mission (SRTM) to estimate forest heights in
Brazil. Similar studies by [14] found a linear relationship between Lidar derived canopy cover and
height metrics with AGB. Error identification and correction in AGB estimation is a major problem, and
averaging canopy metrics at the plot scale is a major source of error in Lidar to field data correlation [15].
The potential of TLS in vegetation structural mapping are covered in [16–19]. Despite being a relatively
new field, TLS allows a rapid acquisition of 3-D data with various applications [20–23]. Similar to Lidar,
TLS represents a non-destructive method of obtaining biomass estimates, however, unlike Lidar, which
covers large areas, TLS data capture is restricted to only a few meters [24,25]. Given its ability to acquire
data on the ground, it can be used for validation of other remote sensing datasets [17,19]. However,
a large number of point clouds are generated which would require sophisticated hardware and
software for processing the data [26–28]. New methodological workflows like those adopted by [19]
are able to extract individual trees from TLS point clouds by splitting trees into individual cylinders.
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Additional three-dimensional feature data can be acquired remotely by microwave sensors.
Synthetic Aperture Radar (SAR) employs active all weather sensors operated by sending a microwave
radiation to targets and detecting the intensity of radiation scattered back to the sensor by the target
(backscatter, σ0). The σ0 is a function of the incident angle θ, frequency, and polarization and is
affected by the dielectric properties of the target and the surface geometry [29]. The wavelength
(λ), relative to the size of the scatterer affects interactions between the two. Longer wavelengths
are more relevant in the detection of vegetation geometry due to their penetrative effects, resulting
in volume scattering [30,31]. The wavelength interaction with canopy elements results in diffuse
scattering, hence more energy returning to the sensor [32]. SAR systems with longer wavelengths
like L-band sensors penetrate into the canopy [29,33]. Cross-polarized measurements (HV or VH)
work better than co-polarized (HH or VV) in correlating σ0 to AGB since the former accounts for
canopy as opposed to ground components. By using dualpol SAR (both HH, HV), Mitchard et al. [30]
found a relationship between AGB and σ0. Additional studies by [34,35] combined SAR and Lidar
to improve AGB models by eliminating the bias that can occur from too many large trees. By using
different polarizations of SAR with Landsat Enhanced Thematic Mapper (ETM) data, Wijaya et al. [36]
developed empirical models to estimate how forest parameters responded to σ0 in Sumatra, while [37]
assessed the relationship between dualpol σ0 and AGB using models after [38]. Relevant studies by [39]
utilized multi-temporal and dual-pol SAR in assessing structural components of the vegetation within
KNP. The capability of L-band SAR backscatter intensity in quantifying small-scale forest degradation
in the Miombo woodlands of Mozambique over a three-year period was demonstrated in [32].

The present study, combining field inventory, high resolution TLS data, and L-band SAR data each
with varying spatio-temporal resolutions, assesses (i) the use of sub-canopy data to estimate biomass
at plot-level and the use of remote sensing datasets to upscale to the landscape level; and (ii) the
potential of L-band SAR in biomass change detection within a savanna ecosystem. The current study
is carried out within a Lowveld savanna. We established 42 field plots from which we inventoried
tree height and basal diameter, and which we later used to compute plot-level aboveground biomass
based on an allometric model specific to the study area. A TLS survey that was carried out in the
same area provided vegetation canopy variables—canopy height and cover that were regressed
with plot-derived AGB to generate a reference biomass for SAR biomass estimation for the study
area. With multi-temporal SAR, we were able to assess biomass changes within the study area over
a four-year period between 2007 and 2010. The study assessed the errors and accuracies associated
with the models used.

2. Materials and Methods

2.1. Study Area

The study was conducted in the vicinity of the Skukuza Flux Tower located in the southern part
of Kruger National Park (KNP) (Figure 1) about 13 km southwest of Skukuza in the N’waswitshaka
catchment. The current study was done under the framework of the Adaptive Resilience of Southern
African Ecosystems (ARS AfricaE) project. ARS AfricaE is implemented around eddy covariance flux
towers to assess biogeochemical interactions and their significance to the resilience of the savanna
biome to climate change [40]. The foregoing study was restricted to nine square kilometres around
Skukuza Flux tower site. The flux tower (25.0197◦ S, 31.4969◦ E) was established in early 2000 to
study carbon, water, and energy dynamics of semi-arid African savannas, as part of the South African
Regional Science Initiative (SAFARI 2000) experiment to understand the interactions between the
atmosphere and the land surface in southern Africa [41]. The landscape around the flux tower is
typically undulating at an altitude ranging between 355 and 378 m above sea level (a.s.l.) [41–43], with
Sabie River forming the major drainage system. The site is situated within broad- and fine-leafed
savanna biome, an ecosystem covering 32% of South Africa. The dominant tree species here are
Combretum sp. and Acacia sp. and the soil type is sandy clay loam Arenosol [42]. The area receives
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a mean annual precipitation of 547 mm and the mean annual temperature is 21.9 ◦C. The area is
underlain by granite and gneiss and characterized by very distinctive catena sequence of soils from
the crest to the valley bottom [14], with reddish or yellowish brown sand, grey hydromorphic sand,
and clay (seasonal waterlogged band of soils).

