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A B S T R A C T

This study investigates the potential of Sentinel-1A (S1A) dual polarization SAR time series data for vegetable
classification in Indonesia. Vegetables are characterized by the temporal changes of observables extracted from
time series of S1A data. We extracted observables regarding both backscatter (VH and VV) coefficients and
decomposition features (i.e., entropy, angle, and anisotropy). The vegetable classification is based on a time-
weighted Dynamic Time Warping dissimilarity measure that is calculated with SPRING strategy for subsequence
searching, referred to as twDTWS. This study focuses on three main vegetable types widely planted in Indonesia,
namely chili, tomato, and cucumber. We conducted vegetable classification in two areas, Malang and Lampung,
using time series of S1A data covering the dry season in 2017. Our results show that the twDTWS method
provides a promising means to classify vegetables using time series of S1A data for the dry season, while the
features decomposed from dual polarization S1A data have little influence on the classification accuracy.
Moreover, the twDTWS method with query sequences (namely reference temporal profiles) defined on the
Malang dataset produced an overall accuracy of 0.80 for the classification of chili and cucumber from the
Lampung dataset when the query sequences correspond to the growth cycles of vegetables. The variation in the
length (i.e., the number of observations) of query sequences can affect the classification accuracy. We conclude
that the twDTWS method has a high potential for classifying vegetables in different areas when constructing the
query sequences of vegetables based on their growth cycles.

1. Introduction

Food economy is an essential part of the Indonesian economy.
Traditionally, it has been linked to rice, while nowadays increasing
attention is paid to the horticultural products economy (Natawidjaja
et al., 2007). The Indonesian consumers’ spending on fresh horticultural
products compared to that on rice increased rapidly from 50% in 1994,
to 75% in 2004, and 100% for urban dwelling Indonesians in 2007
(Natawidjaja et al., 2007). The vegetable consumption per capita in
Indonesia, however, is still below the recommended level set by the
Food and Agriculture Organization of the United Nations (FAO). On the
other hand, the Indonesian horticultural sector is facing a significant
problem which is the shortage of production, particularly the local
production is insufficient to meet domestic demand (GBG, 2016). The
SMARTSeeds project (SMARTSeeds, 2018) supports 100 000 vegetable
farmers to increase their production, income, and food security, while
reducing the inputs of water, fertilizer, and pesticides by advice on
good agricultural practices and market information services. As part of
this project, detailed and updated information regarding the location

and type of three vegetables, namely chili, tomato, and cucumber, is
generated from remotely sensed images. The three vegetables were
selected by local partners as instrumental vegetables for an increase in
income for smallholder vegetable farmers.

Since this study focuses on vegetable classification, we distinguish
vegetables from crops. Hereafter, the term vegetables refers to for instance
chili, tomato, and cucumber, whereas crops only refers to staple crops
such as rice and maize, and cash crops such as sugarcane. Previous
studies have extensively investigated the use of vegetation indices de-
rived from time series of optical satellite images (e.g., from MODIS,
Landsat, and Sentinel-2) for crop mapping (Brown et al., 2013; Maus
et al., 2016; Zhu et al., 2017; Veloso et al., 2017; Massey et al., 2017;
Chen et al., 2018; Belgiu and Csillik, 2018; Cai et al., 2018). Using
optical remote sensing images for crop mapping may be constrained by
cloud coverage, particularly in humid tropical areas like Indonesia.
Over the past decades, Synthetic Aperture Radar (SAR) data, acquired
from both airborne and space-borne platforms, have been widely used
for crop mapping (Ouchi, 2013; Lopez-Sanchez et al., 2014; Mascolo
et al., 2016; Steele-Dunne et al., 2017; Kenduiywo et al., 2017; Veloso
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et al., 2017; Bargiel, 2017; Onojeghuo et al., 2018). Particularly, with
the launch of the Sentinel-1 satellites (A and B), a large amount of SAR
data with high revisit time can be accessed free of charge, promoting its
use for many agricultural applications. We also observed a variety of
crop mapping methods in the literature, for example, Brown et al.
(2013) and Lopez-Sanchez et al. (2014) used methods based on decision
rules, Cai et al. (2018) and Onojeghuo et al. (2018) used machine
learning methods, Petitjean et al. (2012), Maus et al. (2016), Bailly
et al. (2017) and Belgiu and Csillik (2018) investigated methods based
on Dynamic Time Warping (DTW) dissimilarity, and Kenduiywo et al.
(2017) and Bargiel (2017) investigated the modeling of phenology in-
formation for crop mapping. Most of the existing studies, however,
focused on mapping or monitoring of non-vegetable crops, while very
few studies focused on identifying vegetable types.

The objective of this study is to investigate the potential of Sentinel-
1A (S1A) SAR time series data for vegetable classification in Indonesia.
We focus on identifying three specific vegetable types, i.e., chili, to-
mato, and cucumber.

