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Abstract: Crop intensity information describes the productivity and the sustainability of agricultural
land. This information can be used to determine which agricultural lands should be prioritized
for intensification or protection. Time-series data from remote sensing can be used to derive the
crop intensity information; however, this application is limited when using medium to coarse
resolution data. This study aims to use 3.7 m-PlanetScope™ Dove constellation data, which provides
daily observations, to map crop intensity information for agricultural land in Magelang District,
Indonesia. Two-stage histogram matching, before and after the monthly median composites, is used
to normalize the PlanetScope data and to generate monthly data to map crop intensity information.
Several methods including Time-Weighted Dynamic Time Warping (TWDTW) and the machine-
learning algorithms: Random Forest (RF), Extremely Randomized Trees (ET), and Extreme Gradient
Boosting (XGB) are employed in this study, and the results are validated using field survey data.
Our results show that XGB generated the highest overall accuracy (OA) (95 ± 4%), followed by RF
(92 ± 5%), ET (87± 6%), and TWDTW (81± 8%), for mapping four-classes of cropping intensity, with
the near-infrared (NIR) band being the most important variable for identifying cropping intensity.
This study demonstrates the potential of PlanetScope data for the production of cropping intensity
maps at detailed resolutions.

Keywords: crop intensity; classification; extreme gradient boosting; random forests; extremely
randomized trees

1. Introduction

The need for intensive production on agricultural land is increasing due to massive
climate change, human activities, and urbanization [1]. It is estimated that the world
population will increase from 7.2 billion to 9.6–11.2 billion by 2100 [2,3]. However, this
increasing need for food supplies is also accompanied by an increasing need for space for
settlements [4]. In Sleman, Yogyakarta Province, Indonesia, a study by Harini et al. [5]
has shown that land conversion significantly affects the ability to provide food (in this
case, rice), where some areas are projected to have insufficient food availability by 2025.
Even in Romania, conversion of agricultural land into built-up land does not only occur
in peri-urban areas, but has also penetrated into rural areas [6]. Therefore, the increasing
agricultural production is necessary to meet increasing demand for food [7].

Although agricultural areas are declining, the demand for food can be met by in-
creasing land productivity, for example, by using fertilizers or adopting new farming
systems to practice continuous planting throughout the year or increasing crop intensity [8].
However, such practices can also add more stress to agricultural land, which can result in
reduced yields or environmental problems such as decreased groundwater or increased
soil salinity [8,9]. Therefore, it is necessary to obtain cropping intensity information to
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assess sustainability and to avoid the conversion of highly productive agricultural land to
other land uses.

The monitoring of agricultural land can be performed by using remote sensing data,
which can provide time-series data over the same areas so that the temporal dynamics
of agricultural land can be better observed [2,10,11]. Many studies monitoring cropping
dynamics have been conducted; for instance, a study by Maus et al. [12] has succeeded in
identifying single and multiple cropping in agricultural land, forests, and grasslands using a
transformation of the time-series Enhanced Vegetation Index (EVI) with an overall accuracy
of 91.21%, while Foerster et al. [10] were able to apply spectral–temporal profile analysis
combined with phenological information to mapping agricultural land types in Germany
using a Normalized Vegetation Index (NDVI) transformation applied to Landsat Thematic
Mapper (TM)/Enhanced Thematic Mapper (ETM) images with an overall accuracy gain of
65.7%. In addition to these studies, the integration of Landsat 8 Operational Land Imager
(OLI) time-series data with Sentinel-2 data succeeded in obtaining an overall accuracy of
93% in mapping levels of agricultural intensity in China [1]. However, these studies are
still limited to the use of medium to coarse spatial resolution data, so the dynamics of
arable lands managed by smallholders will be generalized.

Several obstacles will be encountered when mapping of agricultural land is carried
out in a relatively small area with high heterogeneity [13]. This heterogeneity of agri-
cultural types can always be found on non-industrial agricultural land (privately-owned
agricultural land), which makes it difficult to carry out mapping using remote sensing
images with low spatial resolution—such as those derived from the Moderate-resolution
Imaging Spectroradiometer (MODIS) and Landsat—due to the large number of mixed
pixels [13–15]. In addition, the data are often obstructed by cloud-cover, and cloud-free
composites are difficult to generate due to low temporal resolution, especially for data with
high and medium spatial resolution.

