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A B S T R A C T

A framework for estimating aboveground forest carbon stock (AFCS) is required for measurement, reporting, and
verification (MRV) systems under the United Nations Collaborative Program on Reducing Emissions from
Deforestation and Forest Degradation (REDD) in Developing Countries. Recently, methods for estimating the
spatial distribution of AFCS using remotely sensed datasets and multiple prediction techniques have been found
to be useful, particularly given the prohibitive costs of acquiring the necessary sample sizes for sufficiently
precise pure field-based estimation of this variable. The objective of the study was to assess and compare the
capabilities of airborne laser scanning (ALS) data, L-band radar data and UltraCam images in combination with
four commonly used prediction techniques for estimating mean AFCS per unit area: multiple linear regression
(MLR) and the nonparametric k-Nearest Neighbors (k-NN), support vector regression (SVR), and random forest
(RF) algorithms. Our study area was a part of Hyrcanian deciduous forests in two managed and unmanaged
stands at Shast Kalateh forest. We used a systematic sample consisting of 308 circular field plots of 0.1 ha located
at the intersections of a 150 × 200 m grid with a random starting point and remote sensing-derived metrics as
auxiliary data. We used 67% of the sample plots for training purposes and the remaining 33% for validation.
Also, we used the model-assisted estimators to statistically rigorously estimate mean AFCS per unit area and its
standard error (SE).

Among the remotely sensed datasets, considered singly, the ALS data with R2⁎ = 0.34, rRMSE = 47.42% and
relative efficiency (RE) = 1.51 produced the greatest accuracy and precision for AFCS estimation. RE can be
interpreted as the factor by which the sample size for the pure field-based estimator would have to be increased
to obtain the same precision as for the model-assisted estimator using auxiliary data. Among the remotely sensed
datasets considered in combination, the ALS and PALSAR dataset with R2⁎ = 0.41, rRMSE = 44.80% and
RE = 1.70 produced the greatest prediction accuracy and precision and increased the proportion of variability
explained relative to ALS and PALSAR separately by 7% and 36%, respectively. Contrary to our expectation, the
combination of PALSAR and UltraCam data decreased the precision of AFCS estimates. All the remotely sensed
datasets, singly and in combination, with the most accurate prediction techniques for each combination pro-
duced estimates of AFCS that were within the 95% confidence interval for the field-based estimate.

1. Introduction

1.1. Background and motivation

Forest ecosystems contain 80% of the terrestrial carbon stock in the
aboveground biomass pool and 40% of the terrestrial carbon stock in
the roots, litter and organic soils pools (Wani et al., 2015; García et al.,

2010). Changes in cover, use and management of forests can affect the
transfer of carbon dioxide between terrestrial ecosystems and the bio-
sphere (Vashum and Jayakumar, 2012; García et al., 2010; Brown et al.,
1989). Thus, forests play a key role in the global carbon cycle, and
forest monitoring is an important component of programs such as REDD
+ (Reducing Emission from Deforestation and forest Degradation, plus
the sustainable management of forests, and the conservation and
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enhancement of forest carbon stocks) and GOFC-GOLD (Global Ob-
servation of Forest and Land Cover Dynamics) (Hopkinson et al., 2016;
Carreiras et al., 2012; Tsui et al., 2012; García et al., 2010). Above-
ground, living tree biomass (AGB) is the largest forest carbon pool that
is directly influenced by deforestation and forest degradation (Vashum
and Jayakumar, 2012; Gibbs et al., 2007). The carbon concentrations of
different tree parts generally vary between 47% and 53% of tree bio-
mass, depending on species (Vashum and Jayakumar, 2012; García
et al., 2010), and in the absence of local information are commonly
assumed to be approximately 50% (Wani et al., 2015; Galeaña-Pizaña
et al., 2014; García et al., 2010; Houghton, 2005). Accordingly, pre-
diction of tree biomass is recognized as an important step in estimation
of aboveground forest carbon stock (AFCS).

Once allometric models are selected or constructed, field plot
measurements are traditionally used to predict individual tree biomass.
However, these models have disadvantages and are often difficult to
obtain, especially for remote areas. Also, they do not provide the spatial
distribution of biomass at large scales, especially in many developing
countries such as Iran which have no well-established national forest
inventory (NFI) or monitoring system. A complementary approach is to
augment field data with remotely sensed auxiliary datasets that provide
spatially continuous and temporally explicit information for large areas.
Hence, estimation of biomass carbon stock using auxiliary data from
airborne and space-borne remote sensing sources has emerged in recent
decades (Thapa et al., 2015; Asner and Mascaro, 2014; Lu, 2006).
Nevertheless, field data are still necessary for calibration and validation
of remote sensing-assisted prediction techniques. Although consider-
able research has addressed estimation of biomass carbon stock using
optical, radar and airborne laser scanning (ALS) data, singly or in
combination, with both parametric and nonparametric techniques, ac-
curate biomass carbon stock estimation is still challenging.