DTW is a powerful (dis)similarity measure to compare time series
sequences, upon which many variants have been developed in the lit-
erature (Müller, 2007; Bagnall et al., 2017). Inspired by Maus et al.
(2016) and Belgiu and Csillik (2018) on crop mapping from optical
images, we also calculate a DTW dissimilarity weighted by time (i.e.,
twDTW) using time series SAR data. A regular question coming to the
use of DTW dissimilarity is how to search similar subsequences as a
reference sequence (i.e., query sequence) from a long and unclassified
sequence (i.e., database sequence). In this paper, we calculate the
twDTW dissimilarity using a subsequence searching strategy called
SPRING (Sakurai et al., 2007). As stated in Sakurai et al. (2007), the
SPRING strategy improves the efficiency of subsequence searching and
obtains similar subsequences with fewer redundant outputs. In this
paper, we label the proposed vegetable classification method based on
twDTW dissimilarity with the SPRING strategy as twDTWS. In addition,
we investigate the use of both backscatter (VH and VV) coefficients and
features (entropy, angle, and anisotropy) decomposed from S1A dual
polarization data for vegetable classification using the twDTWS
method. We also demonstrate the capability of transferring a twDTWS
classification with the query sequences defined on one dataset into the
classification of another dataset.

The remainder of this paper is organized as follows: Section 2 de-
scribes the study area and data, and Section 3 illustrates the metho-
dology for vegetable classification. Section 4 presents experimental
results, followed by the discussion Section 5 and conclusions in Section
6.

2. Study area and data

Around 50% of the Indonesian vegetable farmers live in East Java,
Central Java, and Lampung (SMARTSeeds, 2018). We selected Malang
from East Java and Lampung from Sumatra for this study (Fig. 1). The
two areas differ in topography. The Lampung area is a relatively flat
area covering about 55× 80 km2, whereas the Malang area is a
mountainous area covering about 40×50 km2 although it also has a
flat region (known as Malang Plain) stretching from southeast to
northeast. Indonesia has a humid tropical climate, characterized by two
main seasons, namely a dry season from April to October and a wet
season from November to March. We focus on vegetable classification
for the dry season, having average precipitation around 240 mm per
month and a temperature range of 22°/33°, because it is the time most
vegetables are grown in alternation with rice in the wet season.

We used the dual polarization SAR images only acquired from the C-
band S1A satellite, with a 12-day revisit time, because images from S1B
were rarely available in our study areas. For each area, we downloaded
the available time series of S1A images, in the interferometric wide
swath (IW) mode with Single Look Complex (SLC) product level, cov-
ering the whole dry season. The IW mode provides VH and VV dual
polarizations with around 5m and 15m at the range and azimuth re-
solutions, respectively. The image of 21 September 2017 was missing
for Lampung. We filled this gap by spline interpolation of the image
time series for data organization convenience. (Noteworthy, Petitjean
et al. (2012) showed that DTW algorithms can deal with time series
gaps without an interpolation.) Besides, we also downloaded multi-
temporal optical images over the span of one year (i.e., from February
2017 to February 2018) from the Sentinel-2 (S2) satellite for our study
areas, corresponding to 18 and 19 S2 images for Malang and Lampung,
respectively. These S2 images were used to obtain a cloud-free land
cover map, from which only vegetated areas were considered for ve-
getable classification.

The ground truth data of this study were collected in situ during the
dry season and are displayed in Fig. 1. Since this research covers large
study areas, we had to take into account the accessibility to the field
locations and the permission from farmers to collect data in their fields.
For the Malang area, we conducted a field survey from 19 May 2017 to
23 May 2017 and collected 50 field samples at parcel level. The average
size of the vegetable field samples in the Malang area was around
0.23 ha with a standard deviation of 0.23. For the Lampung area, there
were also 50 field parcels collected from May to August 2017 by
farmers and the projects field survey staff. The Lampung area had ve-
getable field samples with an average size of 0.21 ha and a standard
deviation of 0.15. In each site, we collected field samples in a cluster
sampling manner. Besides chili, tomato, and cucumber, we found that
several other vegetables such as cabbage, beans, and eggplant, and
crops like (paddy) rice, maize, and sugarcane were also regularly
planted in the Malang area as confirmed by FAO (2016). From the
sample fields, we selected only the pixels fully surrounded by other
field pixels to extract query sequences and for validation. For the Ma-
lang dataset, we collected 523 pixels, including 161 tree pixels obtained
from visual interpretation of Google Earth Imagery. For the Lampung
dataset, we collected 495 pixels, including 200 tree pixels obtained
from visual interpretation of Google Earth Imagery.

3. Methodology

The proposed vegetable mapping from time series S1A images is
shown in Fig. 2.

3.1. SAR image pre-processing

The pre-processing of time series S1A SLC images was done using
the Sentinel Application Platform (SNAP) offered by ESA. We first
converted a SLC product into Ground Range Detected (GRD) to obtain
the VH,VV

0 backscatter coefficients using the ‘S1 SLC to GRD’ function in
SNAP with default parameter settings. To reduce noise, the obtained
backscatter coefficients were further multi-looked, followed by a re-
fined Lee speckle filter. We then applied the Range Doppler Terrain
Correction to the filtered VH,VV

0 to correct geometric distortions, and to
geocode the data with a pixel size of 10m. The backscatter coefficients
values were converted into dB. Two additional indices regarding
backscatter coefficients were calculated, namely VV

0
VH
0 (dB) and the

normalized difference polarization index (NDPI) (Cao et al., 2008). In
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addition, we investigated the use of features derived from polarization
decomposition, namely entropy, angle, and anisotropy, based on an
eigenvalue/vector decomposition modified for dual polarized data
(Cloude et al., 2012), and with default parameter setting window size 5.
The main steps for obtaining the VH,VV

0 backscatter coefficients and the
decomposition features (i.e., entropy, angle, and anisotropy decom-
posed from S1A dual polarization SAR data) are described in Fig. 2. The
parameters regarding speckle filtering in SNAP were set to default,
referring to a window size of 7×7.