The availability of imagery from the PlanetScope microsat constellation provides a
relatively high spatial resolution (3.7 m) with daily observations. This high spatial and
temporal resolution has been used for near real-time monitoring of forests [16], vegetation
phenology [17], and for yield prediction for cover and cash crops [18]. However, this
has not yet been applied to map cropping intensity. In addition, the PlanetScope data
suffers from radiometric and geometric inconsistencies due to sensor upgrades in the
constellation [19]. Therefore, a study to explore the capability of time-series PlanetScope
data for mapping cropping intensity remains necessary.

Our study aims to explore the accuracy of cropping intensity mapping with Plan-
etScope time-series data using Magelang District, Indonesia, as a test area. In addition, since
various methods have been developed to map cropping intensity using remote sensing
data, we also aim to compare the accuracy of using machine learning and distance-based
calculation by using a Time-Weighted Dynamic Time Warping (TWDTW) algorithm [20]
for mapping crop intensity.

2. Materials and Methods
2.1. Study Area and Datasets
2.1.1. Study Area

The study area of this research covers 34.5 km2 and is located in the southern part of
the administrative area of Magelang Regency, Central Java Province (Figure 1). In general,
Magelang Regency is composed of highlands with an average height of 360 m above sea
level (masl), in the form of a basin, and is surrounded by the Merapi, Merbabu, Andong,
Telomoyo, and Sumbing volcanoes and the Menoreh Mountains. This area has a fairly
diverse set of land uses, but is dominated by agricultural land. These agricultural lands
are mostly found on alluvial plains [21], where two major rivers (the Progo and Elo) flow
across the region.
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Figure 1. Study area observed in this research, the red polygon represents the paddy fields derived from another study by
Kusuma, et al. [22].

The local government recorded an average temperature of 25.62 ◦C and an average
rainfall of 2589 mm/year in Magelang Regency in 2014. The soil in the study area, especially
in the area surrounding the Borobudur Temple, is composed of breccia, andesite, tuff, lapilli-
tuff, agglomerates, and andesite lava, which formed in old andesite formations. These rocks
are the main reason for the development of fertile alluvial sedimentary soils, which has
resulted in the extensive use of the region as agricultural land. In 2013, the local government
recorded that there were around 78,890 hectares of agricultural land in Magelang Regency.

2.1.2. Datasets

Multispectral PlanetScope time series data, recorded throughout 2019 and obtained
from Planet Labs, was used in this study. The data have 4 spectral bands (blue, green, red,
and NIR bands) and a spatial resolution of 3.7 m. In this study, the PlanetScope data was
corrected to the level of surface reflectance (SR). The study uses 190 scenes of PlanetScope
imagery that were pre-processed to generate 12 months of data.

Image preprocessing was performed on the PlanetScope imagery using SR correction.
Image preprocessing was carried out in four main stages: (1) cloud masking; (2) relative
calibration (the first histogram matching); (3) monthly median composites; and (4) monthly
relative calibration (the second monthly histogram matching). Cloud masking was achieved
by performing multispectral classification using a Random Forest (RF) algorithm to create
a classification model of cloud cover, cloud shadow, and non-cloud, which was applied to
all images.

Relative calibration was carried out to calibrate/normalize the pixel values of the
PlanetScope image scenes, so that a more representative contrast to the actual appearance
of objects was achieved and to enable comparison between images. In this study, we
used two stages of histogram matching to normalize inconsistencies in PlanetScope pixel
values. The first stage was performed after the cloud masking step, prior to making
monthly median composites, by using one image in each one-month time recording period
as a reference for all images in the same one-month time recording period. The second
histogram matching was then performed after producing the monthly median composite
images (which numbered 12 images), by taking a single one-month image as a reference
for all one-month images, so that the pixel values of all monthly median composite images
were comparable. The histogram matching process was conducted in RStudio using the
‘raster’ and ‘RStoolbox’ packages [23,24].
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In addition, the paddy field data which were obtained from Kusuma et al. [24] Kusuma
et al. [22], a study which used Worldview-3 data and Object-Based Image Analysis, was
used to mask non-paddy fields from the analysis. The accuracy of the paddy field map
reached 95% [22].