1.2. Remotely sensed datasets

ALS sensors are a source of remotely sensed auxiliary data that can
produce height information which, in turn, can be used to assist in
constructing accurate maps of forest attributes such as biomass and
enhancing inferences for population parameters (Chen et al., 2016;
Asner and Mascaro, 2014; Zolkos et al., 2013; Kronseder et al., 2012;
Latifi et al., 2012; Tian et al., 2012). However, their cost and limited
availability inhibits widespread application for forest assessments (Lu
et al., 2014; Vaglio Laurin et al., 2014; Zald et al., 2016). The cap-
abilities of space-borne synthetic aperture radar (SAR) systems to ac-
quire cloud-free and wall-to-wall images make them useful instruments
for tracking forest carbon. Long wave SAR systems with their canopy
penetration capability can contribute to the volumetric analysis that is
required for biomass carbon stock estimation. (Thapa et al., 2015; Sinha
et al., 2015; Tsui et al., 2013; Tian et al., 2012; Saatchi et al., 2011).
However, signal saturation is a problem for biomass carbon stock pre-
diction via a direct approach using radar responses (e.g., backscatter,
SAR coherence), thereby limiting SAR capability for prediction of large
density biomass (Imhoff, 1995; Dobson et al., 1992). Optical sensors are
a common source of auxiliary data for biomass carbon stock prediction
with many studies using medium spatial resolution data (Fernández-
Manso et al., 2014; Wani et al., 2015; Yadav and Nandy, 2015).
However, optical remotely sensed data have limited capability for
predicting forest vertical structure, and when crown closure is reached,
differences in spectral responses diminish with the result that predic-
tion tends to become asymptotic (Lu et al., 2014; Tsui et al., 2012). In
addition to less biophysically complex areas, increases in spatial,
radiometric and temporal resolution associated with aerial imagery
generally improve biomass carbon stock prediction. Aerial imagery can
be a source of high quality, wall-to-wall, remotely sensed data for es-
timating forest biomass on small- to medium-sized forests, or as a
sampling tool in large forest areas, with relatively small costs
(Kachamba et al., 2016). Despite the individual drawbacks of these

remotely sensed data, many studies have demonstrated that integration
of data from multiple remote sensors can increase the precision of
biomass carbon stock estimates (Vaglio Laurin et al., 2014; Anderson
et al., 2008; Tsui et al., 2012; Zhao et al., 2016).

1.3. Prediction techniques and statistical inference

Multiple prediction techniques, each based on different underlying
assumptions and complexity, can be used to predict biomass carbon
stock. Many studies have demonstrated that regression models using
remotely sensed auxiliary data are effective for predicting biomass
carbon stock, but the results may be poor in the cases of insufficient
ground sample sizes and/or weak regression-based relationships be-
tween biomass carbon stock and predictor variables (Lu et al., 2014).
Non-parametric algorithms, some of which use machine learning, are
alternative approaches.

Although prediction accuracy for sample units is of particular in-
terest, it is coming to be recognized as only an intermediate step en-
route to an inference in the form of a confidence interval for population
parameters such as the mean and its standard error (SE) (McRoberts
et al., 2016). Models are increasingly used in large area forest surveys
because of improved availability of remotely sensed auxiliary data
(Ståhl et al., 2016). Model-assisted regression estimators which rely on
probability samples for validity can increase the precision of estimates
and, thereby, enhance inferences (Särndal et al., 1992). Relative effi-
ciency (RE) can be used to assess the contribution of remotely sensed
datasets for improving the precision of AFCS estimates beyond that
obtained for pure field-based estimates and to assess the relative cost of
increasing ground sample sizes versus the cost of acquiring remotely
sensed auxiliary data and constructing maps (GFOI, 2016).

1.4. Objectives

Biomass carbon stock estimation is of growing interest in Iran, with
only a few studies having been conducted using optical data. Further,
ALS data have not been used for biomass carbon stock prediction in
Iran, and the capability of radar data is not completely understood.
Therefore, our research focused on estimating AFCS in Hyrcanian for-
ests of Iran with three specific objectives: (i) to evaluate the capability
of ALS data, L-band radar data and aerial digital images, singly and in
combination, (ii) to compare the multiple linear regression (MLR), k-
Nearest Neighbors (k-NN), support vector regression (SVR), and
random forest (RF) prediction techniques, and (iii) to construct statis-
tical inferences using the model-assisted estimator and quantify the
precision gain in AFCS estimates for different remotely sensed datasets.

2. Materials and methods

2.1. Site description

The study was conducted in Shast Kalateh forest which is managed
by the Gorgan Forestry College and is located in northern Iran on the
shores of the Caspian Sea (Fig. 1). This forest is a part of Hyrcanian
forests which are remnants of the Pleistocene period (Sagheb-Talebi
et al., 2014). The study area is bounded by 54°21′-54°24′ E and 36°44′-
36°46′ N and includes 1100 ha of logged managed and unmanaged
temperate deciduous forests. The dominant aspect is western, and ele-
vation ranges from 270 to 740 m above sea level. Based on the Am-
berejeh climate classification, the study area is characterized as middle
humid climate with mean annual precipitation of 649 mm and mean
annual temperature of 15.4 °C. Parrotia persica, Carpinus betulus, Fagus
orientalis and Diospyros lotus are the dominant tree species.

2.2. Field-based AFCS estimation

We used field data for 308 circular sample plots of 0.1 ha
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(radius = 17.84 m) that were measured in 2011. The plots were located
at the intersections of a 150 × 200 m grid with a random starting point.
Plot center coordinates were estimated by means of differential global
positioning system (DGPS). For each tree with diameter at breast height
(dbh) of at least 12.5 cm, tree species, dbh measured with a caliper and
height measured with a Vertex (VL402) were recorded (Mohammadi,
2013) (Table 1).