The characteristic biome is subtropical savanna, where the cover is not discrete but rather
characterized by a mixture of growth forms, primarily grasses, shrubs, and trees. Small patches
and gradual transition between open and closed vegetation cover are typical features of these
landscapes [44–52]. Such characterization has caused problems in not only differentiating between
the grass, shrub, and tree vegetation cover, but also in making the use of spectral information from
passive remote sensing a difficult challenge given the inherent complexities in its structure. There is
high pressure exerted by population increases and the need for people to derive their livelihoods from
this ecosystem. There has been a spike in the amount of poaching in Kruger National Park, particularly
in recent years, and this constitutes one example of the effects humans have on this supposed “closed”
environment. The significance of poaching does have an effect on the savanna ecosystem stability,
particularly the poaching of macro-herbivores, which will finally be manifested in vegetation.
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Figure 1. Imagery showing location of the study site in Skukuza, inventoried plots and terrestrial laser
scanner (TLS) footprint. The study is centered around the Skukuza eddy covariance tower (EC Tower)
as shown in the map. (Imagery source: Google Earth/Digital Globe).

2.2. Summary on Methodology

The main objectives of this study were to upscale sub-canopy field data to assess landscape
biomass using both optical and microwave datasets, and to use time series L-band SAR data to detect
biomass changes over a small area within a savanna. Figure 2 shows a simplified methodology adopted
in this study. We estimated AGB for the study area in three stages. First, we computed reference AGB
from the field inventory, and then used it to predict AGB based on three TLS-derived canopy height
metrics—canopy height, canopy cover, and their product as used by [14]; secondly, we derived AGB
from L-band SAR backscatter intensities with TLS-derived AGB in the first stage as reference data.
The final stage involved the use of the multi-temporal and dual polarization L-band SAR data, which
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was acquired during the dry season and processed after methodologies adopted from [31,39,41] to
estimate the change in biomass over a four-year period between 2007 to 2010.
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study. (The acronyms used in the flowchart are: DSM = digital surface model, DTM = digital terrain
model, CHM = canopy height model, OBIA = object-based image analysis, Pix = pixel, H = tree height,
D = diameter, Rsq = R-squared, RMSE = root mean square error).

2.3. Data Acquisition and Processing

2.3.1. Field Inventory Data

A detailed field inventory around the flux tower was carried out in March 2015. A total of
42 field-sampling plots, each measuring 30 m × 30 m were established around the tower. The location
of the centre of each plot was recorded using Trimble eTrex handheld Global Positioning System (GPS).
Within each plot, tree heights and basal stem diameters from stems greater than 5 cm thick were
measured at 1 m from the ground and recorded. For tree heights, Nikon Forestry Pro laser rangefinder
hypsometer was used to measure heights of trees taller than 1 m within the plots. The hypsometer uses
a three-point height measurement function (trigonometry) by first calculating the horizontal distance,
then capturing two other points to create an angle which it uses to accurately calculate vertical height.
For basal diameter, a diameter-at-breast-height (DBH) tape was used to measure the basal diameter at
1 m height. In this study, a tree and a stem are loosely defined as single- or multi-stemmed individuals
from the same rootstock and all branches from a particular point on the ground, respectively [14,15,53].
In cases where a tree had multiple stems, individual stems were measured, summed up and assigned
to a single tree. In total 237 trees were inventoried during the field campaign.

2.3.2. Terrestrial Laser Scanner (TLS) Canopy Height Model (CHM)

TLS data was acquired for the study area over a 51.8 ha footprint around the flux tower in
September 2015 using a RIEGL VZ-1000. The instrument uses a near infrared laser beam and is
suitable for forestry research. The system provides a measurement range of up to 1400 m with 5 mm
repeatability [54] (Table 1). Thirty scans were acquired around the flux tower at 300 kHz (limiting
the range to 450 m) with an angular resolution of 0.015 degrees. Reference points determined by
Real-Time Kinematic Global Navigation Satellite System (RTK-GNSS) measurements [55] were used
to georeference the scans to the WGS84 ellipsoid. RiSCAN PRO software (provided by RIEGL) was
used for the co-registration of the scans and point cloud generation. The point clouds were an octree
data structure with a mean point density and spacing of 286.27 points/m2 and 0.05 m, respectively.
To produce the pit-free CHM, the point clouds were processed using LAStools rapidlasso GmbH [56],
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following methodology used by [57] and substituting the platform from airborne to non-airborne to
adapt the process to TLS data.

Table 1. Riegl VZ-1000 specification (source: Riegl, 2015 [54]).

Laser Wavelength Near Infrared

Scanning method Rotating multi-facet mirror (V); rotating head (H)
Field of view 100◦ vertical, 360◦ horizontal

Laser beam divergence 0.3 mrad
Laser beam footprint 13.5 cm at 450 m, 70 cm at 1400 m *

Laser pulse repetition rate 70–300 kHz
Measurement rate 29,000–122,000/s

Scan speed 3–120 lines/s (V); 0–60◦/s (H)

* The entire laser beam footprint is 0.7 m at 1400 m but for this study we restricted the footprint to 0.134 m
at 450 m.