2.2. Classification Methods

The methodological workflow was composed of the following steps: (1) data pre-
processing to remove cloud cover and shadows, and also to create consistent pixel values
for all the PlanetScope imagery using a histogram matching process; (2) data processing,
which consisted of producing the NDVI time-series, the normalized difference water index
(NDWI), the k-means clustering model, and training and validation samples; (3) classifying
data, where TWDTW, Extreme Gradient Boosting (XGB), RF, and Extremely Randomized
Trees (ET) were used to classify objects; and (4) accuracy assessment, carried out to assess
the classification accuracies obtained by TWDTW, XGB, RF, and ET (Figure 2).

1 
 

 
Figure 2. The workflow of the method used.
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2.2.1. K-Means Clustering

K-means clustering is a method that produces conclusions from data sets using only
vector data input without producing a defined output class. The purpose of k-means
clustering is to group similar pixels into one class by finding the underlying pattern [25].
Therefore, a fixed number of classes (k) is needed in the dataset used [25]. K-means
clustering was used to indicate the cropping intensity classes on the time-series PlanetScope
imagery. The number of classes (k) used in this method was four. The resulting classes
in Figure 3 were used as a reference for determining the training samples that would be
carried out when making the classification model using machine learning.
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2.2.2. Training Data Collection

Training samples are used as input when making a classification model. Training
samples were obtained after the k-means model was created to determine variations in the
phenology of the paddy fields. The determination of the training sample was carried out by
visual observation of the fluctuations of pixels’ reflectance in the NDVI time-series index,
which was considered to represent the reflection of the paddy field from the beginning
to the end of the year. Training samples were grouped into four classes according to the
k-means model, with a total number of 321 points. The training sample was then used as
input for creating the TWDTW, XGB, RF, and ET classification models.

2.2.3. Time-Weighted Dynamic Time Warping (TWDTW)

Time-Weighted Dynamic Time Warping (TWDTW) [20] is a method based on Dy-
namic Time Warping (DTW) that utilizes time weights in the DTW distance calculation
formula [26]. The utilization of the DTW method for time-series analysis using remote
sensing imagery was initially carried out by Maus, Appel and Giorgino [20], due to several
factors that cause non-uniformity in time-series data. The function in this process runs by
looking at the time lag between points in one sequence and points in another sequence. If
the time lag between points is large, then the weight of the time given is also large [26].
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The first step of the TWDTW method was determination of the temporal pattern of
agricultural plant phenology using a vegetation index transformation of the Normalized
Difference Vegetation Index (NDVI) with the ‘dtwsat create-patterns’ function available
in the ‘dtwsat’ RStudio package [20]. The next step was TWDTW classification using the
logistic function. The logistic function was chosen because it proved to have a low penalty
for a small-time curve and a high penalty for a large-time curve. This allows the logistic
function to provide better performance, in terms of accuracy, compared to the TWDTW
linear function [20]. The parameter of weight function was applied to all classes with the
same value [20]. The values of α and β were used to construct the time curve. α is the
amount of time-weighting given, while β is the amount of time used as a reference when
assigning weight. The value used for β in this study was 50, while the value used for α
was −0.1. These values were chosen based on the best results from the research conducted
by Belgiu and Csillik [2].

The computational time taken by TWDTW classification became a concern, especially
in the pixel-based classification method where each pixel was treated independently.
Therefore, a scheme was needed to reduce the computational time taken. The inputs used
in this modeling were 12 temporal images with four spectral bands (blue, green, red, and
NIR), NDVI, and NDWI. Each variable was divided into 10 tiles and the classification
process was run using parallel computing. The TWDTW classification was run on a
configuration using 10 out of 12 cores, with 2666 MHz processing speed and 16-GB of
memory. The total computational time for producing the TWDTW classification model
was 7.5 h.

2.2.4. Machine Learning Classification

Machine learning is a field of study that uses computational algorithms to transform
empirical data into usable models. Machine learning takes datasets, processes them,
and tries to find causal variables [27]. There are several methods in machine learning,
and these can be divided into three categories according to the learning processed used:
supervised, semi-supervised, or unsupervised [27]. The methods can also be divided
into four categories: classification, clustering, regression, and anomaly detection. One of
the machine learning methods that is most often used is tree-based ensemble machine
learning [27].

