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Abstract—Knowledge of peat depth distribution is vitally important for accurately estimating carbon
stock within tropical peatlands. These estimates aid in understanding the role of tropical peatlands in
global environmental change processes. This study evaluates the potential of C-band dual-polarization
synthetic aperture radar (SAR) data for peat depth classification on oil palm plantations in Siak
Regency, Riau Province, Indonesia. Specifically, features derived after the ground-range radar cross
section (sigma-naught or σ0) and slant-range perpendicular radar cross section (gamma-naught or γ0)
for both polarization channels of C-band Sentinel-1 data were compared and evaluated on monthly
basis, during 2015, for discriminating peat depth classes using the decision tree classifier. Overall, γ0

features yielded a higher value of distance factors (DF) for peat depth classes, for both polarization
channels, than those produced by the σ0, indicating a better performance in discriminating peat depth
classes. Moreover, the seasonal variation of rainfall intensity was discovered to be influencing feature
selection for peat depth classification. Thus, the combination of γ0 features derived in the much rain
months was selected for separating the shallow- and medium-peat classes, whereas those derived in
the less rain months was selected for discriminating the deep- and very deep-peat classes. In addition,
the developed methodology gave the best accuracy for the very deep-peat class, with 76% and 67.86%,
producer’s accuracy (PA) and user’s accuracy (UA), respectively, followed by the shallow-peat class that
yielded a PA of 64% and UA of 80%. Subsequently, the deep-peat class produced a PA of 58% and UA of
59.18%, whereas the medium-peat class yielded the lowest PA and UA, of 54% and 49.09%, respectively.
This study showed that the C-band dual-polarization SAR data have potential for classifying peat
depth classes, particularly on oil palm plantations, and might serve as an efficient tool in peat depth
classification used for sustainable management of tropical peatlands.

1. INTRODUCTION

The importance of tropical peatlands as a long-term carbon sinks and stores, as well as their tendency
to become a short-term source of carbon emissions, has been receiving tremendous interest during the
past two decades [1, 2]. Thus, there is an urgent need to quantify the current carbon status of tropical
peatlands to understand their role in relation to the global carbon cycle [3]. It is also important to obtain
information about peat depth distribution to be able to accurately estimate carbon stock within tropical
peatlands, further aiding in understanding the role of tropical peatlands in global environmental change
processes [4]. In general, the distribution of peat depth can be obtained by doing manual sampling
using a peat auger, an example of in situ measurements [5]. Nevertheless, this method presents a
considerable challenge because conducting extensive in situ measurements at regional, national and
global scales is not realistic [6]. Knowledge of peat depth can sometimes be correlated with properties
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that are discernible by using a remote sensing (RS) application [7]. However, little is known regarding
the performance of RS applications for peat depth distribution classification, especially in the tropics.

RS applications can serve as advantageous tools for tropical peatlands monitoring activities,
such as peat depth classification, due to periodic monitoring at various spatial and temporal scales,
particularly when combined with field measurement data [4]. Furthermore, the recent development of
synthetic aperture radar (SAR)-based RS satellites has introduced a new prospect that allows continuous
monitoring and cloud-free observations in humid tropical regions [8]. Recently, the use of SAR-based
RS applications for peatlands monitoring activities has been increasing rapidly, along with the growing
availability of SAR data sets. A previous study evaluated the potential of X-band dual-polarization
SAR data and fusion images with optical data to characterize different peat depths categories in Central
Kalimantan, Indonesia [9]. Another report demonstrated the use of L-band Phased Array type L-band
SAR (PALSAR) for wide-area mapping of tropical forest and land cover, including several categories
for tropical peatlands on Borneo Island [10]. Other reports have evaluated the performance of L-band
PALSAR for peatlands detection and delineation in the boreal regions [11, 12]. A previous report also
applied the L-band PALSAR to examine a radar scattering mechanism on tropical peatlands in Central
Kalimantan, Indonesia [13]. Another study examined the combination of L-band PALSAR data, optical
data and digital elevation model (DEM)-derived data for mapping the extent of tropical peatlands in
Cuvette Centrale, Congo Basin [14]. Despite all the previous research, detailed information is lacking
on the potential C-band dual-polarization SAR data have for classifying peat depth distribution within
the tropical peatlands.