3.2. Vegetable classification system

Table 1 shows the hierarchical classification system designed for
this study. To improve efficiency, we did not classify the entire study
areas but focused on the vegetated areas, obtained from classification of
multi-temporal S2 images using the sen2cor tool (Muller-Wilm et al.,
2013). This classification produced 11 original land cover classes
(Table 1), which were further grouped into four classes, namely level I
in Table 1. We fused multi-temporal land cover results to create a cloud-

Fig. 1. Overview of Malang and Lampung study areas in Indonesia. The RGB channels correspond to the backscatter coefficients VV
0 of the S1A SAR images acquired

on 04 April 2017, 10 May 2017, and 15 June 2017, respectively. The middle image is an overview of the two study areas, which was depicted on the Google Earth
imagery accessed in May 2018. L1: Bandar Lampung, L2: Metro, L3: Lampung Tengah, L4: Bendungan Batutegi. M1: Malang City, M2: Malang Plain, M3: Waduk
Karangkates Lake, M4: Mount Kawi.
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free land cover map by majority voting. We conducted vegetable clas-
sification at level III using twDTWS from S1A images. Since we could not
remove the area planted with crops beforehand to focus only on vege-
tables, we considered both in the classification process. The classes at
level II were grouped from level III classes.

3.3. Vegetable classification using twDTWS

In this study, we investigated the potential of twDTW dissimilarity
for vegetable classification using time series S1A data, using the
SPRING strategy proposed by Sakurai et al. (2007) for subsequence
searching and for speeding up the calculation.

3.3.1. Dynamic Time Warping dissimilarity measure
Let xt be the feature vector of a pixel in a remote sensing image

acquired at time t, and x{ }t for t∈ [1, 2, …] be the feature time series of
this pixel, also referred to as data sequence in time series classification
(TSC). Similarly, suppose = …X x x x{ , , , }N1 2 and = …Y y y y{ , , , }M1 2 be
two data sequences, corresponding to a reference temporal profile (or
growth pattern) of a vegetable type and an unclassified S1A data time
series. The sequences X and Y are also referred to as the query and
database sequences in a general TSC problem (Müller, 2007). A clas-
sical TSC method using DTW algorithms calculates the dissimilarity
between X and Y. This section describes the calculation of a general
DTW dissimilarity between two sequences X and Y, upon which the
twDTW dissimilarity can be obtained by adding a time factor when
calculating the pairwise distance between two elements xi and yj, as
described in Section 3.3.2. Intuitively, the calculation can be done by
comparing each pair of elements (xi vs. yj, i∈ [1, N], j∈ [1, M]) be-
tween X and Y, and can generate a pointwise distance matrix C (also
called cost matrix) with the size of N×M. The dissimilarity between X
and Y can then be quantified by a total cost summed over a possible
alignment between X and Y. An alignment maps each query sequence
element xi to a specific database sequence element yj, and corresponds
to a warping path pk ∈ P where P indicates all possible alignments be-
tween X and Y (Fig. 3). The DTW dissimilarity DTW(X, Y) between X

Fig. 2. Workflow of the proposed vegetable classification from time series S1A images.

Table 1
Vegetable classification system. OthVeg refers to other vegetables. Level II and
level III classes with italic fonts are generated from S1A images, whereas other
classes (i.e., original land cover and level I classes) are generated from S2
images.

Original land cover classes Level I Level II Level III

Chili
Cucumber

Vegetables Tomato
OthVeg

Vegetation Vegetation Rice
Crops Maize

Sugarcane
Trees Trees

Not vegetated Built and bare land
Water Water
Saturated or defective Unclassified
Dark area pixels
Cloud shadows
Unclassified
Cloud medium probability
Cloud high probability
Thin cirrus
Snow
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and Y can then be defined as

= =C CX Y X Y X YDTW( , ) * ( , ) min ( ( , )),p p P pk k (1)

where C X Y( , )pk refers to the total cost of a possible warping path be-
tween X and Y. More details about the warping path of DTW can be
found in Müller (2007).

Calculating the DTW dissimilarity based on comparing all the pos-
sible warping paths is inefficient. Instead, dynamic programming is
used to directly find the optimal warping path that has the minimum
total cost, forming an accumulated cost matrix D,

=D i j i N j MX Y( , ) DTW( , ), [1, ], [1, ].i j1: 1: (2)

Here D(i, j) indicates the minimum total cost of aligning elements of
subsequence X1:i to that of Y1:j. Furthermore, the accumulated cost
matrix D can be efficiently computed by forming an extended matrix De

with the size of N+1×M+1 (Müller, 2007),

=
=

=
+ < <

D i j
i j M

i N j
d C i j i N j M

( , )
0, for 0, 0

for 0 , 0
( , ), for 0 , 0

e

min (3)

where =d D i j D i j D i jmin{ ( 1, ), ( , 1), ( 1, 1)}e e e
min , De(i,

0)=∞ for i∈ [0, M], De(0, j)= 0 for j∈ [0, M]. The actual cost matrix
D equals to De[1 :N, 1 :M].

