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Abstract. The automatic classification of remote sensing time series has become

essential to identify the rapid and frequent changes that the earth’s surface has

been undergoing. This work investigates the accuracy of land use and land

cover classification with remote sensing time series when distance based meta-

features are added to existing features of some classifiers. The distance based

meta-features presented are generated by comparing all time series of the re-

gion being studied to every time series patterns previously calculated for that

region. This is a very costly operation that was made viable through the use

of parallel processing. Although expensive, this operation is advantageous be-

cause the meta-features generated can be later used as input to any classifier.

The experimental work conducted showed promising results when using the dis-

tance based meta-feature strategy. The proposed strategy was able to increase

from 78% to 93,8% the classification accuracy of the KNN algorithm, and from

92,3% to 93,8% the accuracy of a state-of-art SVM-based algorithm proposed

recently. These results indicate that distance-based meta-features allow reveal-

ing unknown data characteristics, potentially increasing classification accuracy.

1. Introduction

Never before in the current era has the Earth’s surface changed so fast. While urban
and agricultural areas greedily expand into the surrounding natural space, whole forest
ecosystems are diminishing at an alarming speed. To identify those changes and highlight
their dynamics, the automatic classification of remote sensing time series has become
essential [Bégué et al. 2018].

The Time-Weighted Dynamic Time Warping (TWDTW)[Maus et al. 2016] al-
gorithm with temporal weights, was successfully used to identify these changes in
the Earth and classify land cover classes including single and double cropping sys-
tems [Maus et al. 2019]. However, when there is a high variability of data in each tem-
poral pattern, the overlap of time series patterns increases, leading to confusion in the
classification [DADI 2019]. The method proposed by [Picoli et al. 2018] minimizes this
impact by using all spectral bands and vegetation indices from time series as input vari-
ables for machine learning algorithms.
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Our work extends the solution proposed by [Picoli et al. 2018] adding meta-
features created from distance measures calculated by TWDTW, for each pattern class.
We obtained a higher overall accuracy than the TWDTW and the method proposed
by [Picoli et al. 2018]. The TWDTW algorithm has a high computational cost, with time
complexity of O(n2). Therefore, the method, introduced in this paper, explores paral-
lel architectures to create the meta-features efficiently with the Spatial Parallel TWDTW
(SP-TWDTW) algorithm [Oliveira et al. 2018], proposed in a previous work. The SP-
TWDTW execution time was 246 times faster than the TWDTW in R, and 11 times faster
than the TWDTW implementation in C++.

This paper is organized as follows. Section 2 discusses the solutions for classifi-
cation using remote sensing time series. Section 3 describes the TWDTW algorithm used
as the basis for this work. The new method proposed in this paper is presented in Sec-
tion 4. Section 5 validates the method and discusses the accuracy of it. Finally, Section 6
presents some conclusions and future work.

2. Land cover and Land Use Classification using Remote Sensing Time

Series

Automatic classification methods using remote sensing time series have been used for
land cover and land use mapping. DTW is one of the most well-known methods in
this field. Some previous work like [Petitjean et al. 2012, Petitjean and Weber 2014,
Maus et al. 2016] proposed non parallel methods using DTW to analyze time series of
satellite images using a maximum time delay to avoid time distortions based on the date
of the satellite images.

Some methods process each image independently and compare the results for
different time instances [Gómez et al. 2011, Lu et al. 2016]. The technique presented
in [Costa et al. 2017] builds a time series of each pixel and process them indepen-
dently. Some papers perform the time series classification through spatial interpola-
tion [Li and Heap 2014], which is the process of using points with known values to
estimate values of other unknown points. Several automated approaches were de-
veloped for land use classification, including single or multi-stage supervised clas-
sification [Abou EL-Magd and Tanton 2003], decision tree [Simonneaux et al. 2008],
and supervised learning models such as Random Forest or Support Vector Ma-
chines [Löw et al. 2012, Lebourgeois et al. 2017].

