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Abstract: This paper presents ensemble learning of multi-source satellite sensors dataset to obtain
better predictive performance of the forest biomass. Spectral, spectral-indices, and spectral-textural
features were generated from two optical satellite sensors, Landsat 8 Operational Land Imager (OLI)
and Sentinel-2 Multispectral Instrument (MSI). In addition, two radar satellite sensors, Sentinel-1 C-
band Synthetic Aperture Radar (CSAR), and Advanced Land Observing Satellite (ALOS-2) Phased
Array type L-band Synthetic Aperture Radar (PALSAR-2) were utilized to generate backscattering
and backscattering-textural features. The plot-wise above ground biomass data available from five
forests in New England region were utilized. Ensemble learning of multi-source satellite sensors
dataset was carried out by employing four machine learning regressors namely, Support Vector
Machines (SVM), Random Forests (RF), Gradient Boosting (GB), and Multilayer Perceptron (MLP).
A five-fold cross-validation method was used to evaluate predictive performance of the multi-
source satellite sensors. The integration of multi-source satellite features, comprising of spectral,
spectral-indices, backscattering, spectral-textural, and backscattering-textural information, through
ensemble learning and cross-validation approach implemented in the research showed promising
results (R? = 0.81, RMSE = 46.2 Mg/ha) for the estimation of plots-level forest biomass in New
England region.

Keywords: Forests; biomass; ALOS-2 PALSAR-2; Sentinel-1 CSAR; Sentinel-2 MSI; Landsat 8 OLL;
ensemble learning.

1. Introduction

Forest biomass is a key parameter for monitoring of deforestation and degradation of forests.
Satellite remote sensing has a huge potential of estimation and mapping of forest biomass at a broad
scale. Researchers have utilized different kinds of aerial and satellite imagery for the estimation and

mapping of forest biomass, which can be categorized as follows:

(i) Optical data: A combination of multispectral vegetation indices and texture images from high
spatial resolution imagery has been utilized for estimating forest biomass (Freitas et al., 2005;
Silleos et al., 2006; Champion et al., 2008; Attarchi and Gloaguen, 2014). In addition, multi-
angular remote sensing data from moderate-resolution optical satellites is another
information for retrieving forest structural information (Chen et al., 2003; Widlowski et al.,
2004; Ponzoni et al., 2010; Chopping et al., 2011).

(ii) Radar data: Synthetic Aperture Radar (SAR) data are reported to be sensitive to forest
structure and biomass due to its capacity to penetrate into tree crowns (Sandberg et al., 2011;
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Saatchi and Marlier, 2011). However, they are noisy due to sensitivity to terrain and moisture
contents (Kasischke et al., 2009; Lucas et al., 2010) and complex backscattering mechanisms
involves with crowns, stems, and soils (Richards et al., 1987; Freeman and Durden, 1998).
Still, highly penetrable L-and P-bands also saturate over dense forests due to multiple
interruptions and attenuation of the signals (Gonzalez et al., 2010; Mermoz et al., 2015; Yu
and Saatchi, 2016).

(iii) Lidar data: Airborne lidar scanning has shown promising results at local scales (Stephens et
al.,, 2012; Kankare et al., 2013; Maselli et al., 2014; Cao et al., 2018). Spaceborne lidar has been

expected for improved estimates of forest biomass (Hu et al., 2016; Nelson et al., 2017).

Machine learning of satellite data features with field plots data has become a commonly used
technique for the estimation and mapping of forest biomass (Ghosh and Behera, 2018). A number of
machine learning regressors have been employed for this purpose. Multiple linear regression is one
of the heavily used technique by many researchers (Carreiras et al., 2012, Basuki et al., 2013). Random
Forests (RF), ensemble of decision trees, which are built by splitting the attributes of the data and
averaging the output value of all trees, is a powerful algorithm for learning complex and highly non-
linear relationships (Breiman, 2001). The RF regressor has been used by many studies for the
estimation of forest biomass (Mutanga et al., 2012; Otgonbayar et al., 2019; Zeng et al., 2019). To
minimize the over-fitting problem of decision trees, the Gradient Boosting (GB) technique, that
reduces different loss functions and constraints the tree building (Friedman, 2002), has been
employed for improved estimation of forest biomass (Dube and Mutanaga, 2014; Filippi et al., 2014;
Giineralp et al., 2014). Some researchers have utilized Support Vector Machines (SVM) regressor,
which tries to find a function that deviates from the target variable by a value no greater than a certain
threshold (Chang and Lin, 2002), for the estimation of forest biophysical variables including above-
ground biomass (Chen and Hay, 2011; Marabel et al., 2013; Singh et al., 2015; Wan et al., 2018). More
recently, artificial neural network such as Multilayer Perceptron (MLP), which consists of an input
layer, hidden layer(s) and an output layer, and uses a non-linear activation function (Cybenko, 1989),
has shown promising results on the estimation of forest structural parameters including biomass

(Foody et al., 2011; Santi et al., 2017; Chen et al., 2019).