For predicting individual tree AGB, we used species-specific allo-
metric models developed for Shast Kalateh forest using tree size prop-
erties as predictor variables (Shamsi Jamkhaneh, 2012). These species-
specific allometric models were used to predict tree AGB for the main
tree species, and a general model based on the main species data was
used for other relatively rare species. For this study, the uncertainty
associated with the allometric model predictions was considered neg-
ligible and ignored.

Plot-level AGB was converted to carbon content via multiplication
by a standard conversion factor of 0.48 for temperate and boreal broad-
leaved forests (IPCC, 2006). A variogram analysis indicated no mean-
ingful spatial correlation among plot-level AFCS data which contributes
to the efficiency of the inventory sampling. Minimum, maximum and
mean plot-level AFCS were 3.95, 218.78, and 53.02 Mg ha−1, respec-
tively, with standard deviation of 32.35 Mg ha−1. A range of structural
stages from regeneration stands with small AFCS to mature stands with
large AFCS revealed biophysically complex conditions on the study site.

2.3. Remotely sensed data

2.3.1. Airborne laser scanning data
ALS data were acquired on 12 October 2011 under leaf-on canopy

conditions using a Riegl LMS Q560 laser scanner (1064 nm wavelength)
mounted on a TB-20 aircraft at a mean flying altitude of 1000 m above
sea level. The sensor has a maximum pulse repetition frequency of
240 kHz with scan angle range of 22.5°–30°, resulting in average pulse
density of 4 pulses m−2 on the ground. The ALS data were processed by
the Rayan Naghsheh Company. All returns were classified as first re-
turns, last returns and other returns using RoiProcess software, and
outliers were delineated in TerraScan software. Ground points were
removed using the Kraus and Pfeifer (1998) algorithm and a digital
terrain model (DTM) was constructed using the triangulated irregular
network (TIN) interpolation method with 1-m pixel size. The mean
elevation difference between the DTM and 90 ground control points
showed mean DTM accuracy of 40 cm. A 2-m minimum height was used
to distinguish shrubs and understory vegetation returns from returns for
relevant parts of trees.

Canopy height and density metrics. Canopy height metrics including
height percentiles (1st, 5th, 10th, …, 99th) and other standard height
metrics such as the mean and coefficient of variation were calculated
(Næsset, 2004; Lim and Treitz, 2004; Patenaude et al., 2004). Further,
we derived canopy density metrics that represented the relative
cumulative frequencies of returns from the top of the canopy to the
2-m threshold height at different height levels in the canopy (Næsset
et al., 2016; Gregoire et al., 2016). In addition, amplitudes and canopy
closure (the ratio of returns at the given height to all returns) were
calculated using the Fusion software (McGaughey, 2015). The ALS
metrics for first and last returns were calculated separately for
31.62 × 31.62-m pixels that corresponded to the plot size.

2.3.2. Radar data
Fine Beam Dual (FBD) scenes in both horizontal transmit/horizontal

receive (HH) and horizontal transmit/vertical receive (HV) polarization

Fig. 1. Study area in Iran, Shast Kalateh forest.

Table 1
Summary of plot biophysical properties.

Variable Min Max Mean Std dev.

Mean dbh (cm) 18.05 67.18 34.48 8.24
Mean height (m) 7.13 28.70 19.99 2.92
Volume (m3) 0.45 71.71 26.28 11.60
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channels by the Phased Array L-band Synthetic Aperture Radar
(PALSAR) instrument on the Advanced Land Observation Satellite
(ALOS) were acquired for 7 July 2009. The scene was delivered in
single look complex (SLC) format with incidence angle of approxi-
mately 38°. To enhance the radiometric resolution and to achieve ap-
proximately square pixels, the radar data were multi-looked using
factors of 1 and 5 for range and azimuth direction. A 10-m DEM re-
trieved from topographic maps was used to terrain-correct geocoding
and lastly, all of the images were geocoded to the previously mentioned
pixel size.

Backscattering coefficient and rational variables. The backscattering
coefficient measures the intensity of energy per unit area that is
dispersed by an object (Galeana-Pizaña et al., 2014). As per Eq. (1),
image intensity can be converted to a backscatter coefficient in the form
of σ0 (Shimada et al., 2009):

° =
A
A

,flat

slope (1)

where σ is the uncorrected backscattering coefficient which depends on
the system's pixel size, Aflat is SAR pixel size for flat terrain, and Aslope is
true local SAR pixel size. Previous studies have reported that sloped
terrain can induce 2–7 dB dispersion on radar backscatter (Castel et al.,
2001), a non-negligible problem when assessing backscatter properties.
The Kellndorfer et al. (1998) normalization method with respect to the
dependence of surface and volume scattering on the local incidence
angle can be used to address these topographic effects. Using Eq. (2)
(Santoro et al., 2006), we converted σ0 to γ0 backscattering coefficient
(Attarchi and Gloaguen, 2014; Carreiras et al., 2012; Ulander, 1996):

° = °
cos( )
cos( )

,iref

iloc

m

(2)

where θiref is the incidence angle at a reference location (e.g., mid-
swath), θiloc is the local incidence angle, and m is the optical canopy
depth as a site-specific factor ranging between 0 and 1, but because it is
difficult to measure, it is commonly assumed to be 1 (Kim, 2012; Lucas
et al., 2010; Santoro et al., 2009; Thiel et al., 2009). We also calculated
the ratio of HH and HV (HH/HV) and the difference between HH and
HV (HH–HV) (Jinwei et al., 2012), both of which have been used for
forest and forest change monitoring (Miettinen and Liew, 2011; Wu
et al., 2011).