Deep Learning (DL) algorithms have seen a massive rise in popularity for remote-
sensing image classification over the past few years. A study was made to conduct a
comprehensive review of more than 200 publications in this field, most of which were
published during the last two years [Ma et al. 2019]. For time series classification, the
Recurrent Neural Networks (RNN) has been traditionally applied, analyzing the observa-
tions of each pixel over time. Despite the potential of RNNs, it has been pointed out that
there are open challenges in the classification using DL algorithms.

The method proposed by [Picoli et al. 2018] builds high-dimensional spaces us-
ing all values of the time series from vegetation indices NDVI and EVI, and the spectral
bands NIR and MIR, coupled with advanced statistical learning methods. Three classi-
fiers were evaluated: Support Vector Machine (SVM), Random Forest (RF), and Linear
Discriminant Analysis (LDA). The SVM classifier has been show to have better discrimi-
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nating power than RF and LDA in a case study covering the state of Mato Grosso, Brazil,
in an area of 5,300 km2. As an example, the Table 1 shows the time series from NDVI,
EVI, NIR and MIR with two observations each, which are mapped as input variables for
machine learning methods.

Table 1. Input variables for machine learning methods using NDVI, EVI, NIR and

MIR time series with two observations each [Picoli et al. 2018].

pixel mir.1 mir.2 nir.1 nir.2 ndvi.1 ndvi.2 evi.1 evi.2

1 0.5 0.1 0.7 0.1 0.11 0.11 0.1 0.01
2 0.8 0.85 0.2 0.1 0.3 0.5 0.4 0.52
3 0.6 0 0.8 0.3 0.3 0.3 0.6 0.23

3. Time-Weighted Dynamic Time Warping (TWDTW)

The TWDTW [Maus et al. 2016] is a variation of the DTW algorithm that is sensitive
to seasonal changes of natural and cultivated vegetation types. It considers inter-anual
climatic and seasonal variability. The TWDTW method computes the cost matrix Ψn,m

given the pattern U = (u1, ..., un) and time series V = (v1, ..., vm). The elements ψi,j of
Ψn,m are computed by adding the temporal cost ω, becoming ψi,j = |ui−vj|+ωi,j , where
ui ∈ U ∀ i = 1, ..., n and vj ∈ V ∀ j = 1, ...,m. To calculate the time cost, the logistic
model is used with a midpoint β and a bias α presented in Equation 1.

ωi,j =
1

1 + e−α(g(ti,tj)−β)
, (1)

in which g(ti, tj) is the elapsed time in days between dates ti for the patterns U and tj
in the time series V . From the cost matrix Ψ an accumulated cost matrix is calculated,
named D by using a recursive sum of the minimum distances, as shown in equation 2

di,j = ψi,j +min{di−1,j, di−1,j−1, di,j−1}, (2)

which is subject to the following conditions:

dij =











ψi,j i = 1, j = 1
∑i

k=1 ψk,j 1 < i ≤ n, j = 1
∑j

k=1 ψi,k i = 1, 1 < j ≤ m

(3)

The kth lowest cost path in D produces an alignment between the pattern and a
subsequence of V with associated distance δk, in which ak is the first element and bk the
last element of k. Each minimum point in the last row of the cost matrix is accumulated,
i.e. dn,j ∀ j = 1, ...,m, produces an alignment, with bk = argmink(dn,j), k = 1, ..., K
and δk = dn,bk , in which K is the minimum number of points in the last row of D.

A reverse algorithm, equation 4, maps the path Pk = (p1, ..., pL) along the kth
“valley” to the lowest cost in D. The algorithm starts in pl=L = (i = n, j = bk) and ends
with i = 1, i.e. pl=1 = (i = 1, j = ak), in which L denotes the last point of alignment.
The path Pk contains the elements that have been matched between the series.
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pl−1 =











(i, ak = j) se i = 1

(i− 1, j) se j = 1

argmin(di−1,j, di−1,j−1, di,j−1) otherwise

(4)