For the ease of manageability, we divided the point clouds into 250 MB large tiles with a 25 m
buffer. ‘lasground.exe’ was used to extract bare-earth by classifying ground and non-ground points.
All z-values above 0.1 m were dropped. We further used ‘lasthin.exe’ to simulate the diameter of the
laser beam at 135 mm in 450 m distance from the scan position [58]. To replicate each point eight
times in a discrete circle, we used a radius of 0.075 m around every input point, and then increased
the spatial resolution of the point clouds two-fold to 0.03 m. Noise and unclassified points were
filtered from ground points. Whereas we would expect pits within TLS data, similar to Lidar data, we
still have height variations within forest stands and so we account for these by computing CHM at
different height thresholds [57,59]. We therefore adopted the American Society of Photogrammetry and
Remote Sensing (ASPRS) classification of Lidar point clouds by computing CHM for every class [60] as
<0.5 m (bare + understory), 0.5–<2 m (low vegetation), 2–<5 m (medium vegetation), and ≥5 m (high
vegetation). Following this sequence, we derived six CHMs. The consecutive 5 m interval heights help in
improving the original morphological structure of tree crowns. According to [41], the average tree height
within the study area is 9.1 m, weighed by tree basal area and so, apart from the flux tower and riverine
vegetation which stand at about 21 m and above 21 m, respectively, most trees are below 20 m in height
(Figure 3). The final step involved triangulating the four CHM height thresholds (bare + understory,
low vegetation, medium vegetation, and high vegetation) using ‘blast2dem.exe’ to create a pit-free CHM
as a GeoTiff by merging all the tiles. We used a kill size of 0.18 in triangulating Triangulated Irregular
Networks (TINs), a value that is three times the step size (point resolution = 0.06 m). This would ensure
that only triangles three times larger than the resolution were used for CHM generation. Figure 3a–c
shows the resultant digital surface model (DSM), digital terrain model (DTM), and CHM.
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2.3.3. LOS PALSAR L-Band Data

The Japan Aerospace Agency (JAXA) launched Phased Array L-band Synthetic Aperture Radar
(PALSAR), on board Advanced Land Observation Satellite (ALOS) in 2006. PALSAR is a day and night
all-weather land observation satellite, and is an active microwave sensor using L-band technology
to achieve this capability. ALOS acquires data in both fine beam single (FBS) and fine beam dual
(FBD) polarimetric modes with a range resolution of between 0 and 60 degrees. This study used
four scenes with dual (HH-HV) polarizations for dry season since TLS data was captured during
the dry season. Additionally, backscatter works well in the dry season due to low canopy and
soil moisture [39,61]. Table 2 shows the specifications of L-band SAR datasets used in this study.
ALOS PALSAR datasets were processed after [37]. GAMMA Remote Sensing and Consulting AG
Modular SAR Processor (MSP) was used in SAR data preprocessing [62]. The datasets were acquired
as level 1.1 single look complexes (SLC) with original radar geometry (range, Rg × azimuth, Az) of
9.37 m × 3.2, respectively, hence the first processing procedure was to apply multi-looking (ML) in
order to derive backscatter intensity values. A sensor specific calibration factor of −115 dB was used
to radiometrically calibrate the ML images. The backscatter images were then geocoded using a 20 m
digital elevation model (DEM) by first generating the positional look-up table for each pixel in the
SAR Range-Doppler and DEM geometry [37]. This was followed by simulation of SAR intensity from
DEM to map geometry and a further transformation to SAR geometry. The final geocoding procedure
involved the co-registration of real and simulated SAR in SAR geometry, and transformation of SAR
Range-Doppler to map geometry.

To investigate speckle noise in the SAR data, we calculated the equivalent number of looks (ENL)
by dividing the mean square backscatter intensity by variance (e.g., ENL = mean2/variance) after
studies by [63]. The ENL was derived using a theoretical approach based on the nominal number
of looks and the signal to noise ratio (SNR) according to Equation (1) due to heterogeneity of the
study area.

ENL =
Nr ∗ Naz(
1 + 1

SNR

)2 (1)

where Nr and Naz are the number of range and azimuth looks, respectively. An increase in the ENL
significantly reduces speckle noise in the multi-looked SAR data [39]. Accordingly, Argenti et al. [64]
suggested that no filtering should be attempted on heterogeneous (point targets) areas. This is
applicable to the current study area, and so the authors did not carry out noise filtering. Topographic
normalization was then applied to the backscatter intensity images [65,66]. The final resultant geocoded
and terrain corrected backscatter SAR images had a ground resolution of 12.5 m.

Table 2. Characteristics of the L-band Advanced Land Observation Satellite (ALOS) Phased Array
L-band Synthetic Aperture Radar (PALSAR) used in the study. The datasets were acquired in Full Beam
Dual (FBD) modes with Horizontal-Horizontal and Horizontal-Vertical (HH-HV) wave polarizations
during dry seasons (DRY) between the years 2007 and 2010. T = Track, F = Frame. (source: JAXA).