The length (i.e., the number of observations) of an unclassified time
series is usually longer than that of the reference temporal profile of a
vegetable. Therefore, subsequences similar to a query sequence are
identified from the database sequence and the query sequence is com-
pared to those subsequences, rather than to the entire database se-
quence (Müller, 2007). Let Yt t:s e be a similar subsequence where ts and te
refer to starting and ending positions defined by Y. The goal is thus to
obtain a list of Yt t:s e with the DTW dissimilarity X YDTW( , )t t:s e below a
threshold ϵ. Müller (2007) illustrated a straightforward way to obtain
similar subsequences from a long database sequence, i.e., by finding all

possible subsequences below ϵ. This strategy can also be combined with
a neighborhood constraint to reduce some redundant subsequences that
are slightly shifted from a local optimal subsequence. An optimal
neighborhood size, however, is difficult to determine. A smaller
neighborhood size may still produce redundant subsequences and in-
crease computation time, whereas a larger size may produce incomplete
subsequences.

Therefore, we calculated the DTW dissimilarity using the SPRING
strategy (Sakurai et al., 2007), to obtain the optimal similar sub-
sequences and to speed up the searching process. The idea was that the
process of calculating the DTW dissimilarity D(i, j) between X1:i and Y1:j
also tracks its starting position S(i, j), where i∈ [1, N] and j∈ [1, M].
The starting position S(i, j) reflects that the minimum total cost between
X1:i and Y1:j is calculated by aligning the X1:i to YS(i,j):j. The starting
position matrix can be computed by forming an extended matrix Se as

=
=
=
=

S i j
S i j d D i j
S i j d D i j
S i j d D i j

( , )
( 1, ), if ( 1, )
( , 1), if ( , 1)
( 1, 1), if ( 1, 1)

e

e e

e e

e e

min

min

min (4)

where Se(i, 0)= 0 for i∈ [0, N], Se(0, j)= j for j∈ [0, M], and
S= Se[1 :M, 1 :N]. To determine whether a subsequence YS(N,j):j with
j∈ [1, M] belongs to an optimal subsequence similar to X1:N, we as-
sumed that YS(N,j):j cannot be replaced by its upcoming subsequence
YS(N,j+1):j+1. Hence, the optimal similar subsequence Yt t:s e (as compared
with X1:N) equals YS(N,j):j, where ts= S(N, j) and te= j. The im-
plementation of the DTW algorithm with the SPRING algorithm is de-
tailed in Algorithm 1. Theoretically, the computational complexity of
the SPRING algorithm is O(M) compared with O(MN) of that in Müller
(2007). If no subsequence is found by SPRING, the DTW dissimilarity
DTW(X, Y) between X and Y equals to D(N, M).

Algorithm 1. Obtain optimal similar subsequence by SPRING and
calculate DTW dissimilarity.

Fig. 3. Left: Matching of sequences of a DTW algorithm, where dashed lines indicate pair-wise matching of observations between sequences X and Y. Right: The
optimal warping path (i.e., dotted line) between sequences X and Y (i.e., solid lines).
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3.3.2. Pairwise distance
To obtain the accumulated distance cost matrix D with N×M in Eq.

(2), we needed to calculate the pairwise distance C(i, j) between feature
vectors xi and yj with i∈ [1, N] and j∈ [1, M]. In our vegetable clas-
sification problem, xi is a Z-dimensional feature vector consisting of (a
subset of) features of VH

0 , VV
0 , VV

0
VH
0 , NDPI, entropy, angle, and

anisotropy. One of the popular pairwise distance measures is the Eu-
clidean distance x yi j (Bagnall et al., 2017). Jeong et al. (2011)
investigated a weighted DTW dissimilarity with a logistic function,
while Maus et al. (2016) designed a DTW dissimilarity weighted by
time (i.e., twDTW) for agricultural land cover classification using time
series of vegetation indices derived from optical remote sensing images.
Results show that the twDTW dissimilarity with a logistic function
produced better results than both the twDTW dissimilarity with a linear
function and a non-weighted DTW dissimilarity. Accordingly, we also
derived a twDTW dissimilarity with a logistic function, with steepness α
and midpoint β, to account for the time factor,

= = + =
+

C i j d w w
e

x y x y( , ) ( , ) (1 ) · , 1
1i j i j ij ij t t(| | )i j

(5)

where λ∈ [0, 1] balances the feature distance and time factor, and we
used a multidimensional Euclidean distance for x yi j .