The best accuracy results using TWDTW distance measures have been reached
using the k-Nearest-Neighbours (kNN) algorithm with K = 1 (1NN) [Maus et al. 2016,
Maus 2016, Wegner Maus et al. 2019]. The kNN is a non-parametric classification
method that does not require training data to generate the model. Given a set of n train-
ing examples, upon receiving a new instance to predict, the kNN classifier will identify
k nearest neighboring training examples of the new instance and then assign the class
label hold by the majority of neighbors to the new instance. Remote sensing time series
classification with 1NN using TWDTW distance measures follows the steps:

1. InitializesK = 1.
2. Calculate the distance measure between each time series V and each pattern U

with TWDTW.
3. Sort the distances in ascending order based on its values.
4. Assign to V the class from pattern U with the shortest distance to V .

4. Creating Meta-Features for Land Use and Land Cover Classification

using Remote Sensing Time Series exploiting Parallel Processing

The TWDTW is a pattern-matching algorithm based on dynamic programming with time
complexity O(n2). This section presents the solution proposed to create meta-features as
input for machine learning methods to increases the land use and land cover classifica-
tion accuracy. These meta-features are created exploiting parallelism with the algorithm
proposed in [Oliveira et al. 2018], denoted by SP-TWDTW.

In general, the SP-TWDTW algorithm parallelizes the construction of the accu-
mulated cost matrix. The accumulated cost matrix D is computed from the cost matrix
Ψ using the recursive sum of the minimum distances, as shown in equation 2. The con-
struction of D can not be trivially paralleled since the computation of each element (i, j)
of the matrix depends on the previously elements (i− 1, j), (i, j − 1) and (i− 1, j − 1).
This dependency can be seen in Figure 1(a). The idea behind the SP-TWDTW algorithm
is presented in Figure 1(b). Each diagonal is computed in parallel, with each thread being
responsible for a diagonal cell. Since the elements are not dependent on each other within
the diagonal, the calculation of the accumulated cost does not lead to an inconsistent
matrix.

4.1. Creating Meta-Features for Machine Learning Algorithms using the

SP-TWDTW Distance Measures

In remote sensing time series processing, each pattern belongs to a certain class. The
pattern is created using a set of time series sample of the given class. The best accuracy
results using TWDTW similarity measures in STSR classification have been obtained
using the KNN approach with K = 1 (1NN) [Maus et al. 2016], described in Section 3.
However, for regions where data samples cannot capture the correct pattern for each class,
TWDTW usually does not have high accuracy on classification [Maus et al. 2016]. Due
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(a) The computation of each
element inD depends on the
values of previous elements.

(b) SP-TWDTW: Parallel
processing of D

Figure 1. Computation of the accumulated cost matrix D

to the variability of time series samples, creating a single time series pattern for each class
is a difficult task. The solution proposed by [Picoli et al. 2018], described in Section 2,
reduces this impact by using all spectral bands and vegetation indices from time series as
features for machine learning algorithms, creating high dimensional spaces.

Our work proposes a new method for land use and land cover mapping that creates
meta-features from distance measures calculated by SP-TWDTW, in addition to spectral
bands and vegetation indices [Picoli et al. 2018], as input variables for machine learning
algorithms. Formally, given a time series V , a set of patterns Q = {U1, U2, ..., Un}, the
meta-features array is created using the function F-TWDTW(V) following the Equation 5:

F-TWDTW(V ) = (SP-TWDTW(V, U1), ..., SP-TWDTW(V, Un)) (5)

where, n is the number of patterns in Q. Since each pattern is related to one class, so n
also represents the number of classes, to which each V can be assigned. The meta-features
created by F-TWDTW(V) is added to the array of features defined in [Picoli et al. 2018],
generating the input variables for the machine learning algorithms.