The C-band Sentinel-1 data provided by the European Space Agency (ESA) are of interest because
they are freely available and have global coverage. The Sentinel-1 mission encompasses a constellation
of two polar-orbiting satellites (Sentinel-1A and Sentinel-1B). This data collection method operates at
a center frequency of 5.405 GHz and includes two polarization channels — vertical transmit-horizontal
receive (VH) and vertical transmit-vertical receive (VV) — with a very short repeat cycle (12 days
with one satellite and 6 days with two) and rapid product delivery. These characteristics make C-band
Sentinel-1 data particularly promising for use in tropical peatlands monitoring activity, particularly for
classifying peat depth distribution. Therefore, in this study, the potential of C-band Sentinel-1 data was
evaluated for peat depth classification on oil palm plantations in Siak Regency, Riau Province, Indonesia.
Particularly, features derived after the ground-range radar cross section (sigma-naught or σ0) and slant-
range perpendicular radar cross section (gamma-naught or γ0) for both polarization channels of C-band
Sentinel-1 data were compared and evaluated, monthly during 2015, for discriminating peat depth
classes using the decision tree (DT) classifier. In addition, the seasonal variation of peat depth classes,
from the viewpoint of C-band dual-polarization SAR data, was analyzed for better understanding of the
relationship between peat depth classification and seasonal effects. The results and findings of this study
could aid in increasing the foundation of knowledge regarding peat depth classification, involving the use
of C-band dual-polarization SAR data, to improve the sustainable management of tropical peatlands.

2. MATERIALS

2.1. Study Area

In Indonesia, there are 14.91 million ha of tropical peatlands that distributed along the low altitudes
in the coastal and sub-coastal areas of Sumatra (6.44 million ha, 43%), Kalimantan (4.78 million ha,
32%) and Papua (3.69 million ha, 25%) [15]. Riau Province in Sumatra dominates the provincial level
of tropical peatlands distribution, consisting of around 3.86 million ha (26%). This study considers
the area of Siak Regency, a rapidly developing region in the central part of Riau Province, where the
tropical peatlands have been intensively converted into mostly oil palm and timber plantations over the
last two decades [16, 17]. In general, this area has a flat topography and low altitude ranging from 2 to
10 m above sea level. The average temperature of this area is around 26.2◦C per year, with an annual
rainfall that varies from 2200 to 2600 mm per year. However, in 2015, this area was affected by a very
strong El Niño, leading to rainfall anomalies and a more severe dry season [18].

Four study areas, 1× 1 km in size, were selected to represent the condition of tropical peatlands in
Siak Regency, Riau Province, Indonesia (Fig. 1). These study areas are situated in large-scale oil palm
plantations with similar types of growing stages. Furthermore, to represent peat depth categories, each
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Figure 1. Map of Indonesia showing the location of the study areas in Siak Regency, Riau Province,
Indonesia.

study area is located on distinct types of peat depth classes as categorized by the Indonesian Agency for
Agricultural Research and Development (IAARD) [15]. Thus, study area 1 is situated in a shallow-peat
class (0.5 to 1 m of peat depth), study area 2 is situated in a medium-peat class (1 to 2 m of peat depth),
study area 3 is situated in a deep-peat class (2 to 4 m of peat depth), and study area 4 is situated in a
very deep-peat class (more than 4 m of peat depth).

2.2. Data

In this study, there were 12 scenes of C-band Sentinel-1 data, acquired between January and December
2015, served as 12-months observations. Thus, each scene, with a specific acquisition date, was used to
represent a monthly observation to provide monthly analyses. These scenes were used as the primary
data. The C-band Sentinel-1 data were collected using the settings of level-1 Ground Range Detected
(GRD) and the acquisition mode of Interferometric Wide (IW) swath [19]. Moreover, Tropical Rainfall
Measuring Mission (TRMM) 3B43 version 7 data were used to calculate the amount of monthly rainfall
in the study areas [20]. Landsat 8 Operational Land Imager (OLI) data and high-resolution satellite
images on Google Earth were used to obtain basic information of the study areas by means of visual
interpretation and to select training and testing points for DT classification. A total of 600 points
(150 points for each study area) were derived for training the algorithm (400 points) and testing the
accuracy of the classification results (200 points). Each point was located within a 100 × 100 m mesh,
with manual adjustments made to avoid points situated on plantation roads. These points represented
the detected pixels in the C-band dual-polarization SAR imagery. In addition, an existing peat depth
and distribution map, provided by the IAARD, was used as reference map. The list of data used for
analyses is shown in Table 1.