Mode Date Polarization Incident Angle (◦) T F Season

FBD 29 September 2010 HH-HV 34.3 586 6680 DRY
FBD 11 August 2009 HH-HV 34.3 586 6680 DRY
FBD 23 September 2008 HH-HV 34.3 586 6680 DRY
FBD 6 August 2007 HH-HV 34.3 586 6680 DRY

2.4. Aboveground Biomass (AGB) Modeling

2.4.1. Field Derived Biomass

We computed field-based aboveground biomass (AGB) in three steps. First, height (H) and
basal diameter (D) of each tree was used to compute AGB at tree level in kilogram (kg) using Colgan
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allometry [15], as per Equation (2). This allometric equation was preferred because there exists no
species specific allometry derived for this region of KNP, or for many of the individual species found
in the site. The Colgan allometry used in this study was derived from destructive tree samples located
outside of the park, within a Colophosperum mopane dominated savanna north of the study site. Many of
the tree species sampled are commonly found in KNP, with a recommendation on a mean wood
specific gravity of 0.9 [15].

AGB = 1.09D(1.39 + 0.14In(D))H0.73ρ0.80 (2)

Second, all individual tree biomass within each plot was summed up, resulting in AGB in kg per
plot. Biomass is usually expressed per unit area and so the final biomass was reported in metric tons
per hectare (t/ha) after conversion based on the plot size of 0.09 ha. Table 3 gives a summary of the
results from inventoried variables, while Figure 4 shows field biomass distribution within the study
area, in t/ha.

Table 3. Summary statistics of the inventoried trees. DBH = diameter at breast height; AGB =
aboveground biomass.

DBH (cm) Height (m) AGB (kg/Tree)

Min 6.4 1.5 2.9
Median 35 6.2 267.1
Mean 35.2 6.2 508.1
Max 105 12 5825.6
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2.4.2. TLS CHM-Derived Biomass

We used the field data to model AGB based on TLS metrics. The 6 cm TLS-derived canopy height
model (CHM) was used in Trimble’s eCognition 8.9 [67] to delineate individual tree canopy cover
and height. Pixel-based chessboard segmentation at a scale of 1 m resolution was performed on the
CHM, with field plots as a thematic layer. Out of the 42 inventoried plots, only 33 plots fell within the
TLS footprint, and so these were used as reference data in deriving AGB from TLS canopy metrics.
A height threshold of 1 m was used to delineate pixels for canopy cover and canopy height, based
on field inventory where only trees with heights >1 m were inventoried. This height ensured only
woody vegetation contributed to biomass for the study area. Canopy cover (CC) was computed as
the area of the plot with pixels having height >1 m, as a proportion of the entire plot, expressed in
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percentage. Canopy height on the other hand, is defined as the mean height of pixels with H >1 m
per plot. Equations (3) and (4) show simplified formulas used to derive the two metrics, as adopted
from [14]. An additional CHM metric was computed as the product of CC and CH (Figure 5a,b below),
forming the third biomass predictor variable, CC × CH.

CC =
∑ pixels with H > 1 m/plot

Total pixels/plot
(3)

CH = ∑ mean pixels H > 1 m per plot (4)

We assessed the predictive performance of each predictor on the field AGB to select the best
amongst the three metrics. A linear regression model was used to predict biomass over the TLS
footprint, using field computed AGB. We used 60% of the field AGB dataset for regression model
calibration, and the remaining 40% for validation of the resulting predictions. To assess the linearity,
we looked at the model performance in terms of the resultant root mean square error (RMSE) and
bias (Equations (5) and (6)) from correlating the TLS metrics with both log (AGB) and normal AGB
values [68]. To assess error distribution with AGB, we computed residuals (Equation (7)) as the
difference between observed and predicted AGB for every TLS metrics.

RMSE =

√
i
n

n

∑
i=1

e2
i (5)

Bias =
i
n

n

∑
i=1
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The predictors were also fitted against the logarithm of AGB and the resultant residuals from
both the field biomass and log-normal biomass were used to select the appropriate model for deriving
AGB from TLS data. Studies by [6,15] both propose modelling the logarithm of field AGB, because
DBH has a stronger linear relationship with log(AGB).
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We did a comparison between the field measured height and the TLS-derived canopy height to
assess the level of accuracy. Figure 6 shows the relationship between field measured height and the
TLS-derived canopy height. The results show accuracy in field height measurement reducing with
increasing height, with higher heights showing overestimation by the laser rangefinder.
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2.4.3. Estimating Aboveground Biomass from SAR

To compute AGB from L-band SAR, we used a weighted average of TLS AGB (AGBtls), due to the
difference in resolution between the reference TLS-derived AGB (30 m) and the L-band SAR backscatter
intensity (12.5 m) datasets. We assessed the contribution of field biomass to the intersecting 12.5 m SAR
σ0 pixels by computing the area of pixels within each 30 m by 30 m field plots in order to get a weighted
area, Wa. The AGB per intersecting object (AGBnew) was computed as the product of AGBtls and Wa.
Chessboard segmentation was performed in eCognition with a scale of 1 (12.5 m), and the resultant
pixels were intersected with AGBtls. We assessed SAR σ0 AGB based on polarizations (HH and HV),
the years under investigation (2007–2010), and a combination of both using random forest and linear
regression algorithms for polarimetric and yearly AGB estimations, respectively. Breiman et al. and
Breiman [69,70] proposed random forest (RF) as ensemble learning for regression and classification
trees, with successive trees not dependent on earlier trees (bootstrapping). In bagging, the best
predictors are randomly chosen to split the tree, making RF a robust classifier against overfitting [71].
A script for this analysis was written in R statistical package. The analysis involved identification of
the raster pixels within each reference AGB polygons. This was run on all the pixels within all four
SAR backscatter raster grids.