The creation of meta-features with SP-TWDTW for machine learning methods
can be exemplified as follows. Suppose there are three classes: “Forest”, “Pasture”
and “Cerrado”. In this case, there is one pattern for each class and Q = {U1, U2,
U3}. For each time series V (related to one pixel), the distance measure between V
and each U ∈ Q is calculated with SP-TWDTW. If the pattern U2 (“Pasture”) has the
shortest distance to V , so the 1NN method, using the SP-TWDTW similarity measure,
would assign the class “Pasture” to V . If we use the SP-TWDTW distance measures
as input to machine learning methods, in this example we would have three new meta-
features generated from the distances measures between V and each U ∈ Q. These
meta-features can then be used as input variables for the machine learning algorithms.
The Table 2 shows an example of a training dataset that merges the meta-features cre-
ated by SP-TWDTW (ptwdtw.forest, ptwdtw.pasture, ptwdtw.cerrado) with the features
from [Picoli et al. 2018] (mir, nir, ndvi)1.

1The method proposed by [Picoli et al. 2018] also uses the time series from EVI vegetation index as
input variable for machine learning methods.
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Table 2. Example of a training dataset using the SP-TWDTW distance measures
as meta-features.

pixel mir.1 mir.2 nir.1 nir.2 ndvi.1 ndvi.2 ptwdtw.forest ptwdtw.pasture ptwdtw.cerrado

1 0.5 0.1 0.8 0.7 0.1 0.15 11.3 15.9 5.0
2 0.8 0.85 0.7 0.2 0.1 0.4 3.7 5.0 5.0
3 0.9 0.5 0.8 0.3 0.3 0.3 1.2 10.8 4.1

Although both 1NN and F-TWDTW use SP-TWDTW distance measures, 1NN
will use a fixed number of neighbors, in this case just one, to decide the class that V be-
longs to. On the other hand, machine learning methods use complex functions to improve
the classification accuracy using the training data set. For example, these methods can re-
duce the weight of a training sample that would be the nearest neighbor alone. The classes
“Corn” and “Millet” [Picoli et al. 2018], have similar physical characteristics and can be
spectrally confused. F-TWDTW can learn to identify these cases and reduce the weight
of these samples on the training dataset, which is not possible with 1NN. F-TWDTW
thus uses a more complex classification hypothesis than is used by 1NN and therefore
F-TWDTW is expected to work better than 1NN, in general.

The machine learning methods are also able to learn the importance of the features
from the training dataset and merge the strengths of 1NN with SP-TWDTW in the classi-
fication. In this paper, we chose the supervised learning method Support-Vector Machines
(SVM) [Cortes and Vapnik 1995], which was shown by [Picoli et al. 2018], as producing
the best accuracy using spectral bands and vegetation indices as features. However, the
meta-features, proposed in this work, can also be used as input variables to other machine
learning algorithms.

5. Experiments and Results

This section aims to evaluate the classification accuracy using the meta-features created by
the SP-TWDTW algorithm running on parallel architectures. The classification accuracy
was evaluated using an AMD FX-8320E processor machine with 3.2 GHz clock and 24
GB of RAM. The distance measures were calculated by SP-TWDTW on GPU using the
NVIDIA GeForce GTX 1050 Ti card with 4 GB GDDR5 of available memory and 768
CUDA cores with a clock of 1392 MHz.

SP-TWDTW execution time was 246 times faster than the TWDTW in R pro-
gramming language [Oliveira et al. 2018]. The TWDTW was implemented in C++ to be
able to compare fairly with SP-TWDTW since the C++ language allows for better perfor-
mance than R. The SP-TWDTW GPU implementation proved to be a promising solution
for processing high temporal resolution data, with a speedup of 10 times over the CPU
TWDTW implementation and almost 11 times faster than it for high spatial resolution
data.

We used the MOD13Q1 product from National Aeronautics and Space Adminis-
tration from 2001 to 2016, provided every 16 days at 250-meter spatial resolution in the
sinusoidal projection. The dataset used has 2115 time series, in an area of 903,357 km2

in the state of Mato Grosso, Brazil. Nine ground cover classes were defined, described in
Table 3, along with the number of samples per class.

The solution introduced in this work is compared with the method proposed
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Table 3. Number of ground samples per class used as training data for machine
learning algorithms.