3. METHODOLOGY

3.1. Image Processing Steps

The C-band Sentinel-1 data were imported into the ESA Sentinel Application Platform (SNAP) software
for image processing [21]. First, the data were radiometrically calibrated and converted from digital
pixel values to radiometrically-calibrated backscatter by means of a calibration vector provided in the
data product. In this study, the C-band Sentinel-1 data were converted to ground-range radar cross
section (sigma-naught or σ0) and slant-range perpendicular radar cross section (gamma-naught or γ0)
values, in decibel units (dB), for both channels of polarization prior to data analyses. Both σ0 and γ0

are measures used to express radar backscatter coefficients. However, σ0 is defined as the radar cross
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Table 1. List of data used for analyses carried out in this study.

Data usage Source Acquisition date

Primary data
C-band Sentinel-1 data

(Sentinel-1A satellite, dual-polarization)

Jan. 3, 2015
Feb. 19, 2015
Mar. 4, 2015
Apr. 21, 2015
May 15, 2015
Jun. 8, 2015
Jul. 26, 2015
Aug. 18, 2015
Sep. 11, 2015
Oct. 6, 2015
Nov. 11, 2015
Dec. 29, 2015

Secondary data

TRMM 3B43 version 7
(Monthly 0.25 × 0.25 degree,

mm/hour of rainfall rate)

Monthly data between
January and December 2015

Landsat 8 OLI
Jul. 10, 2015
Jul. 26, 2015
Aug. 2, 2015

High-resolution satellite images accessed
on Google Earth

Jul. 25, 2014
Jul. 5, 2015

Aug. 26, 2016

section per unit area in the ground-range, whereas γ0 is defined as radar cross section per unit area of
the incident wavefront (perpendicular to the slant-range), to minimize the incidence angle dependency
of the radar backscatter for a distributed target [22, 23].

Furthermore, the data were terrain corrected using SRTM DEM 3 arc-seconds [24] and geocoded to
the Universal Transverse Mercator (UTM) zone 48-north map projection with pixel spacing of 10×10 m.
Speckle noise was reduced by applying a 7×7 window size Lee filter [25]. In addition, to provide rainfall
information for the study areas, the precipitation layers of TRMM 3B43 version 7 data acquired between
January and December 2015 were extracted. Rainfall rate conversions from mm/hour to mm/month
were calculated. The data were then subset into the boundaries of the study areas so that monthly
rainfall information could be generated for the analyses carried out in this study.

3.2. Feature Description

In this study, the σ0 and γ0 images, for both polarization channels, derived using the C-band Sentinel-1
data, were considered as features. To allow for monthly analysis, each σ0 or γ0 image for a particular
polarization channel on a specific acquisition date was considered as one feature (e.g., a σ0 image for
the VH polarization channel acquired on January 3, 2015 was considered as one feature and coded as
sVH01; a γ0 image for the VV polarization channel acquired on November 11, 2015 was considered as
one feature and coded as gVV11). Thus, a total of 48 features were derived, using the C-band Sentinel-1
data, for the analyses carried out in this study. The list of features used for analyses is shown in Table 2.
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Table 2. List of features used for analyses, derived using sigma naught (σ0) and gamma naught (γ0)
images, for both polarization channels.

Polarization channel Acquisition date Sigma-naught code name Gamma-naught code name

VH

Jan. 3, 2015 sVH01 gVH01
Feb. 19, 2015 sVH02 gVH02
Mar. 4, 2015 sVH03 gVH03
Apr. 21, 2015 sVH04 gVH04
May 15, 2015 sVH05 gVH05
Jun. 8, 2015 sVH06 gVH06
Jul. 26, 2015 sVH07 gVH07
Aug. 18, 2015 sVH08 gVH08
Sep. 11, 2015 sVH09 gVH09
Oct. 6, 2015 sVH10 gVH10
Nov. 11, 2015 sVH11 gVH11
Dec. 29, 2015 sVH12 gVH12

VV

Jan. 3, 2015 sVV01 gVV01
Feb. 19, 2015 sVV02 gVV02
Mar. 4, 2015 sVV03 gVV03
Apr. 21, 2015 sVV04 gVV04
May 15, 2015 sVV05 gVV05
Jun. 8, 2015 sVV06 gVV06
Jul. 26, 2015 sVV07 gVV07
Aug. 18, 2015 sVV08 gVV08
Sep. 11, 2015 sVV09 gVV09
Oct. 6, 2015 sVV10 gVV10
Nov. 11, 2015 sVV11 gVV11
Dec. 29, 2015 sVV12 gVV12