3.3.3. Query sequence construction and time series classification
We constructed query sequences at class level III. For the con-

struction, a practical solution is to use a Generalized Additive Model
(GAM) to derive query sequences from samples (Wood, 2011; Maus
et al., 2016; Belgiu and Csillik, 2018). More specifically, a straightfor-
ward implementation of query sequence construction by GAMs can be
found in the dtwSat R package developed by Maus (2017), while Wood
(2011) and Wood et al. (2016) provide more details on GAMs. In this
paper, we also constructed query sequences based on the time series

SAR data of pixels in field parcels over the dry season using a GAM
implemented by the dtwSat::createPatterns function in the dtwSat R
package (Maus, 2017), where a spline model was used and the fre-
quency parameter was set to 12 days. The constructed query sequences
were used to classify time series SAR data over the entire dry season.
Since the length of the dry season is longer than the growth cycles of
vegetables (e.g., 140, 112 and 84 days for chili, tomato and cucumber
respectively), we also investigated construction of query sequences with
respect to the length of the vegetable growth cycles. In this case, we
obtained each query sequence of a vegetable type by averaging the
observations of the set of time series SAR data (that covered the growth
cycle of vegetables) regarding the ground truth pixels in a re-
presentative field parcel.

For the time series SAR data (from April to October) of an unlabeled
pixel Y, we calculated the twDTW dissimilarity with respect to each
query sequence. We then assigned the unlabeled Y to the class that has
the minimum twDTW dissimilarity, corresponding to a 1-Nearest
Neighbor (1NN) classification. The effectiveness of using a DTW dis-
similarity measure with 1NN has also been investigated in the literature
(Xi et al., 2006; Bagnall and Lines, 2014; Buza, 2018).

3.4. Accuracy assessment

We collected 523 and 495 sample datasets of time series for Malang
and Lampung areas respectively. The sample datasets were used to
construct query sequences and assess classification accuracies using
confusion matrix (Olofsson et al., 2014). Moreover, we did a 10-fold
cross validation on the sample datasets to further assess classification
results.

3.5. Performance evaluation

To evaluate the performance, we compared the proposed twDTWS
method with the method implemented in the dtwSat R package (Maus,
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2017), labeled as twDTW, and with a method directly using Euclidean
distance as the dissimilarity measure between two sequences, labeled as
ED method. We also compared the computing time of vegetable clas-
sification between the twDTWS and twDTW methods. Since the pro-
posed twDTWS was implemented in Matlab while the twDTW was in R,
this comparison also contained the difference between programming
platforms.

3.6. Transferability test

Last, we conducted a transferability test of the proposed twDTWS
using query sequences defined from one dataset for the classification of
another dataset. This test aimed to investigate the potential of the
proposed method for broader areas where samples are unavailable.

4. Results

Fig. 4 shows the obtained land cover maps of Malang and Lampung
study areas.

4.1. Constructing query sequences for vegetables

We first constructed the query sequences of vegetables, crops, and
trees covering the dry season, based on the sample datasets of time
series S1A data, for Malang and Lampung respectively, including VH

0

(dB), VV
0 (dB), VV

0
VH
0 (dB), NDPI, entropy, angle and anisotropy,

from S1A data. Fig. 5 shows the constructed query sequences using
GAM, with the length of 16 and size of 523, of time series S1A data
collected in Malang over the dry season. This figure also shows that the
temporal changes of VH

0 (dB), VV
0 (dB) and VV

0
VH
0 (dB) vary be-

tween vegetables, crops, and trees. The temporal changes of NDPI have
almost the same patterns as those of VV

0
VH
0 (dB), whereas aniso-

tropy shows a reverse shape compared to that of entropy. Therefore, the
NDPI and anisotropy features were not selected for the following ve-
getable classification. Fig. 5a shows that among vegetable types, the
shapes of the temporal profiles by backscatter coefficients of chili have
evident overlap with those of tomato, but relatively less overlap with
those of cucumber. In addition, we can see that rice has a distinct
pattern of backscatter coefficients over the selected period of time.

Fig. 4. Land cover maps of Malang and Lampung areas obtained from multi-temporal S2 images, corresponding to the level I classes in Table 1. L1: Bandar Lampung,
L2: Metro, L3: Lampung Tengah, L4: Bendungan Batutegi. M1: Malang City, M2: Malang Plain, M3: Waduk Karangkates Lake, M4: Mount Kawi.

M. Li and W. Bijker Int J Appl  Earth Obs Geoinformation 78 (2019) 268–280

274



4.2. Vegetable classification and accuracy assessment

We first applied the proposed twDTWS method with query se-
quences constructed as described above to the vegetable classification
on the sample datasets of Malang. We determined the values of para-
meters α and β regarding the logistic function in Eq. (5) via a grid
search method. The value of α ranged from 0 to 1 with a step of 0.1, and
the value of β ranged from 0 to 50 with a step of 5. We chose the
optimal values that produced the highest classification accuracy. The
weight parameter λ was set to 0.5, indicating that the feature distance
and time factor were treated with equal weight. More analysis about the
effect of weight parameter λ on classification accuracy can be found in
the supplementary material (see Fig. S1 in Appendix A). In this

experiment, we used three backscatter features and two decomposition
features. We obtained an overall accuracy (OA) of 0.80 and a kappa
coefficient (κ) of 0.77 for the twDTWS classification of the Malang
(sample) dataset at class level III (Table 2). The highest user accuracy
(UA) among vegetables was for tomato, followed by chili, whereas cu-
cumber had the lowest UA of 0.5. For crops, rice was classified with the
highest UA, resulting from distinct temporal patterns in SAR back-
scatter coefficients. Trees were also classified with a relatively high UA.