Textural and polarimetry measures. As additional predictors of forest
structure, the Gray Level Co-occurrence Matrix (GLCM) was calculated
(Haralick et al., 1973). The GLCM controlling parameters were window
sizes of 3 × 3, 5 × 5, 7 × 7, 9 × 9 and 11 × 11 pixels with a
horizontal and vertical shift of 1.0 for each of the γ0 backscattering
coefficients separately. We extracted textural metrics including mean,
variance, correlation, homogeneity, contrast, dissimilarity, entropy,
and second moment with the best window of 11 × 11. The Cloude
and Pottier (1997) target decomposition was applied for the PALSAR
data, an enhanced Lee filter with a window size of 5 × 5 pixels was
used (Lee, 1981), and performance was evaluated. Accordingly, the
alpha angle (α) and entropy (H) were computed to characterize the
interactions of the feature's physical properties with its polarimetric
behavior.

2.3.3. Digital areal imagery
Aerial images were acquired using Vexel UltraCam-D on 12 October

2011, contemporary with the ALS data. This imagery contains five
bands: panchromatic, blue, green, red, and near-infrared. Resolution of
the CCD-based sensor (Charge Couple Device) was 11,500 × 7500
pixels in panchromatic and 4008 × 2672 pixels in multispectral bands.
The sensor flight altitude of 1000 m above sea level with a focal length
of 101.04 mm for the panchromatic band resulted in a resampled

ground pixel size of 15 cm. These pan-sharpened images were prepared
by the Rayan Naghsheh Company to correction level 2. For greater
geometric calibration, we used the ALS DTM which resulted in an RMSE
of 1.2 pixels. In addition to the five bands with the radiometric depth of
16 bit, we used artificial color composite infrared (CIR) band in our
analyses.

Vegetation index and textural measures. Many vegetation indices that
reduce the effects of shadows and environmental conditions on
reflectance values have been proposed to enhance biomass prediction
in complex forest structures (Lu, 2006). We examined nine such indices
(Table 2). Further, we calculated 13 textural metrics including contrast
and its gray level difference vector (GLDV), mean and its GLDV, entropy
and its GLDV, angular second moment and its GLDV, correlation,
variance, dissimilarity, homogeneity, and inverse difference for each
spectral band. An optimal window size of 150 × 150 pixels was used
for calculating textural metrics (Mohammadi, 2013).

2.4. Prediction techniques

2.4.1. Multiple linear regression
An MLR model with stepwise selection of predictor variables was

used to predict the relationship between log-transformed AFCS and
metrics derived from the remotely sensed datasets, singly and in com-
bination. To abate overfitting problems caused by the large number of
independent variables, we used only predictor variables with large
importance as estimated from the RF algorithm (Section 2.4.2). Colli-
nearity in the selected model variables was investigated using the
variance inflation factor (VIF) (Belsley et al., 1980). We used residuals
analysis to assess and improve the fit of the MLR models to our data. We
corrected for the bias that occurs when back-transforming from the
logarithmic to the original AFCS scale (Baskerville, 1971).

2.4.2. Nonparametric algorithms
k-NN is a widely used prediction technique for use with combina-

tions of forest inventory and remotely sensed data (Chirici et al., 2016;
McRoberts, 2012; Tomppo et al., 2008; Zhou et al., 2011). The set of
sample units for which response and predictor variables are available is
designated the reference set, and the set of population units for which
response variable predictions are required is designated the target set
(McRoberts et al., 2015). For the number, k, of nearest or similar re-
ference units (neighbors), we considered values ranging from 1 to 50.
For the ith target unit, the k-NN prediction is (Eq. (3)):

=
=

y w y ,i
j

k

ij j
i

1 (3)

where, the subscript j indexes the selected nearest neighbors which are

Table 2
Vegetation indices.

Index Formulation Reference

SRI Nir
Red

Birth and McVey (1968)

NDVI
+

Nir Red
Nir Red

Rouse et al. (1973)

DVI Nir − Red Tucker (1979)
SAVI +

+ +
Nir Red

Nir Red
(1 0.5)

0.5
Huete (1988)

RDVI ×NDVI DVI Roujean and Breon (1995)
VIS123 Blue + Green + Red Lu et al. (2004)
GNDVI

+
Nir Green
Nir Green

Buschmann and Nagel (1993)

ND32
+

Red Green
Red Green

Mathieu et al. (1998)

ARVI +
+

Nir Red Blue
Nir Red Blue

2
2

Kaufman and Tanre (1992)
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equally weighted (wij = 1/k). We compared Euclidean, Squared Eu-
clidean, Manhattan and Chebyshev distance metrics (Gjertsen, 2007).
We used the leave-one-out (LOO) cross validation technique to optimize
the k-NN algorithm.