3.3. Decision Tree (DT) Classification

To classify the peat depth classes using C-band Sentinel-1 data, DT classifier was used due to its
ability to handle complex relations among class properties, its computational efficiency and conceptual
simplicity [26]. DT is a classification procedure that recursively separates a set of data into smaller
subcategories based on a set of rules determined at each branch in the tree. It requires no assumptions
regarding the distributions of input data, making it suitable for classifying SAR data [27]. Furthermore,
DT algorithm diagrams are explicit and easy to understand, particularly when evaluating feature
contributions and relations in a classification procedure [28].

3.4. Distance Factor (DF) Extraction

In this study, the distance factor (DF) was generated to assess the effectiveness of a feature for separating
classes, particularly on DT classification. The DF measures the distance between the different class mean
values compared to the standard deviations. Thus, if a DF is large, classes are said to be well-separated,
according to the concept of feature separation [29]. The DF is defined as:

DF ij =
|x̄i − x̄j|
σi + σj

, (1)
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where x̄ represents the mean values and σ the standard deviations. The performance of the separation
between classes i and j is represented by the value DFij. A higher DFij means that a feature has
better performance separating the associate class pairs [30]. Thus, in this study, features that yielded
the highest DF value on each class pair for each polarization channel were analyzed and applied to the
DT algorithm.

In the present study, to apply the concept of feature separation on the DT algorithm, three
combinations of class pairs were specified (i.e., (A) “shallow-peat” plus “medium-peat” and “deep
peat” plus “very-deep peat”, (B) “shallow-peat” and “medium-peat,” and (C) “deep-peat” and “very-
deep peat.” The class pairs were then applied to the DT algorithm to identify each peat depth class.
In addition, the selected features for each class pair were analyzed to understand the effect seasonal
variation has upon peat depth classifications. Hence, the monthly rainfall information, derived from
the TRMM 3B43 version 7 data, was used for seasonal analysis purposes.

3.5. Accuracy Assessment

An accuracy assessment was performed for the classification results using a confusion matrix generated
by testing points [31]. Thus, accuracy indicators were derived to evaluate the quality of classification
results (i.e., Producer’s Accuracy (PA), User’s Accuracy (UA), Overall Accuracy (OA) and the Kappa
coefficient (K)). The PA and UA represent the measures of omission and commission error for each
class, respectively. The OA was computed by creating a ratio of the total number of correct pixels to
the total number of pixels in the confusion matrix, which correspond to the correctly classified areas of
the classified image. Last, the K describes the degree of matching between the reference data set and
the classification.

4. RESULTS AND DISCUSSION

4.1. Comparison of σ0 and γ0 Features

Table 3 shows the DF values for class pair (A), derived using σ0 and γ0 features, for both polarization
channels. The values in bold indicate the highest DF values in each category. Generally, the DF values
of class pair (A) were varied, depending on the feature used to derive them. The sVH06 (σ0

VH in June)
and sVV06 (σ0

VV in June) features yielded the highest DF values for those derived using σ0
VH and σ0

VV

features, respectively. On the other hand, the gVH06 (γ0
VH in June) and gVV06 (γ0

VV in June) features
produced the highest DF values for those derived using γ0

VH and γ0
VV features, respectively.

Thus, by comparing the highest DF values of class pair (A), derived using σ0 and γ0 features, for
both polarization channels, it was found that γ0 features yielded much higher DF values for class pair
(A), for both polarization channels, than those produced by σ0 features. By applying γ0 features, the
highest DF values of class pair (A) increased as much as 11.5% and 13.3% for VH and VV polarizations,
respectively. Hence, in this study, γ0 features were used for developing a methodology for classifying
peat depth due to the features having better performance in discriminating peat depth classes.