Despite the availability of a number of aerial and satellite sensors data and machine learning
regressors, estimation and mapping of forest biomass is a challenging task. The major objective of
this research is to present an improved estimation of biomass by harnessing the following four
satellite sensors dataset, which are available freely.

(1) National Aeronautics and Space Administration (NASA) and the United States
Geological Survey (USGS) Landsat 8 Operational Land Imager (OLI)

(ii) European Space Agency (ESA) Sentinel-2 Multispectral Instrument (MSI)

(iii) ESA Sentinel-1 C-band Synthetic Aperture Radar (CSAR)

(iv) Japan Aerospace Exploration Agency (JAXA) Advanced Land Observing Satellite
(ALOS-2) Phased Array type L-band Synthetic Aperture Radar (PALSAR-2)
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This research also assesses the potential of ensemble learning of the multi-source satellite sensors
dataset for estimating plots-level biomass by employing the following four machine learning
regressors:

(i) Support Vector Machines (SVM)

(ii) Random Forests (RF)

(iii) Gradient Boosting Trees (GB)

(iv) Artificial Neural Networks-Multilayer Perceptron (MLP)

2. Materials and Methods
2.1. Study Area

Plot-wise database available for five forests in New England region were utilized in the research
(Cook et al., 2011). The location of the study sites and their forest types are described in Table 1.

Table 1. Description of the study sites (Cook et al., 2011).

Study sites Geo-location Forest types
(1) Harvard Forest, Massachusetts 42.53°,-72.17° Deciduous
hardwoods
(ii) Howland Research Forest, Maine 45.20°, -68.73° Mixed  conifers
and hardwoods
(iii) Hubbard Brook Experimental Forest, 43.56°, -71.45° Deciduous
New Hampshire hardwoods
(iv) Bartlett Experimental Forest, New 44.04°,-71.16° Deciduous
Hampshire hardwoods
(v) Penobscott Experimental Forest, Maine 44.86°, -68.65° Mixed  conifers

and hardwoods

The location map of the study area and distribution of sample plots is shown in Figure 1.
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Figure 1. Location map of the study area in New England region and distribution of sample plots in

five study sites.

2.2. In situ biomass data

The database consists of 59 sample plots in total, each of 1 ha size. The above ground biomass
were calculated with diameter at breast height greater than 10 cm using the allometric function
(Jenkins et al., 2004) (Equation 1). In Equation 1, the Above Ground Biomass (B) in kg was calculated
by the exponential function of Diameter at Breast Height (dbh) in cm. The species-specific parameters,
a and b, varied from -0.712 to -2.54 and 1.7 to 2.48 respectively.

B = exp?®*(®xIn(dbh) Equation (1)

Plot-wise summary data (Megagrams per hectare) consisting of three structural parameters
(dbh, tree height, and above ground biomass) were extracted from the database. In five forests, the

above ground biomass ranged from 0.0017 to 362.846Mg/ha with mean value of 178.43 Mg/ha.

2.3. Processing of Satellite Data

All Landsat 8 OLI, Sentinel-2 MSI, Sentinel-1 CSAR, and ALOS-2 PALSAR-2 data available in
2017 for the New England region were acquired and processed. For the Landsat 8 and Sentinel-2 data,
the top-of-atmosphere (TOA) reflectance were calculated by utilizing the rescaling coefficients found
in the metadata file, and the cloudy pixels were masked out by using pixel-wise quality assessment
(QA) band available for each scene. Five spectral bands (blue, green, red, near infrared, and
shortwave infrared) were extracted from the Landsat 8 OLI data and six spectral bands (blue, green,
red, red edge, near infrared, and shortwave infrared) were extracted from the Sentinel-2 MSI data.
For each scene, six broad-band vegetation indices, as shown in Table 2, were also calculated.