Some of the methods included in tree-based ensemble machine learning include
Extreme Gradient Boosting (XGB), Random Forest (RF), and Extremely Randomized Tree
(ET). XGB is performed by generating multiple models by assigning each base classifier to a
random subsample of the original dataset, and then combining the results from all models
to determine the final prediction [28]. XGB is thought to perform well even when compared
to the deep learning method [29]. RF is performed by creating many classification trees
with a bootstrap; this is used as a sampling technique to train a classification tree that aims
to find a random subset of variables to separate each node [30]. There are two important
parameters in classification processes which use the RF method. The two parameters are
the variable (Mtry) and the number of sample data (Ntree). ET is performed by creating
clusters of unpruned decision trees based on the traditional top-down method [31]. The ET
algorithm tries to increase the randomization of the trees, so that the trees’ diversity can be
increased—this can substantially increase the accuracy of the prediction [32].

The samples collected for constructing the machine learning model in Figure 4, were
divided into a training dataset (80%) and a test dataset (20%). In addition, prior to con-
ducting the analysis, a variable selection step was conducted to filter out the insignificant
variables by using Boruta [33], which was able to filter out the high-dimensional vari-
ables to obtain only the important variables [34]. In addition, hyperparameter tuning was
conducted in this study by using grid search for RF and random search for ET and XGB,
since more parameters are needed for those algorithms. The machine learning process was
conducted using the ‘caret’ package in RStudio [35].
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2.2.5. Accuracy Assessment

The modeling of the validation sample was carried out based on the previously
performed k-means classification, which had resulted in four cropping intensity classes.
Stratified random sampling [36] was used to determine the number of samples. The
minimum number of samples required when using the 90% confidence level was 70.
Fieldwork was carried out by conducting interviews with farmers for five days from 13 to
18 September 2021, and a total of 139 samples were obtained as shown in Figure 5. The
validation samples were selected after fieldwork, because the PlanetScope image data used
were obtained in 2019 while fieldwork could only be carried out in 2021; 94 samples were
to be used in the accuracy-test process.
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The accuracy assessment was performed by using an error matrix calculation. An
error matrix is a simple tabulation calculation based on classes produced by classifying
remote sensing data against reference data for the sample tested [37]. The main compo-
nents generated in an error matrix are overall accuracy (OA), user’s accuracy (UA), and
producer’s accuracy (PA). These components are used as a reference when assessing the
level of accuracy of the resulting model. OA, UA, and PA can be formulated as follows:

Pj =
Pjj

P.j
(1)

Ui =
Pii
Pi.

(2)

OA =
q

∑
j=1

Pjj. (3)

Pj is the PA obtained from the proportion of samples in a particular class in the field
that are also mapped as that class (Pjj), with the total sample of that class in the field (P.j).
Meanwhile, Ui is the UA obtained from the proportion of samples mapped to a certain
class and in that class in the field (Pii) with the total sample being mapped to that class (Pi.),
while OA is the OA obtained from the accumulation of Pjj in all mapped classes.

Calculation of the uncertainty from the accuracy obtained is also important since
accuracy assessment is a product of statistical analysis which possess an uncertainty [38].
One method for doing so is the use of a confidence interval, by calculating the standard
error of the estimates made. The use of only the error matrix is not considered to describe
the design of the sampling technique that was carried out, the area or proportion of the
area of the mapped class, or the uncertainty in the accuracy results obtained [39]. Therefore,
in addition to the error matrix used in this study (which included the OA, UA, and PA),
calculation of the uncertainty in the accuracy results that were obtained also needed to
be performed. In addition, the accuracy calculated for the mapping result classes using a
highly accurate classification method can also be biased [37]. Therefore, it is important to
calculate the adjusted area of the sample from the field identification results.

The adjusted area can be determined with the following formula:

Aj = Atot ∑
i

Wi
nij

ni.
(4)

Atot is the total area of the mapped class. Wi is the proportion of the area that is
classified as class i (Am,i) with Atot. nij represents the proportion of samples in a particular
class in the field that is also mapped as that class to the total number of samples that is
classified as that class on the map (ni.).