SVR has been shown to reduce overfitting, although use of SVR for
biomass prediction is not common (Marabel and Alvarez-Taboada,
2013). SVR assumes that each set of predictor variables has a unique
relationship with the response variable, and that the groupings and
relationships among these predictors are sufficient to formulate rules
that can be used for future prediction. HyperPlanes accomplish this task
in a multi-dimensional feature space built from axes representing the
predictor variables (Gleason and Im, 2012). Also, SVRs can overcome
linear regression limitations by using kernels (Lu et al., 2014). There-
fore, we examined linear, polynomial (degree 2 and 3), radial base
function and sigmoid kernels in this study. Grid search SVR parameter
optimization, a classic approach that relies on gradient descent con-
vergence (Gleason and Im, 2012), was used to select SVR parameter
values.

RF uses regression trees to estimate the relationship between re-
sponse and predictor variables and is widely used for biomass predic-
tion (Tanase et al., 2014; Hudak et al., 2012). Decision trees continue to
grow until the minimum error relative to the response variable is ob-
tained. RF models have been shown to reduce overfitting and sys-
tematic errors (Breiman, 2001), and in some cases have produced
greater accuracies than linear regression models for biomass prediction
(Powell et al., 2010). For all regression trees within an RF im-
plementation, the optimal number of predictor variables was selected
from within the range ±number of predictor variables 2.

2.5. Statistical analyses

2.5.1. Accuracy assessment
We randomly divided the sample data S into training and validation

subsets, denoted Strn and Sval respectively; trained the prediction algo-
rithms using the Strn dataset; and assessed accuracy using the Sval da-
taset. Accordingly, the distributions of the sample plot data in the Strn
and Sval datasets becomes important. We sorted the plots with respect to
AFCS values from minimum to maximum and then selected every third
plot for the Sval dataset with the result that the Strn dataset included 206
plots and the Sval dataset included 102 plots. The result was that our Strn
and Sval datasets had comparable distributions over the study area. All
models were evaluated using relative root mean square error (rRMSE)
and relative mean deviation (rMD) (Eqs. (4) and (5)):

= ×rRMSE
y

100,i S
y y

n
( )

val
i i 2

(4)

= ×rMD
y y n

y

( )/
100,i S i ival

(5)

where yi is the predicted value, yi is the observed value, y is the mean, n
is the Sval sample size, and i indexes the elements of Sval. In addition,
pseudo-R2 (R2⁎) was calculated as:

=R SS SS
SS

,mean res

mean

2
(6)

where

=ss (y y)mean
i S

i
2

val

and

=y 1
n

y .
i S

i
val

The analyses consisted of optimizing each of the MLR, k-NN, SVR
and RF algorithms for each of the remotely sensed auxiliary datasets.

For each remotely sensed dataset. The algorithm that produced the
greatest accuracy was used to estimate the population mean and its SE
(Section 2.5.2).

2.5.2. Population parameter estimation
For inventory purposes, an important objective is an inference in the

form of a confidence interval for a population parameter expressed in
terms of the estimated mean and its SE. Because our 308 sample plots
comprised an equal probability sample of the population, we adopted
the asymptotically unbiased, model-assisted estimators that rely on
probability samples for validity (McRoberts et al., 2015; Särndal et al.,
1992, Section 6.5):

=µ
N

y
n

y y1 1 ( )MA
i U

i
i S

i i
val (7)

and

=va r µ
n n

y y( ) 1
( 1)

( ) ,MA i S i i
2

val (8)

where U denotes the population and N is the population size.
An important aspect of this study was comparing the contribution of

each remotely sensed dataset for improving AFCS estimation beyond
pure field-based estimation. A common measure of this contribution is
relative efficiency (RE) (Eq. (9)):

=RE
var µ
var µ

( )
( )

,Field

MA (9)

where va r µ( )MA as expressed by Eq. (8) is the model-assisted variance
estimator for a particular remotely sensed dataset and va r µ( )Field as
expressed by Eq. (10) is the variance estimator for a simple random or
systematic sampling design:

=va r µ
y µ

n n
( )

( )
( 1)Field

i S i Field
2

val

(10)

where

=µ
y

n
.Field

i S ival

RE can be interpreted as the factor by which the sample size for the
pure field-based estimators of Eq. (10) would have to be increased to
obtain the same precision as for the model-assisted estimator using
auxiliary data. Athough the variance estimator of Eq. (10) is slightly
biased when used with systematic samples, the bias is conservative in
the sense that it produces an overestimation and, therefore, was ignored
for this study (Särndal et al., 1992).

3. Results and discussion

3.1. Remotely sensed datasets

3.1.1. ALS data
ALS-derived canopy height metrics are strongly correlated with

even large biomass (>1000 Mg ha−1) (e.g., Means et al., 1999), and
they can circumvent the accuracy problems associated with using op-
tical and radar data for predicting biomass. The k-NN prediction tech-
nique was the most accurate for the ALS remotely sensed dataset, ex-
plaining 34% of the variation in the AFCS observations with
rRMSE = 47.42% (Table 3-A). These fit statistics indicate somewhat
less accuracy than reported for some other studies, but are comparable
to those reported for Central Kalimantan using full waveform ALS with
rRMSE = 33.85% in both lowland dipterocarp and peat swamp rain
forest types (Kronseder et al., 2012). Also, Næsset et al. (2016) reported
rRMSE = 55.6% for AGB estimation in southeastern Tanzania. Our
somewhat smaller accuracies can possibly be attributed to several fac-
tors. First, smaller trees with dbh < 12.5 cm were not measured in the
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field, but were still represented in the ALS return heights. Second, our
0.1-ha plots were considerably larger than the 0.05-ha plots commonly
used for boreal and temperate inventories (Tomppo et al., 2008), but
were smaller than the 0.5-ha plots used for tropical forests to reduce
among-plot variances, boundary effects due to large crowns (Mascaro
et al., 2011) and the effects of GPS positional errors (Mauya et al.,
2015). Third, although we have infrequent mismatches between field
plot locations and corresponding areas for which ALS height metrics
were calculated, these mismatches likely caused adverse boundary ef-
fects. Gleason and Im (2012) reported rRMSE = 13.6% for biomass
predictions which can be attributed to little variation among the forest
properties, large plots with radius of 11 m, and an ALS system with a
large pulse density of 12.7 pulses m−2. However, García et al. (2010)
showed that the reduction of ALS pulse density had only a small effect
on AGB prediction accuracy for general models with all species and
decreased R2 from 0.70 for 1.5–4.5 pulses m−2 to 0.60 for 0.97–2.1
pulses m−2.