Similarly, we did the twDTWS classification on the Lampung
(sample) dataset at class level III using both backscatter and decom-
position features, with an OA of 0.87 and a κ of 0.82, see supplementary
material for more detail (Table S1 in Appendix A). We also compared
the OA of the classification results between Malang and Lampung

Fig. 5. Query sequences of vegetables, crops, and trees defined in terms of VH
0 (dB), VV

0 (dB), VV
0

VH
0 (dB), NDPI, entropy, angle, and anisotropy, using sample

dataset of time series S1A data collected in Malang. For each subfigure, the horizontal axis indicates day of year (DoY), and the vertical axis refers to the normalized
feature value from 0 to 1.
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datasets at class level II, which were 0.84 and 0.89, respectively (see
Table S2 in Appendix A).

To investigate the effect of decomposition features on classification
accuracy, we compared the results between classifications with and
without using decomposition features (Table 3). Our results show that
the decomposition features had little influence on the accuracy of ve-
getable classification, as we can see a slight increase in the classification
accuracy of the Lampung dataset with the incorporation of decom-
position features, and a slight decrease for the Malang dataset.

Fig. 6 shows the vegetable maps produced by the proposed twDTWS
method for the Malang and Lampung study areas at class level II, using
time series S1A data covering the dry season. The query sequences were
defined based on features of VH

0 (dB), VV
0 (dB) and VV

0
VH
0 (dB). In

the Malang area, the predominance of crops surrounding the main
urban areas situated in the Malang Plain is clearly visible, while the
smaller vegetable plots are found as the slopes of the volcanoes sur-
rounding the Malang Plain (M2). For the study area of Lampung, we can
see that the main vegetable area is in the upper-right corner of the map
between the towns of Metro (L2) and Lampung Tengah (L3), and that
vegetable fields can also be found on the slopes of mountains in Lam-
pung surrounding Bendungan Batutegi (L4).

4.3. Performance evaluation

We then compared the proposed twDTWS method with the existing
twDTW, and with the ED (i.e., using the Euclidean distance directly as
dissimilarity measure) methods for the time series classification on both
datasets at class level III in the dry season. Here the classification only
used backscatter features. Since the sample datasets were relatively
small, we conducted a 10-fold cross validation on the sample datasets
for each classification, with samples divided randomly into 10 parti-
tions. In each partition, 0.9 proportion of the time series samples were
used to construct query sequences using GAM, while 0.1 proportion of
the samples were used to assess the classification accuracy in terms of
overall accuracy and kappa coefficient (Fig. 7). This figure also shows

that the proposed twDTWS method produced the same results as the
twDTW classification, whereas both twDTWS and twDTW produced
higher classification accuracies than the ED method. Without cross
validation, twDTWS and twDTW showed similar, high accuracy for
both Malang and Lampung areas, while ED showed a little lower OA
(Appendix A, Tables S3 and S4).

4.4. Transferability test

To evaluate the transferability of the proposed twDTWS method for
classifying vegetables in different areas, we first applied the twDTWS
method with query sequences defined from the Malang dataset to
classify the Lampung dataset, for five classes, namely chili, cucumber,
rice, maize, and trees. We did not include the tomato class because
there were too few tomato samples available in the Lampung dataset.
The query sequence used for each class was the same as that of Table 2.
By doing so, the highest overall accuracy (achieved by setting the op-
timal α and β parameters) of the vegetable classification on the Lam-
pung dataset was 0.35. Likewise, we did the vegetable classification on
the Malang dataset using the twDTWS method with query sequences
constructed from Lampung samples, and obtained an overall accuracy
of 0.37. The low classification accuracy implies that the twDTWS with
query sequences defined using seasonal time series of S1A data from
Malang failed to effectively characterize the temporal changes of ve-
getables in Lampung, vice versa. This is because the defined query se-
quences had the same length (i.e., the number of observations) for all
classes covering the entire dry season. But the fact is that vegetables
have different lengths of growth cycles, with 140 days for chili, 112
days for tomato and 84 days for cucumber, all shorter than the length of
the dry season. As a consequence, the query sequences defined over the
entire dry season failed to characterize the temporal changes of vege-
table types, by addition of noise (the time there was no vegetable on the
field) and thus resulted in poor classification accuracy.

To verify this assumption, we first improved the construction of
query sequences based on the growth cycles of vegetables. Using the
age information of the samples collected in Malang, along with the
collection date, we estimated the query sequence of a vegetable type
spanning from planting date to harvest date. We focused on chili and
cucumber, because of the limited validation data with respect to tomato
in Lampung. Fig. 8 displays the improved query sequences constructed
for chili and cucumber in terms of ,VH

0
VV
0 and VV

0
VH
0 . This figure

also shows that the growth cycle of chili was covered by the time series
S1A data with 12 observations, while the shorter growth cycle of cu-
cumber was only covered by 7 observations.

Next, we applied the twDTWS method with the improved query
sequences defined from the Malang dataset (Fig. 8) to classify chili and
cucumber on the Lampung dataset over the dry season from 1st April

Table 2
Confusion matrix of the classification results by twDTWS using σ0 and decomposition features for the Malang dataset at class level III. OthVeg represents other
vegetables. UA, PA, OA, and κ refer to user accuracy, producer accuracy, overall accuracy, and kappa coefficient, respectively.