The determination of the adjusted area has a standard error that is used to calculate
the variance of the adjusted area. The determination of standard error was carried out
using a standard error calculation (Cochran, 1977) as follows:

S(P.j) =

√√√√ q

∑
i=1

Wi
2

nij
ni.
(1− nij

ni.
)

nij − 1
(5)

Then, using a 90% confidence interval, the variance of the adjusted area was obtained
using the following formula:

Aj ± 2× S(Aj) (6)

where
S(Aj) = Atot × S(P.j) (7)
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The margin of error was defined by a z-score (percentile of the standard normal
distribution), where the value of the z-score depends on the confidence interval used (for a
90% confidence level, z = 1.645). The final step in the accuracy assessment was measuring
the uncertainty in the accuracy results using the variance calculation. This was carried out
using the estimated variance for OA, UA, and PA using the following formula:

Overall accuracy (OA)

V(OA) =
q

∑
i=1

Wi
2Ui(1−Ui)/(ni. − 1) (8)

User’s accuracy (UA)

V(Ui) = Ui(1−Ui)/(ni. − 1) (9)

Producer’s accuracy (PA)

V
(

Pj
)
=

1
N.j

2

N2
j.
(
1− Pj

)2Uj
(
1−Uj

)
Nj. − 1

+ P2
j

q

∑
i 6=j

N2
i,

nij

ni.

(
1−

nij

ni,

)
/(ni. − 1)

 (10)

where

N.j =
q

∑
i = 1

Ni.
ni.

nij (11)

N.j is the estimated total number of pixels of class j in the reference data, Nj. is the
marginal total of class j on the map, while nj. is the total number of samples that were
produced for class j on the map.

3. Results
3.1. Relative Calibration of PlanetScope Results

The spectral inconsistency in PlanetScope data requires the data to be calibrated
prior to analysis, especially when time-series data is the input for analysis. In this study,
we applied a two-stage histogram matching process to obtain spectral values that were
comparable across time. The time-series values from the monthly median datasets, both
prior to the second histogram matching and after the second histogram matching, using
the three samples of unchanged objects, which represented water, built-up areas, and
vegetation, are presented in Figure 6. The results show more comparable values for water,
built-up and vegetation objects after the second histogram matching in different months.
Example of the improvement can be seen from the water object (Figure 6a,b), where the
value dip in months 5, 6, and 7 is now having similar values as compared to the other
values over year, after the two-stage histogram matching process.
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Figure 6. The samples of time-series values from unchanged objects using median composite before the second histogram
matching (a,c,e), and after the second histogram matching (b,d,f).

3.2. Temporal Patterns from Different Cropping Intensities

We identified four types of cropping intensities in the study area: once per year, twice
per year, thrice per year, and four times per year. To map these cropping intensities, 321
training samples were taken and used as the input for the TWDTW and machine learning
classifications. Furthermore, we also identified the average temporal patterns from the
spectral bands of PlanetScope, which can be seen in Figure 7a–d. It can be seen from the
figures that the temporal patterns in NIR were influenced by the greenness and density
level of vegetation [40], displaying the most distinctive patterns between different cropping
intensities; this is beneficial for identifying different cropping intensities in PlanetScope
imagery. The other bands (red, green, and blue) showed a relatively similar temporal
pattern between different cropping intensities.
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Figure 7. The average reflectance temporal patterns from different cropping intensities identified in the study areas.
(a) Average Reflectance in Blue Band; (b) Average Reflectance in Green Band; (c) Average Reflectance in Green Band;
(d) Average Reflectance in NIR Band.

3.3. Classification Results

The classification results from using TWDTW and the RF, XGB, and ET machine
learning models for mapping cropping intensity can be seen in Figure 8a–d. From the
results, we can see that TWDTW classified once per year and thrice per year cropping
intensity areas as significantly larger than the other classification results did, while the
machine learning algorithms produced similar results for cropping intensity maps. Table 1
shows that all the machine learning results predicted that the study area was dominated by
twice to thrice per year cropping intensities, in contrast to the results from TWDTW, which
predicted that the areas were dominated by thrice per year and once per year cropping
intensities. This difference indicates the need to validate the maps using different methods
to obtain the accuracy of each map.

Table 1. The predicted areas based on different algorithms.