3.1.2. PALSAR data
For use with the PALSAR dataset, the RF algorithm with

rRMSE = 56.89% was more accurate than the other algorithms
(Table 3-A). However, the small R2⁎ = 0.05 signified no meaningful
relationship between AFCS and the radar metrics. This weak result can
be at least partially attributed to the complex site conditions relative to
the spatial and vertical forest structures that lead to signal saturation.
Other specific site conditions such as soil surface roughness and soil
moisture are also related to signal saturation (Hamdan et al., 2015; Lu
et al., 2014; Suzuki et al., 2013; Koch, 2010; Austin et al., 2003). From
Fig. 2, it can be seen that the AFCS saturation limit for this study was
approximately 50 Mg ha−1 (Imhoff, 1995; Luckman et al., 1997; Le
Toan et al., 2004) suggesting that the PALSAR data may not be sensitive
to our large AFCS range. Within-plot species diversity, topography, and
tree-to-tree variability in the study area are other factors that contribute
to this weak result. Zhao et al. (2016) reported relatively inaccurate
AGB prediction with R2 = 0.19 and rRMSE = 37.4% using PALSAR
textural information from the HH and HV channels (without selecting
the best window size). In the mixed forests of eastern China, Tsui et al.
(2012) reported that the L-band HV coherence with adjusted R2 = 0.47
did not appear to be more sensitive than L-band HV backscatter with
adjusted R2 = 0.61. However, in the latter study, L-band HH back-
scatter was not significantly correlated with AGB. Similarly, Næsset
et al. (2016) reported that mean height of InSAR from TanDEM-X as an
explanatory variable yielded rRMSE = 78.6% and R2 = 0.25, contrary
to reports of most other studies. Many studies have reported the in-
fluence of plot size on the strength of relationships between AGB/AFCS
and radar data. As an example, larger plots (Saatchi et al., 2011;
Carreiras et al., 2012) or with a difference in size (Mitchard et al., 2009)
improved prediction, especially in stands with greater species diversity.
Thapa et al. (2015) achieved RMSE = 28 Mg ha−1 for AFCS prediction

using PALSAR mosaic textural metrics, and backsctter coefficients with
their ratios from 2009 and 2010 in central Sumatra. Except for the
biophysically complex conditions in their study area and 25 m resolu-
tion of PALSAR mosaic data, they used two temporal radar datasets
with a plot size of 1.0 ha that can affect their results. In mountain
Hyrcanian forests using polarimetric and textural metrics of dual
PALSAR data, Attarchi and Gloaguen (2014) reported
rRMSE = 21.90% and adjusted R2 = 0.45. This result may be attrib-
uted to a homogenous site condition resulting from shelterwood cutting
and a plot size of 0.36 ha. The DEM used may have contributed to some
of the error in our study by not completely eliminating the significant
topographic influence. As shown by Attarchi and Gloaguen (2014),
precise slope correction can improve textural quality and AGB predic-
tion. The proportion of variabilility explained in our study is within the
range of reports for other studies (Vafaei et al., 2018; Stelmaszczuk-
Górska et al., 2018; Pereira et al., 2018; Pham et al., 2018; Omar et al.,
2017; Zhao et al., 2016; Deng et al., 2014).

3.1.3. UltraCam data
MLR was the most accurate prediction technique for use with

UltraCam data with rRMSE = 50.85% and R2⁎ = 0.24. Ronoud (2016)
reported rRMSE = 14.3% for AGB prediction using Landsat-8 data in a
pure Hyrcanian forest, and Fernández-Manso et al. (2014) reported
rRMSE = 37.7% for AGB estimation in managed pine woodlands using
ASTER fraction image and linear spectral mixture analysis (LSMA). In
another study in a mixed Hyrcanian forest with SPOT-HRG data,
Fathollahi (2013) reported rRMSE = 42.77%. With respect to the
greater spatial and radiometric resolution of the UltraCam data relative
to the other remotely sensed data, this result was not as expected. Using
Quickbird data for the same study area, Mosavi (2015) reported
rRMSE = 60.48% which was less than our result. Galeaña-Pizaña et al.
(2014) used SPOT-HRG NDVI variable for pine forests and SAVI vari-
able for fir forests with regression-kriging and achieved RMSE = 33.49
and RMSE = 45.43 Mg ha−1 for AFCS prediction, respectively.