4.2. Selected Features for the Classification

Table 4 shows the DF values for all class pairs, derived by γ0 features, for both polarization channels.
The values in bold indicate the highest DF values in each category. The highest values were selected
to be analyzed and applied to the DT algorithm. In general, the DF values for all class pairs varied,
depending on the features used to derive them. For class pair (A), as mentioned before, the gVH06 (γ0

VH

in June) and gVV06 (γ0
VV in June) features yielded the highest DF values for VH and VV polarization,

respectively. On the other hand, for class pair (B), the gVH03 (γ0
VH in March) and gVV04 (γ0

VV in
April) features produced the highest DF values for VH and VV polarization, respectively. Furthermore,
for class pair (C), the gVH06 (γ0

VH in June) and gVV09 (γ0
VV in September) features generated the

highest DF values for VH and VV polarization, respectively. These features were selected and applied
to the DT algorithm for classifying peat depth classes.
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Table 3. The distance factor (DF) values for class pair (A), derived using sigma naught (σ0) and
gamma naught (γ0) features, for both polarization channels.

Feature Class pair (A)
Polarization channel Acquisition date Sigma naught Gamma naught

VH

Jan. 3, 2015 0.18 0.12
Feb. 19, 2015 0.51 0.44
Mar. 4, 2015 0.44 0.50
Apr. 21, 2015 0.05 0.01
May 15, 2015 0.10 0.04
Jun. 8, 2015 0.52 0.58
Jul. 26, 2015 0.41 0.35
Aug. 18, 2015 0.15 0.08
Sep. 11, 2015 0.22 0.15
Oct. 6, 2015 0.11 0.17
Nov. 11, 2015 0.06 0.13
Dec. 29, 2015 0.04 0.09

VV

Jan. 3, 2015 0.06 0.12
Feb. 19, 2015 0.40 0.33
Mar. 4, 2015 0.41 0.46
Apr. 21, 2015 0.19 0.25
May 15, 2015 0.03 0.02
Jun. 8, 2015 0.45 0.51
Jul. 26, 2015 0.04 0.11
Aug. 18, 2015 0.31 0.24
Sep. 11, 2015 0.32 0.25
Oct. 6, 2015 0.32 0.37
Nov. 11, 2015 0.09 0.15
Dec. 29, 2015 0.00 0.07

In addition, by examining the highest DF values for all class pairs, derived by γ0 features, for
both polarization channels, it was found that γ0

VH features produced much higher DF values than
those generated by γ0

VV features, indicating that the γ0
VH features yielded a better performance in

discriminating peat depth classes. However, in this study, all γ0 features that obtained the highest DF
values for both polarization channels were applied to the DT algorithm. Moreover, among all the class
pairs, class pair (B) yielded the highest DF values for both polarization channels, indicating that the
mean and standard deviation values of the shallow- and medium-peat classes represented in class pair
(B) overlapped less, obtaining a higher DF values than those derived in the other class pairs.

4.3. Seasonal Variation of the Selected Features

To understand the effect of seasonal variation on the selected features for peat depth classification,
monthly rainfall information derived from the TRMM 3B43 version 7 data was used for seasonal
analysis purposes. In 2015, a year with a very strong El Niño, the annual rainfall was as low as
1992 mm, with an average monthly rainfall of 166 mm. For the seasonal analyses carried out in this
study, months with below average monthly rainfall were said to be “less rain” months, whereas those
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Table 4. The distance factor (DF) values for all class pairs, derived using gamma-naught (γ0) features,
for both polarization channels.

Feature Class pair
Polarization channel Code name (A) (B) (C)

VH

gVH01 0.12 0.23 0.18
gVH02 0.44 0.22 0.31
gVH03 0.50 0.75 0.08
gVH04 0.01 0.28 0.59
gVH05 0.04 0.60 0.15
gVH06 0.58 0.05 0.60
gVH07 0.35 0.34 0.43
gVH08 0.08 0.48 0.20
gVH09 0.15 0.40 0.18
gVH10 0.17 0.27 0.07
gVH11 0.13 0.07 0.41
gVH12 0.09 0.13 0.57

VV

gVV01 0.12 0.34 0.28
gVV02 0.33 0.48 0.44
gVV03 0.46 0.62 0.55
gVV04 0.25 0.71 0.04
gVV05 0.02 0.65 0.42
gVV06 0.51 0.38 0.05
gVV07 0.11 0.38 0.29
gVV08 0.24 0.50 0.51
gVV09 0.25 0.48 0.56
gVV10 0.37 0.30 0.48
gVV11 0.15 0.36 0.12
gVV12 0.07 0.28 0.07

with above average rainfall were said to be “much rain” months. Hence, the less rain months are
January (149 mm/month), February (141 mm/month), May (146 mm/month), June (119 mm/month),
July (46 mm/month), September (52 mm/month), and October (78 mm/month), whereas the much
rain months are March (269 mm/month), August (222 mm/month), November (330 mm/month), and
December (254 mm/month).