Methods
Once/Year Twice/Year Three Times/Year Four Times/Year

(km2)

TWDTW 3705.94 2446.64 7716.7 2157.55
RF 1.44 6531.57 5164.37 2.61

XGB 37.01 6540.59 5363.76 75.41
ET 0.95 8251.99 3509.56 1.42
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Figure 8. The classification results using tested algorithms in this study, for instance, (a) TWDTW, (b) XGB, (c) RF, and
(d) ET.

3.4. Model Accuracy and Variable Importance from Machine Learning

For the machine learning models, model accuracy could also be calculated using the
test datasets. The RF model produced a model accuracy of 89.13% with the best parameter
of mtry at a value of 10; the ET model produced a model accuracy of 90.16% with mtry of
28 and random cuts at a value of 1; and XGB produced a model accuracy of 86.71%. It is
evident that ET produced the best accuracy for classifying the training dataset. However,
additional accuracy assessment using an independent dataset is still needed to explore the
robustness of the machine learning models.

The machine learning models also provided a list of important variables which were
used to generate the models. For the variable importance analysis, all variables were used
to construct the model, since feature selection using Boruta determined that all variables
were useful for constructing the machine learning model. This information was useful
for inferring the ability of different variables when being used in the classification process
using machine learning. We can also infer which variables from spectral bands and spectral
indices performed better than other variables, and the time information (month) where the
cropping intensity mapping was useful. The 15 most important variables from a total of
72 variables are presented in Figure 9a–c.
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Figure 9. The identified important variables (top 15) in the machine learning models of (a) ET, (b) RF, and (c) XGB.

The results of the variable importance analysis show that the NIR band and NDVI are
beneficial for mapping cropping intensity using time-series PlanetScope imagery. This is
in line with the ability of the temporal patterns of NIR to distinguish different cropping
intensities, as shown in Section 3.2, while NDVI time-series data also has been deemed
beneficial to describe the dynamic in the paddy fields, and for crop identification [41,42].
NIR band data captured in September and May are the most important variables used
in the ET, RF, and XGB models. In addition, by looking at the timing of the important
variables, we can also see that the variables representing the middle of the year (May, June,
and July) and end of the year (September, October, and November) are useful for mapping
different cropping intensities. This reflects the beginning of planting at the start of the rainy
season (end of year) and the beginning of second planting (around the months of April
and May).

3.5. Classification Accuracies

From the accuracy assessment using the area-adjusted error matrix, we found that
XGB achieved the highest overall accuracy at 95 ± 4%, followed by RF (92 ± 5%), ET
(87 ± 6%), and TWDTW (81 ± 8%) (see Table 2). UA generated for the once/year class
obtained a value of 70% for all four methods (XGB, RF, TWDTW, and ET). Meanwhile, for
the twice/year class, there was a slight difference with the highest value obtained by the
RF method (100%) followed by XGB (97.56%), ET (95.12%), and TWDTW (87.8%). UA in
the three times/year class was significantly different, with the highest value obtained by
the XGB method (92.86%), followed by TWDTW (89.29%), RF (82.14%), and ET, which
obtained the lowest value (67.86%). The four times/year class had UA of the same value
(60%) for each of the four methods used. The PA generated for the once/year class by all
four methods (XGB, RF, TWDTW, and ET) was 100%. Meanwhile, for the twice/year class,
there was a difference between the methods, with the highest value obtained by the XGB
method (94.23%) followed by RF (87.1%), ET (87%), and finally TWDTW with 53%. The RF
method produced the highest PA value for the three times/year class (99.32%), followed
by XGB (96.26%), ET (86%), and TWDTW (86%). The four times/year class had the same
value of PA (100%) for each of the four methods used. The complete calculation of accuracy
can be seen in the Supplementary Materials Section.
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Table 2. The producer’s, users, and overall accuracies of TWDTW, XGB, RF, and ET methods.