Table 2. List of vegetation indices calculated based on reflectance at Blue (B), Green (G), Red (R), and Near
infrared (N).
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Vegetation indices Formula References
N —R
1) Enhanced Vegetation Index (EVI) 2.5 (N+6XR—75xB)+1 Huete et al., 2002
2) Green Normalized Difference N-G Gitelson and Merzlyak,
Vegetation Index (GNDVI) N+ 1998
G—R
3) Green Red Vegetation Index (GRVI) GC+R Falkowski et al., 2005
4) Normalized Difference Vegetation N—-R
N+R Rouse et al., 1974
Index (NDVI)
5) Structure Insensitive Pigment N-B
N—R Penuelas et al., 1995
Index ( SIPT)
6) Visible Atmospherically Resistant Index G —R
(VARI) G+R=B Gitelson, et al., 2002

The multi-temporal data (spectral bands and vegetation indices) were composited by calculating
five percentile values (0, 25, 50, 75, and 100) pixel by pixel to obtain a continuous dataset in spite of
the clouds. Twenty-six Haralick’s textures (Haralick et al., 1973) were also calculated using the
maximum value (percentile 100) composite of the NDVI. The Sentinel-2 feature images including
textures with spatial resolutions of 10-60 m were resampled into 30 m using the bilinear interpolation
method to combine with Landsat 8 data.

Sentinel-1 CSAR Ground Range Detected (GRD) products and global 25 m Resolution PALSAR-
2 Mosaic Dataset of were acquired and processed. The Sentinel-1 CSAR and ALOS-2 PALSAR-2
images were processed for radiometric calibration (sigma naught). The muli-temporal images were
composited by calculating five percentile values (0, 25, 50, 75, and 100) pixel by pixel to capture
various backscattering characteristics of the forest, which is very sensitive to roughness and moisture
conditions. Twenty six Haralick’s textures were also calculated using the mean value (percentile 50)
composite images for both polarizations (HH and HV for PALSAR-2 and VV and VH for CSAR). The
resulting images including the texture images were resampled into 30m to combine with optical data.

2.4. Machine learning and cross-validation

High-dimensional feature images, consisting of spectral, spectral-indices, spectral-textural,
backscattering, and backscattering-textural characteristics of the forests, were generated as shown by
Table 3.

Table 3. Description of the high dimensional features generated.

Spectral Indices Temporal Sub-total
Satellite Sensors ~ Backscattering Textural
(Percentiles)
Sentinel-1 CSAR 2 - - 17 %2 5 2x5+34=44
ALOS-2 PALSAR-2 2 - - 17 %2 5 2x5+34=44
Landsat 8 OLI - 5 6 17 x 1 5 11x5+17=72
Sentinel-2 MSI - 6 6 17 x1 5 12x5+17=77
Total 237

Mean pixel values using all pixels (3 x 3 pixels ~1 ha) covered by the sample plots were extracted
and features dataset was prepared for the machine learning. According to the method described by
Sharma et al. (2017), 5-fold cross-validation approach was employed to assess performance of all
satellite sensors. Inside the cross-validation loop, features were ranked based on univariate statistical
test and important set of features were selected by the criteria of Root Mean Square Error (RMSE).
This procedure was repeated for each individual satellite sensors dataset and their different
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combinations. The predictions with the optimum number of features across four machine learning
regressors were combined by average ensembling of the predictions. The performance of individual
machine learning regressors and ensembling of them was reported in terms of Coefficient of
determination (R?) and RMSE through 5-fold cross-validation approach.

3. Results
3.1. Performance of individual satellite sensors

As shown in Figure 2, out of four machine learning regressors employed, MLP performed better
than others in most of the cases. However, ensembling of them provided better accuracy than MLP
in all cases except PALSAR-2 (without textures). Usually individual satellite sensors with texture
features performed better than without texture features. Overall, Landsat 8 OLI showed highest
accuracy (R?=0.76, RMSE = 52.1 Mg/ha) followed by Sentinel-2 MSI (R? = 0.57, RMSE = 65.1 Mg/ha)
and Sentinel-1 CSAR (R?=0.51, RMSE = 75.1 Mg/ha).

0.8

0.7 A
MLP mRF mGB mSVM ®Ensembling
0.6 A
0.5 A
0.4 -

0.3 +

0.2 +

Coefficient of determination (R?)