For class pair (A) (derived by both σ0 and γ0), features acquired in June yielded the highest DF
value for both polarization channels. Thus, for the initial separation of peat depth classes represented
in class pair (A), features derived in the less rain months were prominent. In contrast, for class pair
(B), features acquired in March and April produced the highest DF value for VH and VV polarization,
respectively. Hence, for more detailed separation of peat depth classes, (i.e., separating the shallow-
and medium-peat classes) features derived in the much rain months were suitable. On the other hand,
for class pair (C), features acquired in June and September generated the highest DF value for VH
and VV polarization, respectively. Therefore, features derived in the less rain months were suitable
for separating the deep- and very deep-peat classes. In this study, it was discovered that seasonal
variation influenced feature selection for peat depth classification, particularly when analyzing C-band
dual-polarization SAR data.
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4.4. Results of the Classification

The selected features for peat depth classification were the gVH06 (γ0
VH in June) and gVV06 (γ0

VV in
June), for separating classes in the class pair (A). Subsequently, the gVH03 (γ0

VH in March) and gVV04
(γ0

VV in April) were selected for discriminating peat depth classes in the class pair (B). Afterwards, the
gVH06 (γ0

VH in June) and gVV09 (γ0
VV in September) were selected for separating peat depth classes in

the class pair (C). Thus, a total of three classification rules, separating three class pairs, were generated
using training points based on the selected features for peat depth classification. The classification rules
were developed using mean and standard deviation values of peat depth classes for each selected feature.
These rules are listed as follows:

(i) Rule 1 for separating classes in the class pair (A).
If gVH06 (γ0

VH in June) ≥ (−13.20) dB and gVV06 (γ0
VV in June) ≥ (−4.97) dB, Then Class pair

(B).
(ii) Rule 2 for separating peat depth classes in the class pair (B).

If gVH03 (γ0
VH in March) ≥ (−13.55) dB and gVV04 (γ0

VV in April) ≥ (−5.31) dB, Then Shallow
peat.

(iii) Rule 3 for separating peat depth classes in the class pair (C).
If gVH06 (γ0

VH in June) ≥ (−12.71) dB and gVV09 (γ0
VV in September) ≤ (−4.88) dB, Then Deep

peat.

These classification rules were then applied to the DT algorithm to obtain classification results. The
classification rules and DT algorithm diagram developed in this study are shown in Fig. 2. Afterwards,
as shown in Fig. 3, results of the peat depth classification of all study areas were successfully generated
by means of DT classification. These results presented four peat depth classes (i.e., shallow peat (0.5
to 1 m of peat depth), medium peat (1 to 2m of peat depth), deep peat (2 to 4m of peat depth), and
very-deep peat (more than 4 m of peat depth).

Figure 2. The classification rules and the decision tree (DT) algorithm diagram developed in this
study.

Table 5. The pixel percentage of each peat depth class calculated in each study area. The values in
bold indicate the highest pixel percentage of peat depth classes produced on each study area.

Study area
Pixel percentage (%)

Shallow peat Medium peat Deep peat Very-deep peat
1 56.37 18.45 14.81 10.37
2 11.74 43.17 31.81 13.28
3 2.82 18.42 48.42 30.34
4 1.84 13.44 13.96 70.76
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(a)

(c)

(b)

(d)

Figure 3. The result of the peat depth classification of (a) study area 1, (b) study area 2, (c) study
area 3, and (d) study area 4.

In addition, Table 5 shows the pixel percentage of each peat depth class calculated in each study
area. Thus, by comparing the actual peat depth condition of each study area and the pixel percentage of
peat depth classes computed on the associated study area, it was found that the developed methodology
was always successful in matching the actual peat depth condition with the highest pixel percentage
of peat depth classes produced. Hence, in study area 1, an area situated in shallow peat, the highest
pixel percentage (56.37%) was yielded for the shallow-peat class. Subsequently, in study area 2, an
area situated in medium peat, the highest pixel percentage (43.17%) was produced for the medium-peat
class. Next, in study area 3, an area situated in deep peat, the highest pixel percentage (48.42%) was
generated for the deep-peat class. Last, in study area 4, an area situated in very deep peat, the highest
pixel percentage (70.76%) was yielded for the very deep-peat class. Furthermore, best performance
of the developed methodology was found in very deep-peat areas, represented in study area 4, as the
methodology generated much higher pixel percentages of peat depth classes that matched with actual
peat depth conditions, compared to those derived in other study areas.
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4.5. Accuracies of the Classification