3.1.4. Combinations of remotely sensed data
Table 3-B shows the performance of the prediction techniques using

combinations of remotely sensed datasets. The combined ALS and
PALSAR dataset using the k-NN algorithm produced the greatest ac-
curacy with R2⁎ = 0.41 and rRMSE = 44.80%. This combination in-
creased the proportion of variability explained by 7% and 36%, re-
spectively, relative to ALS and PALSAR datasets separately. Tsui et al.
(2012) reported that the addition of entropy and the backscattering
coefficient of C-band radar to the most accurate ALS-based model re-
duced AGB prediction error to 8% which is comparable to our results.
Also, the combination of ALS and UltraCam produced greater accuracy,
rRMSE = 45.49%, than using either of them separately. Similarly,
Vaglio Laurin et al. (2014) reported improved accuracy of AGB pre-
diction to RMSE = 61.7 Mg ha−1 and adjusted R2 = 0.70 using a
combination of ALS and hyperspectral imagery in an African tropical
forest. The addition of PALSAR metrics to UltraCam metrics resulted in
a 0.33% precision decrease relative to using UltraCam separately. The
combination of ALS, PALSAR and UltraCam produced no improvement
in accuracy relative to the most accurate dataset combination. Con-
trarily, for a study in a Hyrcanian forest, Amini and Sadeghi (2011)
showed that the integration of optical and dual radar data from the
ALOS satellite improved RMSE to 13.88 Mg ha−1 for AGB prediction.
Attarchi and Gloaguen (2014) reported for mountain Hyrcanian forests
that combining PALSAR-derived metrics and TM data improved the
error of prediction to 12.68%. Although, Tian et al. (2012) reported a
slight decrease in the accuracy of AGB prediction when HV backscatter
of PALSAR was added to most significant Principle Component Analysis
(PCA) of SPOT-HRG and auxilary variables of Infrared Index (IRI) and
DEM.

Table 3-A
Most accurate AFCS models using single remotely sensed datasets.

Dataset
(singly)

Algorithm Pseudo R2

(R2⁎)
rMD
(%)

RMSE
(Mg ha−1)

rRMSE
(%)

ALS MLR 0.26 −6.14 26.34 50.07
k-NN 0.34 −4.32 24.95 47.42
SVR 0.31 −7.85 25.36 48.21
RF 0.30 −2.48 25.65 48.77

PALSAR MLR −0.04 −12.95 31.29 59.49
k-NN 0.04 0.92 30.02 57.06
SVR −0.37 26.86 36.08 68.58
RF 0.05 −0.11 29.93 56.89

UltraCam MLR 0.24 −6.41 26.75 50.85
k-NN 0.18 −0.31 27.70 52.65
SVR 0.20 2.60 27.42 52.12
RF 0.21 −0.06 27.19 51.69
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3.2. AFCS estimation

Estimates of mean AFCS and the corresponding SEs obtained using
the most accurate algorithm for each remotely sensed dataset separately
are presented in Table 4. The pure field-based estimate of the mean AFCS
was 52.61 Mg ha−1 with SE = 3.05 Mg ha−1. For the model-assisted
estimators, estimates of mean AFCS ranged from 51.47 Mg ha−1 for ALS
to 55.39 Mg ha−1 for the ALS, PALSAR and UltraCam combination. The
model-assisted estimates were within an approximate 95% confidence

interval for the pure field-based estimate (46.57–59.16 Mg ha−1). The
estimate of the population mean based on ALS and PALSAR combination
was closest to the field-based estimate and had the greatest explanatory
power with R2⁎ = 0.41. SEs obtained using the various remotely sensed
datasets ranged from 2.34 Mg ha−1 for the ALS and PALSAR combina-
tion to 2.97 Mg ha−1 for PALSAR. Also, RE ranged between 1.05 for
PALSAR and 1.70 for the ALS and PALSAR combination. The smallest SE
and the largest RE were obtained for the ALS and PALSAR combination
which had greater accuracy than the other datasets. Of importance,
RE = 1.70 for the ALS and PALSAR combination indicates that the
sample size would have to be increased by 70% to achieve the same
precision without use of the remotely sensed data as was achieved with
it. Sample size increases of 70% are substantial and in many cases may be
prohibitive. Graphs of observed versus predicted AFCS for each of the
seven remotely sensed datasets are presented in Fig. 2.

Fig. 2. Observed versus predicted AFCS for the 102 validation plots with the dashed line representing the 1:1 relationship and solid line representing fitted linear
regression model.

Table 3-B
Most accurate AFCS models using combinations of remotely sensed datasets.

Dataset
(in combination)

Algorithm Pseudo R2

(R2⁎)
rMD
(%)

RMSE
(Mg ha−1)

rRMSE
(%)

ALS/PALSAR MLR 0.28 −6.26 25.94 49.31
k-NN 0.41 −5.03 23.57 44.80
SVR 0.32 −5.30 25.34 48.17
RF 0.29 −2.85 25.77 48.99

ALS/UltraCam MLR 0.35 −4.38 24.62 46.80
k-NN 0.34 −3.65 24.86 47.26
SVR 0.39 −5.88 23.93 45.49
RF 0.31 −2.13 25.39 48.27

PALSAR/UltraCam MLR 0.23 −6.23 26.93 51.18
k-NN 0.20 −1.26 27.54 52.35
SVR 0.20 2.57 27.50 52.27
RF 0.21 −0.22 27.27 51.83

ALS/PALSAR/UltraCam MLR 0.28 −6.26 25.94 49.31
k-NN 0.38 −3.76 24.20 46.00
SVR 0.35 −6.96 24.73 47.01
RF 0.32 −1.94 25.33 48.14

Table 4
Estimates of the mean (µMA) standard error (SE (µMA) and relative efficiency
(RE) for the seven remotely sensed datasets.