Class Count

Forest 138
Cerrado 400
Pasture 370
Soy-Fallow 88
Fallow-Cotton 34
Soy-Cotton 399
Soy-Corn 398
Soy-Millet 235
Soja-Sunflower 53

in [Picoli et al. 2018], here denominated SVM-Picoli. The SVM-Picoli method selects
the time series observations of vegetation indices, NDVI and EVI, as well as the NIR and
MIR spectral bands as input variables for the SVM algorithm. Our work introduces a new
method that creates meta-features using the the function F-TWDTW from SP-TWDTW
distance measures for each land use and land cover class, adding it to the features vec-
tor of SVM-Picoli method. In our experimental scenario, nine features are added to data
training, and we denoted our method as SVM-TWDTW in the experiments. The KNN
algorithm using the SP-TWDTW similarity measures as input distances is denoted as
KNN-TWDTW in the experiments.

A generalized additive model (GAM; Hastie and Tibshirani 1986; Wood 2011)
was used by [Picoli et al. 2018] to generate the smoothed temporal patterns. It is flex-
ible for non-parametric fits, with less rigorous assumptions on the relationship between
response and predictor. This potentially provides a better fit to satellite data than purely
parametric models, due to the data’s inter-annual and intra-annual variability. The patterns
generated for each one of the nine classes can be seen in Figure 2.

For KNN-TWDTW, we created 100 different data partitions, each one with 90%
of the samples for training and 10% for validation. The parameters for the classifica-
tion method were: the logistic weight function with steepness -0.1 and midpoint 50 for
TWDTW; the frequency of the temporal patterns to 8 days, and the GAM smoothing for-
mula to formula = y s(x), where function s sets up a spline model, with x the time and
y a satellite band.

To estimate the accuracy of the SVM method (SVM-TWDTW and SVM-Picoli),
the k-fold cross-validation method was used with k = 10 [Kohavi et al. 1995], with 100
different data partitions, each one with 90% as training data and 10% for validation. The
setup of both SVM classifiers, SVM-Picoli and SVM-TWDTW, is similar to allow evalu-
ating the impact of adding the SP-TWDTW distance measures as meta-features. We used
the SVM algorithm from e1071 2 library implemented in R with version 1.7-2 and the
following parameters: kernel = "radial", degree = 3, coef0 = 0, cost = 10, tolerance =
0.001, epsilon = 0.1, cross = 0, scale = FALSE, cachesize = 1000.

2https://www.rdocumentation.org/packages/e1071/versions/1.7-2/topics/svm
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Figure 2. Estimated temporal patterns of NDVI, EVI, NIR and MIR bands for the
selected land cover classes using the GAM model [Picoli et al. 2018].

5.1. Results and Discussion

Table 4 shows the confusion matrix with the number of samples classified in each class,
the overall accuracy, and the producer and user accuracies of the KNN-TWDTW method.
It had a low overall accuracy (OA) of 78% explained by the patterns that have similar
temporal behavior. In Figure 2, we can see that the land cover classes Cerrado, Pasture and
Forest have similar time series patterns. KNN-TWDTW had good accuracy in identifying
forest patterns, with PA of 100%, but it misclassified the Cerrado and Pasture samples,
which caused a low UA for the Forest class. This occurs because, for each time series
V , the KNN-TWDTW method calculates the distance measure for each pattern U and
assigns V to the class with the lower distance measure. But when the patterns are similar,
the distance between V and each U is close and leads to misclassification. The same
behavior occurs for the Soybean-Corn, Soybean-Millet and Soybean-Sunflower patterns.