0.1 +

Multi-source features

Figure 2. Performance of individual satellite sensors.
3.2. Performance of combined satellite sensors

For different combination of satellite sensors as shown in Figure 3, the MLP started to perform
as better as ensembling with the increase in features. In addition, textural features did not show
significant improvement when large number of multi-spectral and backscattering features were
available. Combination of all four satellite sensors dataset provided slightly better (R? = 0.81, RMSE
= 46.2 Mg/ha) performance than the combination of three satellite sensors (R? = 0.81, RMSE = 46.4
Mg/ha).
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Figure 3. Performance of individual satellite sensors.

The cross-validation results obtained from the ensemble learning of multi-source satellite
sensors are summarized in Table 4.

Table 4. Cross-validation results

With textures Without textures

Satellite sensors R2 RMSE R2 RMSE
L8 0.76 52.1 0.76 52.2
S2 0.57 65.1 0.54 66.8
S1 0.51 75.1 0.32 81.3
P2 0.35 80.0 0.12 91.0
S1-S2 0.60 64.5 0.54 67.2
S1-1L.8 0.77 51.2 0.81 48.8
S1-S2-1.8 0.81 46.4 0.81 47.3
L8-52-S1-P2 0.81 46.2 0.81 46.6

The performance of individual satellite sensors dataset obtained through the ensemble learning
and cross validation approach has been shown in Figure 4.
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Figure 4. Performances of four individual satellite sensors: (a) Landsat 8 OLI, (b) Sentinel-2 MSI, (c)
Sentinel-1 CSAR, (d) ALOS-2 PALSAR-2

The performances of combinations of different satellite sensors dataset through ensemble
learning and cross validation approach has been shown in Figure 5.
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Figure 5. Performances of different combinations of satellite sensors: (a) Sentinel-1 CSAR and
Sentinel-2 MSI (b) Sentinel-1 CSAR and Landsat 8 OLI (c) Sentinel-1 CSAR, Sentinel-2 MSI and
Landsat 8 OLI (d) Sentinel-1 CSAR, Sentinel-2 MSI, Landsat 8 OLI and ALOS-2 PALSAR-2

The number of optimum features selected by each machine learning regressor for
individual satellite sensors and their combinations has been shown in Figure 6. Though
MLP and SVM regressors were mostly features hungry regressors, performance of SVM
was inferior to others and the superiority of MLP with a large number of features
requirement was noted.
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Figure 6. Optimum number of features selected and utilized for individual satellite sensors and their
different combinations

4. Discussion

Saturation of remotely sensed signals over a multi-storied and dense canopies is a major issue
(Lu et al., 2006; Rodriguez-Veiga et al., 2017). Previous researches have reported better performance
of SAR data over the multispectral data (Englhart et al., 2011; Domingues et al., 2020). However,
backscattering signals obtained from forest canopy is noisy due to complex backscattering
mechanisms and sensitivity to roughness and moisture conditions (Huang et al., 2015). For the New
England region in 2017, many temporal data were available for Landsat 8 OLI, Sentinel-2 MSI, and
Sentinel-1 CSAR; whereas only a single data was available for PALSAR-2. Availability of dense time-
series data from the Sentinel-1 CSAR should have made it more sensitive to the forest biomass than
PALSAR-2 data due to possible suppression of the noises.

Similar to this research, previous researches also showed improved estimates of the forest
biomass by the addition of textural features (Sarker et al., 2011; Eckert et al., 2012; Kelsey and Neff,
2014; Phua et al., 2017; Berninger et al., 2018). However, it was noticed that contribution of the textural
features decreased when the number of multi-spectral and backscattering features were high. The
biomass database utilized in the research was based on field measurements conducted in 2009. It is
one of the highest quality database openly available in the world. There should be more or less
uniform changes in the above ground biomass across the sampling plots over 8 years. Therefore,
remote sensing signals of 2017 are still able to see plot wise variation of biomass through regression
analysis. Nevertheless, synchronization of the satellite data with the field plots data should further
improve the estimates of biomass.

5. Conclusions

In this research, dense features dataset, comprising of spectral, spectral-indices, backscattering,
spectral-textural, and backscattering-textural information, was generated from multi-source satellite
sensors. The ensemble learning of multi-source satellite sensors dataset and cross-validation
approach implemented in the research showed high potential (R? = 0.81, RMSE = 46.2 Mg/ha) for the
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estimation of plots-level forest biomass in New England region. It is expected that these results are
useful to other regions as well.
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