2.4.4. Aboveground Biomass Change Analysis

Three image difference analyses were performed in ENVI, ArcGIS, and R statistical package.
We assessed relative AGB changes per pixel for each of the three change combinations: 2007 to 2008,
2008 to 2009, and 2009 to 2010 for the study area. To decide whether a change was significant, we
used R statistical package to reclassify both SAR backscatter predicted AGB and AGB change rasters
at 5 t/ha intervals because the resultant SAR predictions had standard deviations less than 5 t/ha.
We then overlaid the predicted biomass with a 2014 land cover map of the study area [72]. This allowed
us to assess possible effects of such change on land cover.

3. Results

3.1. Field Biomass

Figure 7 shows the distribution of field biomass per tree as computed from field inventory data.
The mean AGB within the inventoried plots was 31.9 ± 21.3 t/ha, with the plot with the lowest biomass
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yielding 3.1 t/ha and the plot with the maximum biomass yielding 94.3 t/ha, consistent with similar
studies carried out around Kruger National Park [6,15,53]. The trees within the inventoried plots had
D ranging between 6.4 to 105 cm, and H of between 1.5 (inventory targeted trees with H > 1 m) to 12 m,
with mean of 35 cm and 6.2 m for D and H, respectively. Most inventoried trees contributed biomass
(median biomass) ranging between 20 and 30 t/ha, as can be seen from the field biomass distribution
in Figure 4. Results from the 237 inventoried trees show variability with regards to AGB across the
plots (Figure 8), with a total woody biomass of 120,414 kg. The mean AGB for all inventoried trees
in the entire study site was 508.1 kg. The observed mean (± error margin) from all the 42 plots was
estimated at 535.9 ± 95.1 kg (95% confidence interval: 441 to 631) as shown in Figure 8. Two plots
(Id No. 322 and 716) recorded higher biomass values, with a total of three plots having 95% confidence
intervals falling outside the overall mean biomass (31.9 t/ha) of the inventoried trees. From the plot in
Figure 7, it is evident that D has a larger impact on the estimation of AGB than H.
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3.2. Biomass Prediction Models

Table 4 summarizes field AGB performance to TLS-derived metrics and L-band SAR backscatter
intensity performance to TLS-derived AGB (Figure 9). As expected, biomass values showed correlation
with all the TLS metrics and L-band backscatter. Of the three TLS metrics, a product of canopy cover
and canopy height performed better than the individual metrics, CC or CH, with the latter two resulting
in root mean square errors (RMSE) of 4.77 t/ha and 2.13 t/ha, respectively [14]. From these results,
it is evident that variance increases with increasing AGB. Studies by [6] propose log transformation of
biomass to stabilize variance in order to achieve homoscedasticity. We therefore correlated the TLS
metrics with both non-transformed and log-transformed plot biomass values (Figure 10) and further
assessed the resultant errors from SAR backscatter prediction from the product of the two metrics.

Table 4. TLS and microwave AGB predictor variables and associated error and coefficient of
determination (R2).

Predictors RMSE (t/ha) Mean AGB± σ (t/ha) Bias R2

CC 4.77 32.2± 26.73 1.27 0.91
CH 2.13 34.2 ± 24.43 −0.57 0.47

CCxCH 2.32 34.2 ± 30.78 −0.62 0.99
SAR-HH 6.7 32.2 ± 14.54 −0.21 0.63
SAR-HV 6.6 32.2 ± 14.29 −0.26 0.74

SAR_2007 9.3 19.92 ± 2.6 0.19 0.47
SAR_2008 3.9 20.07 ± 3.0 0.4 0.5
SAR_2009 4.6 20.24 ± 4.8 −0.6 0.61
SAR_2010 12.7 19.72 ± 5.2 −0.3 0.48
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Figure 9. Regression and residual plots between TLS metrics derived AGB and field. CC denotes
canopy cover, CH denotes canopy height, and RMSE denotes root mean square error.

TLS-derived biomass had RMSE lower than 5 t/ha. The error obtained from predicting AGB
using TLS metrics as reference is higher (6.7–6.6 t/ha for HH and HV, respectively) than that derived
from field inventoried biomass values (2.1–4.8 t/ha). This is due to additional error which results from
predicting the reference data (TLS-derived AGB) instead of field biomass. This was the case because the
field data points derived from 33 field plots were few, and so the TLS-predicted AGB provided more
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data points necessary for landscape-wide AGB estimation. There is biomass underestimation by the
SAR backscatter variables, as can be seen by both low mean biomass and the negative bias estimates.
SAR backscatter-derived AGB had a mean of 32.2, which is lower than those from TLS metrics.
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All AGB predictors yielded mean biomass ranging between 19.7 ± 5.2 t/ha for the 2010 SAR
backscatter-based prediction, to 34.2 ± 30.78 t/ha for the product of the TLS cover and height prediction.
All these values are within the range typical of biomass within the Lowveld savanna as presented by
previous studies in this ecosystem. Noticeable is the high biomass values along the riverbanks due to
riverine vegetation, and along the streamline. This can be explained by the fact that these areas store
water that can be used by the trees after the end of the rainy season. The spatial distribution of trees
in the study area has shown concentration of woody vegetation along the river valley, as attributed
to fertile soil deposits from upland areas [73]. Further, Scholtz et al. and Baldeck et al. [74,75] cited
soil catenal formations and associated soil and hydrological characteristics as major influences on
landscape-scale vegetation structure and compositional variability.