To reduce the impact of the similarity of patterns on classification, the
work [Picoli et al. 2018] proposes a method that uses the NDVI and EVI vegetation in-
dices, as well as the RED and MIR bands as input variables for SVM. The result of
the classification using this method is presented in the confusion matrix of the Table 5, in
which the classifier obtained overall accuracy of 92.3%, approximately 12.3% higher than
KNN-TWDTW. The matrix shows that there was confusion between the Soy-Corn and
Soy-Millet classes, as with KNN-TWDTW, due to similar characteristics of the Soy-Corn
and Soy-Millet patterns, but with a lower error rate. Since corn and millet have simi-
lar physical characteristics, they can be spectrally confused [Picoli et al. 2018]. Both are
grasses, with lanceolate leaves; the height of corn can reach up to 3.5 m, whereas millet
varies between 1.5 and 3 m, and can reach more than 5m [Picoli et al. 2018].
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Table 4. Confusion matrix using KNN-TWDTW with the Producer’s Accuracy (PA)
and User’s accuracy (UA) values for each class, in addition to the overall accuracy

(OA).

1 2 3 4 5 6 7 8 9 UA (%)

1 Pasture 332 3 5 0 0 0 8 0 0 95,4
2 Soy-Corn 6 257 32 37 1 14 0 0 0 74,1
3 Soy-Millet 1 19 155 2 0 1 0 0 3 85,6
4 Soy-Cotton 1 10 2 314 4 0 0 0 0 94,9
5 Fallow-Cotton 1 3 2 32 29 0 0 0 0 43,3
6 Soy-Sunflower 0 100 29 12 0 37 0 0 0 20,8
7 Cerrado 11 0 0 0 0 0 303 0 0 96,5
8 Forest 12 0 0 0 0 0 89 138 0 57,7
9 Soy-Fallow 6 6 10 2 0 1 0 0 85 77,3

PA (%) 89,7 64,6 65,9 78,7 85,3 69,8 75,7 100 96,6 OA:78%

Table 5. Confusion matrix using method proposed by [Picoli et al. 2018] (SVM-

Picoli) with the Producer’s Accuracy (PA) and User’s accuracy (UA) values for
each class, in addition to the overall accuracy (OA).

1 2 3 4 5 6 7 8 9 UA (%)

1 Pasture 355 4 8 0 1 0 2 2 0 95,4
2 Soy-Corn 4 350 33 24 0 7 0 0 0 83,7
3 Soy-Millet 1 25 191 1 0 3 0 0 0 86,4
4 Soy-Cotton 0 13 2 370 5 4 0 0 0 93,9
5 Fallow-Cotton 0 1 0 3 28 0 0 0 0 87,5
6 Soy-Sunflower 0 4 1 1 0 39 0 0 0 86,6
7 Cerrado 9 1 0 0 0 0 396 1 0 97,3
8 Forest 1 0 0 0 0 0 2 135 0 97,8
9 Soy-Fallow 0 0 0 0 0 0 0 0 88 100

PA (%) 95,9 87,9 81,2 92,7 82,3 73,5 99 97,8 100 OA:92,3%

Table 6 shows the confusion matrix using the SVM-TWDTW method introduced
in our work. The SP-TWDTW similarity measures had a positive impact on accuracy, in-
creasing the overall accuracy of SVM-Picoli by 1.5%. This positive impact with an overall
accuracy of 93.8% is explained because using the SP-TWDTW similarity measures along
with NDVI, EVI, NIR and MIR characteristics, the SVM-TWDTW can combine SVM-
Picoli and KNN-TWDTW methods. KNN-TWDTW was able to correctly classify 125
samples that the SVM-Picoli method misclassified, and this number decreases to 91 when
compared to the SVM-TWDTW method. An example can be seen by comparing the
PA from the class Forest between KNN-TWDTW (Table 4) and SVM-Picoli (5), where
KNN-TWDTW has an accuracy of 100% against SVM-Picoli 97.8%. Table 6 shows that
SVM-TWDTW had the same accuracy of 100%, thus also better than SVM-Picoli.

The combination of SVM and TWDTW similarity measures also introduces sce-
narios that generate misclassifications. For example, the PA of Soy-Fallow using the
KNN-TWDTW (96.6%) was lower than PA with SVM-Picoli method (100%) because
KNN-TWDTW shows some confusion between the Soy-Millet and Soy-Fallow patterns.
The SVM-TWDTW method suffered this effect and also had a PA of exactly 96.6%. In
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Table 6. Confusion matrix using the method proposed in this paper (SVM-
TWDTW) that creates meta-features from SP-TWDTW distance measures. The

table shows the Producer’s Accuracy (PA) and User’s accuracy (UA) values for

each class, in addition to the overall accuracy (OA).