Classified Reference

Chili Tomato Cucumber OthVeg Rice Maize Sugarcane Trees UAa

Chili 63 0 0 0 0 1 0 16 0.79 ± 0.09
Tomato 1 31 0 0 0 0 0 1 0.94 ± 0.08
Cucumber 0 1 16 0 0 0 0 15 0.50 ± 0.18
OthVeg 0 7 0 23 7 0 0 6 0.53 ± 0.15
Rice 0 0 0 0 90 0 3 0 0.97 ± 0.04
Maize 6 6 0 3 0 27 0 1 0.63 ± 0.15
Sugarcane 0 0 0 0 6 0 64 16 0.74 ± 0.09
Trees 1 2 3 0 0 0 1 106 0.94 ± 0.04
PAa 0.89 ± 0.07 0.66 ± 0.11 0.84 ± 0.16 0.88 ± 0.12 0.87 ± 0.06 0.96 ± 0.07 0.94 ± 0.05 0.66 ± 0.07
Estimated areaa 71 ± 9.9 47 ± 7.9 19 ± 6.6 26 ± 7.3 103 ± 7.5 28 ± 6.6 68 ± 8.9 161 ± 13.6

OAa= 0.80 ± 0.03, κ = 0.77

a 95% confidence interval (Olofsson et al., 2014). Estimated area refers to the number of pixels.

Table 3
User accuracy (UA), overall accuracy (OA), and kappa coefficients (κ) compared
between the twDTWS classifications with and without decomposition features
(abbreviated as decomps.) for Malang and Lampung datasets at class level II.

Areas Classification UA OA κ

Vegetables Crops Trees

Malang With decomps. 0.76 0.86 0.94 0.84 0.75
Without 0.79 0.89 0.93 0.87 0.80

Lampung With decomps. 0.95 0.61 0.96 0.89 0.82
Without 0.95 0.55 0.95 0.87 0.79
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2017 to 1st October 2017. As can be seen from Eq. (1), the DTW dis-
similarity refers to the total cost of the optimal warping path. The
calculated DTW dissimilarity can thus be influenced by the length (i.e.,
the number of observations) of a query sequence. To eliminate this
influence, we normalized the calculated twDTW dissimilarity by di-
viding it by the length of the corresponding query sequence (labeled as
strategy 1). Alternatively, we kept all query sequences with the same
length, where the sequence with a shorter length (i.e., cucumber) was
extended to the length of the longer one (i.e., chili) by adding time at
the beginning and the end of the query sequence (labeled as strategy 2).
We randomly selected 27 samples from the Lampung sample dataset for
both chili and cucumber classes. Table 4 gives the accuracy of

transferring the vegetable classifications from Malang to Lampung. This
table shows that the proposed twDTWS method with query sequences
defined based on the growth cycles of vegetables produced an overall
accuracy of 0.80 when transferring from Malang to Lampung with
strategy 1. Comparing strategies 1 with 2, we can see that the second
strategy had lower user accuracies for both chili and cucumber. This is
reasonable, because the process of extending the query sequence that
had a shorter length with time before and after the growth cycle also
introduced noise, although not as much as extending it to the entire dry
season.

Fig. 6. Vegetable maps produced by the proposed twDTWS method for the Malang and Lampung study areas at class level II, using time series S1A SAR data covering
the dry season. (a–d) refer to four subset areas along with their Google Earth images in the two maps. L1: Bandar Lampung, L2: Metro, L3: Lampung Tengah, L4:
Bendungan Batutegi. M1: Malang City, M2: Malang Plain, M3: Waduk Karangkates Lake, M4: Mount Kawi.
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5. Discussion

In this study we investigated our twDTWS method, combining time-
weighted Dynamic TimeWarping (twDTW) dissimilarity and SPRING
subsequence searching strategy, for vegetable classification, using S1A
dual polarization SAR time series data in Indonesia. Our results reveal
that the proposed twDTWS method provides a promising means to
distinguish vegetable types using time series of S1A data.

Maus et al. (2016) and Belgiu and Csillik (2018) investigated the
DTW dissimilarity weighted by time for crop mapping using time series
of vegetation indices derived from optical remote sensing images, and
achieved good results. Building on those experiences, the main con-
tributions of our study are to (a) investigate the use of twDTW methods
for vegetable classification, with small and heterogeneous fields, (b) to
apply these methods to time series of SAR data instead of optical data,

and (c) to show how query sequences from one area can be transferred
to another area by considering the differences in length of the growth
cycle of the vegetables.

The vegetable classification was conducted in areas covered by
vegetation as identified from multi-temporal Sentinel-2 optical remote
sensing images using an existing method. Areas identified as vegetation
were further divided into vegetables, crops and trees. Further research
to improve the accuracy of obtained land cover map could also lead to
an improvement in the accuracy of the subsequent vegetable classifi-
cation.