Table 6 shows the confusion matrix and accuracy indicators for peat depth classifications by means of
DT classification. The accuracy assessment was conducted by using the testing points situated in the
study areas, evaluating the performance of the developed peat depth classifications. Thus, the very
deep-peat class obtained the best accuracy, with 76% and 67.86%, PA and UA, respectively, followed
by the shallow-peat class that yielded a PA of 64% and UA of 80%. Subsequently, the deep-peat class
produced a PA of 58% and UA of 59.18%, whereas the medium-peat class yielded the lowest PA and
UA, of 54% and 49.09%, respectively. This result showed that the C-band dual-polarization SAR data
have potential for classifying peat depth classes, particularly on oil palm plantations, due to its ability
to produce the best accuracy for the very deep-peat class that is difficult to be distinguished among
peat depth classes [4]. In addition, the developed methodology gave accuracies of 63% and 0.51, for
OA and K, respectively. This value of K was considered as a moderate agreement of a classification
result [32]. Furthermore, the accuracy assessment result agreed with the analysis result for the pixel
percentage of peat depth classes generated on each study area as presented in Section 4.4, whereby the
developed methodology consistently gave the best performance for the very deep-peat areas.

Table 6. The confusion matrix and accuracy indicators for peat depth classifications using the decision
tree (DT) classification.

Reference
Total

Producer’s

Accuracy

(%)

User’s

Accuracy

(%)
Class

Shallow

peat

Medium

peat

Deep

peat

Very-deep

peat

Shallow

peat
32 7 1 0 40 64.00 80.00

Medium

peat
11 27 11 6 55 54.00 49.09

Deep

peat
3 11 29 6 49 58.00 59.18

Very-deep

peat
4 5 9 38 56 76.00 67.86

Total 50 50 50 50 200

Overall

Accuracy (%)
63.00

Kappa

coefficient
0.51

5. CONCLUSION

This study evaluated the potential of C-band Sentinel-1 data for peat depth classification on oil palm
plantations, by using a SAR-based RS application, in response to the emerging tropical peatlands
monitoring activities. Several findings were obtained relating to the development of peat depth
classification using C-band dual-polarization SAR data. First, the present study showed that the γ0

features yielded better performance in discriminating peat depth classes. By comparing the highest DF
values of class pair (A), derived using σ0 and γ0 features, for both polarization channels, it was found
that γ0 features yielded much higher DF values for class pair (A), for both polarization channels, than
those produced by σ0 features. Thus, by applying γ0 features, the DF values of class pair (A) increased
as much as 11.5% and 13.3% for VH and VV polarizations, respectively. Second, it was discovered that
seasonal variation was influencing feature selection for peat depth classification. Both γ0

VH and γ0
VV, in

the much rain months, were selected for separating the shallow- and medium-peat classes in class pair
(B), whereas both γ0

VH and γ0
VV, in the less rain months, were selected for discriminating the deep- and
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very deep-peat classes in class pair (C). Third, the developed methodology gave the best accuracy for
the very deep-peat class, with 76% and 67.86%, producer’s accuracy (PA) and user’s accuracy (UA),
respectively, followed by the shallow-peat class that yielded a PA of 64% and UA of 80%. Subsequently,
the deep-peat class produced a PA of 58% and UA of 59.18%, whereas the medium-peat class yielded
the lowest PA and UA, of 54% and 49.09%, respectively. Moreover, it was discovered that the developed
methodology was always successful in matching the actual peat depth condition with the highest pixel
percentage of peat depth classes generated. Furthermore, accuracy assessment results agreed with the
analysis results for the pixel percentage of peat depth classes produced in each study area, whereby the
developed methodology was consistent in providing the best performance for very deep-peat areas. The
results and findings in this study show that the C-band Sentinel-1 data are suitable for classifying peat
depth classes, particularly on oil palm plantations, and might serve as an efficient tool in peat depth
classification used for sustainable management of tropical peatlands.
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forest canopy with polsar data using model based decomposition technique,” Proceeding IEEE
International Geoscience and Remote Sensing Symposium, 4918–4921, 2012.

12. Antropov, O., Y. Rauste, H. Astola, J. Praks, T. Häme, and M. T. Hallikainen, “Land cover and
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