1 2 3 4 5 6 7 8 9 UA (%)

1 Pasture 359 2 4 1 0 0 3 0 0 97,3
2 Soy-Corn 1 358 29 22 1 4 0 0 0 86,3
3 Soy-Millet 4 27 200 3 0 5 0 0 3 82,7
4 Soy-Cotton 1 11 2 373 3 0 0 0 0 95,6
5 Fallow-Cotton 0 0 0 0 30 0 0 0 0 100
6 Soy-Sunflower 0 0 0 0 0 44 0 0 0 100
7 Cerrado 5 0 0 0 0 0 397 0 0 98,7
8 Forest 0 0 0 0 0 0 0 138 0 100
9 Soy-Fallow 0 0 0 0 0 0 0 0 85 100

PA (%) 97 89,9 85,1 93,4 88,2 83 99,2 100 96,6 OA:93,8%

the classification of Soy-Millet samples, SVM-TWDTW had lower accuracy than KNN-
TWDTW and SVM-Picoli, with UA equals to 82.7% against 86.4% of SVM-Picoli and
85.6% of KNN-TWDTW. SVM-TWDTW had some difficulties to distinguish the classes
Soy-Millet and Soy-Corn than the other methods, which led to mislabeling of some Soy-
Corn samples as Soy-Millet. However, SVM-TWDTW had a higher PA than SVM-Picoli
(85.1% against 81.2%) and KNN-TWDTW (85.1% against 65.9%) being able to identify
correctly a higher number of Soy-Millet samples.

In all other scenarios, Table 6 shows that the user and producer accuracies of
the SVM-TWDTW method were better than those of SVM-Picoli and KNN-TWDTW.
SVM-Picoli misclassified 145 samples correctly labeled with SVM-TWDTW, while the
opposite scenario occurred 113 times. The results show that the SVM-TWDTW method
has brought advances in land use mapping accuracy with the use of TWDTW similarity
measures as SVM characteristics. So far, the highest overall accuracy in mapping Mato
Grosso land use had been achieved with the SVM-Picoli [Picoli et al. 2018] method.

6. Conclusion

This work investigated the accuracy of land use and land cover classification using meta-
features derived from SP-TWDTW distance measures, in addition to the spectral band
and vegetation indices time series used by [Picoli et al. 2018]. Our method creates meta-
features from SP-TWDTW distance measures for each pattern class. The benefit of these
meta-features is that they can be used in conjunction with other existing features as input
to other classifiers.

SP-TWDTW distance measures were created to be used as input to the KNN clas-
sifier, with K = 1. But, when the temporal signatures of each pattern are similar, this
leads to some possible confusion. The method introduced in this paper, using the SVM
classifier, increases from 78% to 93,8% the classification accuracy compared to 1NN. We
also compared our proposal with [Picoli et al. 2018] and there was an increase in accu-
racy from 92,3% to 93,8% in the land use and land cover classification. The use of SP-
TWDTW distance measures allowed revealing previously unseen characteristics of the

Proceedings XX GEOINFO, November 11-13, 2019, São José dos Campos, SP, Brazil. p 135-146

144



data, increasing the classification accuracy. These meta-features can also be used as input
variables to other classification methods, such as Deep Learning and Random Forest.

Although the study in [Picoli et al. 2018] has evaluated some classifiers, such as
Neural Networks and Random Forests, there are other machine learning algorithms not
evaluated and that can benefit from these meta-features, such as Deep Learning. There-
fore, in future work, it is interesting to evaluate the impact of the accuracy of the land use
and land cover classification using other methods besides SVM. Also, it is important to
evaluate our proposal in other geographic regions and data from other satellites that may
pose challenges not yet revealed in the experimental scenarios of this paper.
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