Dataset µMA

(Mg ha−1)
SE (µMA)
(Mg ha−1)

RE

ALS 51.47 2.48 1.51
PALSAR 52.67 2.97 1.05
UltraCam 53.51 2.66 1.32
ALS/PALSAR 52.64 2.34 1.70
ALS/UltraCam 54.79 2.38 1.65
PALSAR/UltraCam 53.72 2.71 1.27
ALS/PALSAR/UltraCam 55.39 2.40 1.61
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4. Summary

Mutiple studies focusing on the utility of combining remotely sensed
data from multiple sources for AGB/AFCS estimation have been re-
ported (Montesano et al., 2013; Chopping et al., 2011; Sun et al., 2011).
The ability of ALS data to predict forest structural variables makes it a
powerful data source for forest AGB/AFCS prediction, even though its
point intensity is from only a single wavelength. However, the tradeoffs
among plot size, costs and the precision of ALS-assisted AGB/AFCS
estimates need to be evaluated for different forest types. Conversely,
optical data provide a greater range of spectral information but are
mostly unable to predict forest structure. Thus, ALS and optical data can
be complementary as we found, although, some studies have reported
no or only slight improvement in AGB prediction resulting from the
synergy of ALS and optical data (Latifi et al., 2012; Clark et al., 2011).
The ability of SAR data to penetrate forest canopies relative to optical
sensors contribute to its potential to produce positive effects when used
in combination with data from other sensors (Slatton et al., 2002;
Moghaddam et al., 2002). For this study, however, integration of
PALSAR data with UltraCam data yielded no improvement in AFCS
estimates and actually produced smaller R2⁎. This result can be at least
partially attributed to our biophysically complex site, the accuracy of
DEM for geocoding, and the exclusion of trees with dbh < 12.5 cm even
though they were subject to SAR backscattering (Robinson et al., 2013).
Instead, as we expected, the greatest accuracy was achieved by in-
tegrating ALS with PALSAR data. This result can be attributed to several
aspects of measurement physics and sensitivity of lidar and SAR data to
different forest structures, thereby contributing to their potential to
produce positive effects when used in combination (Tsui et al., 2012;
Saatchi, 2010).

The relationships between AGB/AFCS and remote sensing-based
metrics are often so complex that formulating the explicit structural
models required for parametric algorithms may be very difficult. In our
study, the nonparametric prediction techniques with their data-driven
model structures were more accurate for AFCS prediction than the
parametric MLR for five of seven datasets. When combining remotely
sensed datasets for AGB/AFCS prediction, the selected algorithm should
be able to accommodate the different characteristics of multisource
data (Lu et al., 2014). As with much of the reported literature (Vafaei
et al., 2018; García-Gutiérrez et al., 2015; Latifi et al., 2010; Goetz
et al., 2009), we used comparative analyses to select the most accurate
prediction techniques. In our case, the relatively small differences
among prediction techniques can be attributed to minor difference in
these techniques.

Multiple factors not explicitly investigated for this study could have
affected the results. Firstly, for prediction techniques such as k-NN,
inclusion of irrelevant predictor variables can have detrimental effects.
Thus, selection of appropriate predictor variables is important for ef-
fective AGB/AFCS prediction, particularly when the variables represent
different sensors. Secondly, many authors have suggested that the re-
lative errors of AGB/AFCS prediction can vary from 5% to 30% de-
pending on the forest ecosystem, topography, remotely sensed data,
forest measurements, and statistical estimators (Chen et al., 2016;
Mascaro et al., 2011; Nabuurs et al., 2008; Saatchi et al., 2007; Chen
et al., 2000). Thus, uncertainty analyses are required before for-
mulating any definitive conclusions regarding the potential of remotely
sensed datasets for predicting AFCS. Although we followed the cus-
tomary practice of ignoring allometric model prediction uncertainty,
some adverse effects were likely, particularly for rare species for which
species-specific models are not available. This topic is of increasing
recent interest and merits additional attention for all AGB estimation
studies (McRoberts et al., 2016). Finally, statistically rigorous designs
and corresponding prediction methods, as opposed to ad hoc methods
with unknown properties, are required to produce greater efficiency in
MRV systems (Gregoire et al., 2016). Based on these factors, general-
izations of the results of this study should be made with caution.

5. Conclusions

We evaluated the potential of ALS, PALSAR, and UltraCam remotely
sensed datasets, singly and in combination, for AFCS prediction using a
variety of techniques. Three main conclusions can be drawn from this
study. Firstly, the ALS data had greater potential than the other re-
motely sensed datasets for improving prediction of AFCS with
R2⁎ = 0.34, rRMSE = 47.42% and estimation of mean AFCS with
RE = 1.51. Secondly, as expected, the combination of ALS and PALSAR
dataset increased RE by 0.18 relative to ALS alone and by 0.64 relative
to PALSAR alone. Thirdly, the nonparametric algorithms were more
accurate than the MLR prediction technique. These conclusions are
specific to this study, although we note that science generally advances
via the accumulation and generalization of the results for such in-
dividual studies.
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