3.3. Radar Sensitivity to Biomass

We evaluated the sensitivity of SAR backscatter to AGB in two ways. First, we looked at
individual backscatter intensity, and then the SAR backscatter-derived biomass. Figure 11 shows both
polarizations and their response to aboveground biomass over the four years. HV polarizations have
lower backscatter values ranging between −30 dB to −15 dB, whereas HH polarizations have higher
backscatter values from around −22 dB to −12 dB. The graphs show AGB detectability up to around
100 t/ha AGB, after which there are sparse or no backscatter points. This means that it might not be
possible to accurately use SAR backscatter intensities in detecting AGB > 100 t/ha. From Table 4, the
HV has a lower RMSE of 6.6 t/ha as opposed to the RMSE from HH polarization which had 6.7 t/ha.

The σ0 values were weighted based on area proportion intersecting the TLS-AGB pixels.
A weighted biomass per intersection was then computed. A regression analysis between the σ0

and AGB showed that these two metrics were strongly correlated. We assessed the response of σ0 to
AGB in three ways: first we assessed the dual-pol multi-temporal SAR response; second, we assessed
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polarimetric response (HH and HV)—Figure 12, and lastly, we computed yearly AGB (Figure 13), to
assess the multi-temporal (2007 to 2010) SAR backscatter response to AGB. Generally, L-band SAR
underestimated AGB, with a mean AGB ± σ of 32.2 ± 14.54 and 32.2 ± 14.29 for SAR co-polarized
HH and cross-polarized HV, respectively, in comparison to TLS-metrics derived AGB. Lower AGB
estimates were recorded when we combined the polarizations for individual years, with 2007 and 2010
recording the lowest AGB of 19.9 ± 2.6 t/ha and 19.7 ± 5.2 t/ha, respectively. Figure 13 show the
biomass maps derived from combined datasets, different polarimetry, and individual years, using RF
and linear regression models.
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3.4. Biomass Change Detection

Since all the four SAR-derived AGB datasets were acquired during the dry season and from the
same sensor, a comparison of AGB between these years was carried out, with six band differencing
combinations. The temporal SAR AGB estimation for the three years yielded AGB ranging between
the lowest in 2007 at 19.9 ± 2.6 t/ha and the highest in 2009 at 20.2 ± 4.8 t/ha. We assessed the relative
change in AGB within the study area over the four years of study. Generally, there was an observed
slight increase in mean AGB between the years 2007 and 2009, but the overlap in the confidence
intervals of the estimated AGB over this period makes the increase nonsignificant. We therefore did
a relative change analysis over the four years covered by the SAR data to see what the changes were
in AGB. First, we classified biomass with 5 t/ha AGB classes, and then assessed the areas within the
study area which experienced changes in the AGB with an increase or decrease above 5 t/ha AGB
between the years. The results in Table 5 show an overall decrease in AGB, with 3.5% of the study area
experiencing a decrease of more than 5 t/ha over the four-year period. Only 3% of the 900 ha study area
showed an increase with more than 5 t/ha AGB. Generally, biomass decreased consistently between
2007 and 2009, from 3.3% of the area with an increase >5 t/ha in 2008–2007, to 3.2% in 2009–2008, and
finally, a lower 2.6% between 2010 and 2009. Conversely, the study area experienced high biomass
reduction with areas experiencing >5 t/ha reduction steadily increasing from 3.2% to 3.3% and finally
4.1% for 2008–2007, 2009–2008, and 2010–2009 combinations, respectively. Over the four year period,
more than 90% of the area experienced a change in biomass of less than 5 t/ha. This constitutes areas
which experienced a nonsignificant increase or decrease below the 5 t/ha threshold.

The cumulative change in area with >5 t/ha over the four years, when summed yields
a cumulative decrease in AGB within 81.9 ha (9.1%) of the study area where a cumulative increase in
AGB occurred within 96 ha (10.6%) of the study area. This shows that, overall, the area with AGB above
5 t/ha was reduced for 32 ha (3.5% of the study area). From the biomass change maps in Figure 14, it
is evident that most changes were restricted to the riverine vegetation and along streamlines, areas
which are generally covered by woody vegetation. This can be explained by the fact that these areas
are the places most likely to have biomass values more than 5 t/ha, and therefore these are the regions
where these changes could be detected.
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Table 5. Relative change in AGB in Skukuza between 2007 and 2010.