Since vegetables usually have a short growth cycle and can be
planted year-round, it is essential to search similar subsequences from
an unknown long time series and then assess the similarity between a
subsequence and a query sequence representing a vegetable type. This
paper adopted the SPRING strategy for searching similar subsequences

Fig. 7. Comparison of the classification results between the twDTWS, twDTW and ED methods using 10-fold cross validation. The classification was conducted at
class level III, and assessed by overall accuracy (OA) and kappa coefficients κ.

Fig. 8. Improved query sequences (i.e., growth cycles) of chili and cucumber. DoY indicates day of year.

Table 4
Applying the twDTWS method to the Lampung dataset using the improved query sequences defined from the Malang dataset. OA, UA, and PA refer to overall, user,
and producer accuracy, respectively. Strategy 1: normalization of DTW dissimilarity by query sequence length. Strategy 2: extending the shorter length of query
sequence(s) to match the longer one(s).

Classified Reference

Strategy 1 Strategy 2

Chili Cucumber UAa Chili Cucumber UAa

Chili 22 6 0.79 ± 0.15 22 13 0.63 ± 0.16
Cucumber 5 21 0.81 ± 0.15 5 14 0.74 ± 0.20
PAa 0.81 ± 0.12 0.78 ± 0.13 0.81 ± 0.12 0.52 ± 0.13
Estimated areaa 27 ± 5.9 27 ± 5.9 27 ± 6.9 27 ± 6.9
OAa 0.80 ± 0.11 0.67 ± 0.13

a 95% confidence interval. Estimated area refers to the number of pixels.
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and for reducing redundant outputs (Sakurai et al., 2007). In future
studies, the strength of twDTWS could be further explored by extracting
vegetable patterns using time series data spanning over multiple sea-
sons.

Vegetable classification using query sequences defined over the
entire dry season produced promising results for both Malang and
Lampung datasets. However, such query sequences resulted in low
classification accuracy when applying twDTWS with query sequences
defined from one area (e.g., from Malang) to vegetable classification in
a different area (e.g., to Lampung), such as the overall accuracy of 0.35
in this study. By designing the query sequences corresponding to the
length of the growth cycles of vegetable types, the transferability of
vegetable classification via twDTWS was remarkably improved, to an
overall accuracy of 0.80. Our transferability test was limited in the
sense that we only considered chili and cucumber. Future testing of
transferability of the proposed method can also take the remaining
classes into account.

The accuracy of vegetable classification by twDTWS is affected by
the used query sequences (see Section 4.4) and future research could
investigate the effect of the variation in query sequences on the clas-
sification accuracy obtained by the twDTWS method. We could further
improve vegetable classification via twDTWS by designing a rule-based
classification system based on twDTWS. Particularly, in the present
study, the class of other vegetables refers to a group of other vegetables
(Table 2). The obtained query sequences of this mixed class might
improperly characterize the temporal evolution of these other vege-
tables. This problem could be handled by a rule-based classification
system, where instead of including an other vegetables class defined by
samples, there will be a threshold on the twDTWS dissimilarity and any
vegetated pixel with a larger distance is not classified as trees, crops, or
any of the defined vegetables, but will be labeled as other vegetables. In
future research, more vegetable types can be added, and some may
have similar query sequences as chili, tomato or cucumber and might be
misclassified by using the twDTWS method.

Ji and Wu (2015) concluded that HH-HV and HV-VV dual polarized
SARs cannot effectively extract the scattering mechanisms in the H–α
plane, and such SARs can only partially extract low, medium and high
entropy scattering mechanisms due to the lack of co-polarization, which
is supported by our results, showing that decomposition features (i.e.,
entropy and angle) from dual polarization (VH and VV) had little in-
fluence on the classification accuracy of vegetable types in time series
classification.

Last, due to the difficulty in the collection of ground truth data in
the study areas, the sample datasets used in this paper were relatively
small, yet sufficient for our purpose. As our project proceeds, more
samples will be collected and used in the future to improve the vege-
table classification from time series of S1A SAR data. Besides DTW-
related methods, we also believe that the improvement of vegetable
classification can be greatly benefited from the development of machine
learning, upon which future research can be conducted.

6. Conclusions

This study investigated vegetable classification using time series of
S1A dual polarization data over the dry season, with a particular in-
terest in three specific vegetable types widely planted in Indonesia,
namely chili, tomato, and cucumber. We applied a method (i.e.,
twDTWS) based on time-weighted Dynamic Time Warping dissimilarity
with SPRING searching strategy to the vegetable classification in two
areas, i.e., Malang and Lampung. Experimental results allow us to
conclude that:

• Vegetable types like chili, tomato, and cucumber can be classified
from time series of S1A images using twDTWS, with an overall ac-
curacy of 0.8.
• Time factor and feature similarity were equally important in the

twDTWS, which had low sensitivity to the relative weight between
the two components.
• Features decomposed from S1A dual polarization data did not im-
prove the classification accuracy.
• When transferring query sequences to classify vegetables in another
area, the twDTWS method using query sequences corresponding to
the growth cycles of vegetables produced a higher classification
accuracy than that of using the query sequences defined over the
entire dry season. Moreover, to deal with the difference of the length
of query sequences between vegetable classes, the twDTWS dis-
similarity weighted by the length of each query sequence worked
better than that of extending the shorter growth cycles by including
time before and after the growth cycles (to make query sequences of
equal length).
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