Increase (>5 t/ha) Decrease (>5 t/ha) <5 t/ha

Area (ha) % Area (ha) % Area (ha) %

2007–2008 29.9 3.3 28.8 3.2 841.3 93.5
2008–2009 28.9 3.2 29.9 3.3 841.2 93.5
2009–2010 23.1 2.6 37.3 4.1 839.6 93.3
Average 27.3 3.0 32.0 3.5 840.7 93.4

3.5. Uncertainty and Error Analysis

In this study, there are three definite sources of uncertainty: uncertainty in plot mensuration
during fieldwork, especially height measurement; uncertainties in using the field data for TLS-derived
AGB for the allometric model, and uncertainties in using TLS-derived AGB as reference data for AGB
estimation and change detection from SAR backscatter intensity data over a small area. Studies by [76]
have pointed to errors associated with field height measurement, as can be seen in Figure 6. Here,
an underestimation of tree heights is evident, with lower field inventoried heights correlating better
to the TLS height than higher measured heights. This is partly because the accuracy in height
measurement using a Laser rangefinder depends on the distance, and the further one moves from the
tree to be inventoried, the more difficult it becomes to pinpoint the highest point of a canopy from
which the measurement should be taken. A solution would have been to make several measures
of the same trees and average such height values. Diameter measurements are usually accurately
measured and hence their accuracies are not compromised during field inventories [38]. Biomass model
uncertainty in the study emanates from the difference in timing between acquisitions of field and TLS
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datasets. The former was acquired in the wet season while the latter was acquired in the dry season
of the same year. There is error propagation from field-TLS biomass prediction, and using the same
as a reference in predicting biomass from SAR. This is visible in the results from Table 4 where the
predictions with TLS AGB as reference yields higher RMSE values than the RMSE obtained in its
prediction from field-derived biomass. Additionally, SAR datasets lacked appropriate references for
accuracy assessment, which further motivated our use of TLS-derived AGB as the reference dataset
when modelling AGB from SAR backscatter intensities.

For error analysis, we looked at the residuals (Residual = (
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models—the difference between the reference and predicted or derived aboveground biomass.
To assess the assumption of heteroscedasticity in the model residuals which should result in the
model residuals being randomly distributed around zero for a range of predicted AGB, we plotted the
residuals against the predicted AGB values for TLS and SAR backscatter predictors. This also allowed
us to check for systematic bias from the regression models used in predicting AGB.

From the residual plots, the randomness in the points at lower biomass values is evidence
of linearity in relationship between the TLS metrics and the field-derived biomass—shown by the
scattering of residuals around the zero line. However, this linearity is visible with low biomass values
up to 40 t/ha, after which the residual errors increase and become positive in the case of canopy height
(CH), and negative in the case of both canopy cover and the product of canopy cover and height
(CC and CC × CH). Log-transformation on the field AGB improved the randomness in the distribution
of the residuals, and therefore an improvement in the linearity between log-transformed AGB and the
predictors can be seen.

4. Discussion

4.1. Distribution of Woody Biomass

The mean woody biomass around the study area from 42 inventoried field plots was 31.86 t/ha
(3.1–94.3 t/ha), which is within the range reported by earlier studies in the area [6,15,53], and typical
of the Lowveld savanna. From the field mensuration, tree basal diameter was found to be the greatest
determinant of woody biomass at plot level, and suffers from fewer introduced errors as opposed to
height measurement. However, the basal diameter does linearly correlate to the log-transformed AGB
as displayed by the residual plots. L-band SAR data allowed for woody biomass extrapolation over
the 9 km2 study area for assessment of area-wide biomass distribution. Despite the underestimation of
woody biomass within the study area, SAR backscatter predicted spatial variations in AGB within
the study area with a range from 2.9 t/ha in low vegetation areas (typically grass/shrub areas), to
101.6 t/ha around rivers, streams, and areas with clumped trees. These values are within typical
biomass ranges reported previously by [6] of 11.9–92.3 t/ha. The spatial distribution of woody biomass
around Skukuza is highly variable and this study showed higher biomass values occurring more
frequently around seasonal rivers and stream valleys. Studies by [14,75,77,78] have cited soil catenal
formations and associated soil and hydrological characteristics as major influences on landscape-scale
vegetation structure and compositional variability. This is also visible in biomass change and landcover
overlay maps. These areas also display extended vegetation greenness periods slightly beyond the
start of the dry season due to water availability [51] and are the areas displaying significant biomass
changes above 5 t/ha.

To derive TLS canopy cover and height metrics, we adopted a plot averaging as shown in [79],
thereby degrading the spatial resolution of the TLS data from full resolution of 6 cm to the 30 m field
inventory plot size. This method, though convenient for estimating each plot’s average biomass, leads
to errors as observed by [15], because intrinsic variability among individual trees within the plot are
left out. Within this typical Lowveld savanna exists both multi-stemmed and single-stemmed trees,
contributing biomass differently based on these metrics, which are in turn affected by non-linearly
related biophysical variables.
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The L-band SAR data were able to detect both increases and decreases in AGB of >5 t/ha, and
the spatial extent of these changes in terms of the proportion of the study area which experienced
the reported decrease or increase in biomass of this magnitude. Studies on structural changes in the
Lowveld have indicated similar decreases, with [79,80] associating the decreases to fuelwood and
timber extractions in settlement areas adjacent to the park. Whereas precipitation is seen as a major
limiting factor to savanna structural dynamics, biomass inclusive, it is fire and herbivory that affects
vegetation at similar magnitudes at local scales [14,79]. The former affects mainly low shrubs and
grass, while the latter, especially browsers, affects mainly woody vegetation. Given the localized scale
of this study, and the fact that mostly wooded areas have been affected by the changes, it suffices
to conclude that herbivory, especially by elephants (mega-herbivores), is responsible for changes in
woody biomass because they push down big trees, thereby modifying both canopy cover and height.

The SAR backscatter intensity values between years vary within similar pixels (and areas)
in the study area despite having used data during the dry season within a one-month range
(September–October). This would also be helpful in explaining the changes in biomass, and can
be attributed to different change agents working in the study area concurrently at different spatial
magnitudes. Such would include eco-climatic, topo-edaphic, fire, and herbivory impacts within the
study area. These should therefore be investigated over the study period to assess their magnitude
of contribution to the biomass dynamics depicted by the change results. A study by [32] suggested
correction of effects of moisture to L-band SAR backscatter recalibration of backscatter to ground data
at each time point.

4.2. Temporal Dynamics in Woody Biomass

By using multi-temporal SAR data, we were able to detect biomass changes, both decreases and
increases within the study area, by estimating the proportional area which experienced a biomass
change of more than 5 t/ha over the four years under investigation (Table 5). Generally, the results from
the biomass change analysis showed a reduction in biomass over the four years under investigation.
This was evident in the cumulative reduction in area that experienced a biomass increase above 5 t/ha.
Additionally, the area which saw a reduction in biomass above 5 t/ha increased over the years from
28.8 ha between 2007 and 2008 to 37.3 ha between 2009 and 2010. The biomass change maps also
showed these changes restricted to areas with woody vegetation as opposed to shrub/grass areas,
with most of these areas around the rivers and streams. The areas with nonsignificant biomass changes
(<5 t/ha) were mainly within shrub and grass and bare land cover classes. Changes in shrub and
grass classes are attributed to regeneration after fire regimes and saplings from fallen trees [81]. On the
other hand, reduction in woody biomass is mainly attributed to mega-herbivores like elephants which
knock down big trees. Studies by [82] investigated the effects of megafauna (African elephant) on
woody vegetation between 2008 and 2014 in KNP and reported a mean biennial treefall rate of 12%
per hectare. This can not only lead to AGB reduction of proportional magnitude but can also lead to
a change in land cover, from trees to either shrubs or grass.

4.3. Uncertainties in Biomass Prediction

The error in biomass prediction varies with the method used, with SAR-derived AGB which was
not modelled directly from field inventoried data showing lower magnitudes than those modelled
with TLS-derived AGB. The allometric validation error (RMSE) from TLS-CHM predictor variables
were 4.77 t/ha, 2.13 t/ha and 2.32 t/ha for canopy cover (CC), canopy height (CH), and the product
of the two (CC × CH), respectively, constituting 12.5%, 6.3%, and 6.8% of the respective predicted
biomass means. The error values are reasonably small even though using the CC × CH biomass
with 7% error would lead to error propagation in subsequent predictions as highlighted in this study.
The high error values reported in predicting biomass from SAR backscatter are not higher than those
obtained within the same area using Nickless allometry [13,14] because the current study used some
trees with basal diameter >33 cm. Still, predicted higher biomass values are associated with trees with
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larger diameters than the ones used in the study. As [83] notes, most allometric models lack large
diameter classes and these errors associated with higher values can be explained from the deficiencies
in allometries used. This explains the non-linear relationships shown in the residual errors where the
prediction gets worse as the biomass gets larger. It is worth noting that the TLS canopy height model,
when calibrated and validated by field data, produces small errors.

5. Conclusions

This study examined the potential of upscaling field inventory and TLS data to estimate
landscape-wide AGB using L-band SAR data. The complementarities of each of these datasets have
been discussed. The field inventory datasets were used to estimate aboveground woody biomass
at the plot level, while TLS data helps in increasing the amount of reference data for extrapolation
with SAR backscatter over a wider area through regression models. The potential of TLS to estimate
AGB as well as the extraction of savanna vegetation structural components like canopy cover and
height and their product has been assessed. This study has shown that it is possible to use L-band
SAR data to detect biomass changes above 5 t/ha. Whereas these detections were possible with SAR
data under outlined accuracy conditions and within the same season in different years, the study did
not, however, look at the precise quantities of aboveground biomass loses and gains over the study
duration, rather the proportion of the area that experienced a change above the threshold values of
5 t/ha. Future studies should therefore look at quantitative estimation of these changes—this should
be possible under similar radar geometries and seasons over multiple years.

The availability of a small TLS footprint, coupled with few field inventoried plots over the study
area should be seen as a limiting factor in biomass estimation over the wider study area. This, coupled
with multi-resolution datasets used in the study leads to a compromise in utilizing the full potential of
TLS data at high resolution. There is a possibility of exploring field biomass inventory at a tree level
instead of a plot level. This, when combined with TLS data at full resolution, should go a long way
in estimating canopy-level cover and height structure parameters at the tree level as opposed to the
plot level.
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