Methods
Once/Year Twice/Year Three Times/Year Four Times/Year

OA
UA PA UA PA UA PA UA PA

XGB 70 ± 25% 100 ± 0% 98 ± 4% 94 ± 6% 93 ± 8% 96 ± 13% 60 ± 22% 100 ± 0% 95 ± 4%
RF 70 ± 25% 100 ± 0% 100 ± 0% 87 ± 8% 82 ± 12% 99 ± 1% 60 ± 22% 100 ± 0% 92 ± 5%
ET 70 ± 25% 100 ± 0% 95 ± 6% 87 ± 5% 68 ± 15% 86 ± 3% 60 ± 22% 100 ± 0% 87 ± 6%

TWDTW 70 ± 25% 100 ± 0% 88 ± 9% 53 ± 7% 89 ± 10% 86 ± 16% 60 ± 22% 100 ± 0% 81 ± 8%

4. Discussion

The PlanetScope constellation provides daily temporal resolution data with a relatively
high spatial resolution of 3.7 m. Daily temporal resolution is needed to increase the
possibility of obtaining a cloud-free observation during the rainy season. The time-series
dataset can then be employed for various applications; one is to map cropping intensity on
agricultural land, which can be used to increase protection of productive agricultural lands
from land-use conversion. The problem with PlanetScope is geometric and radiometric
inconsistency [19], which can hamper mapping accuracy.

Our study performs a relative radiometric correction by performing two stages of
histogram matching to achieve consistent spectral values across the period of observation.
Histogram matching has been previously used to calibrate areas under the influence of
cloud and cloud-shadows so that they match with surrounding pixels captured in clear con-
ditions [43]. In our study, the two stages of histogram matching calibration were conducted
so that pixel values from the same month of observation have similar/comparable values
to the consistent median composite values produced, by selecting one image with low
cloud cover as the reference for histogram matching, and conducting the second histogram
matching by achieving consistent values between the median composite values, and also
by using one set of monthly median composite data as the reference.

The calibrated PlanetScope data were then used to map cropping intensity informa-
tion using the RF, ET, XGB, and TWDTW algorithms, with XGB being the most accurate
and robust method, and TWDTW the least accurate method. Our results are different
from the accuracy of TWDTW found in the studies of Belgiu and Csillik [2] and Cheng
and Wang [44], where TWDTW produced better accuracy than the RF and SVM methods;
although, accuracy results from our TWDTW analysis is still within the range of the
accuracy reported in both these studies. However, our study is similar to the study
conducted by Dadi [45], which reported higher accuracy from using RF than TWDTW
for cropland mapping. The lower accuracy of TWDTW in our study may have been
caused by the relatively similar temporal patterns of different cropping intensities in the
study areas, which may have resulted in misclassification, similar to problem reported
by Dadi [45]. TWDTW process also generated longer computation time due to the O
(n ˆ 2) complexity problem from calculating the per-pixel distance to the training areas,
which requires parallel/multi-core process to fasten the analysis [46]. In addition, the
classification of TWDTW does not consider the phenology of crops (seasonality and
duration) [47]; instead, it relies on the ability from the temporal spectral values from
the training areas to classify objects. Therefore, improvement for TWDTW can be made
by incorporating the crop phenology information to the weight [48], or by using the
modified fuzzy TWDTW classification to account for the uncertainty in the classification
process [49].

Machine learning methods perform well, yet faster in this study because they can
generate non-linear models by looking at the optimal combinations of variables that
are able to distinguish between different cropping intensities. For the next study, the
development of deep learning using remote sensing time-series dataset can be tested for
mapping crop intensity. Deep neural network architectures, such as one-dimensional
Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), and Temporal
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Convolutional Network (TCN), have been used for obtaining phenological information and
crop classification [50,51]. Although, a study by Rußwurm and Körner [52] suggested that
conventional machine learning algorithms such as RF can give competitive accuracy for
classification as long as proper pre-processing (atmospheric correction and data-selection)
to the satellite imagery is conducted.

The accuracy reported in our study still emphasizes the potential of high-spatial and
high-temporal PlanetScope imagery to map cropping intensity in agricultural land. In
the future, high-spatial and temporal satellite imagery data, such as the constellation of
Capella Synthetic Aperture Radar (SAR) system [53], may also be tested separately or in
combination with PlanetScope for mapping the cropping intensity dynamics. The crop
mapping using TWDTW from time-series SAR data using Sentinel-1 has been utilized and
studied where the classification accuracy can reach 80.6% [48]. Our study also focused on
the cropping intensity information where future studies could target to characterize and
map the crop commodities planting cycle in the paddy using temporal signatures from
time-series remote sensing data.

5. Conclusions

Our study demonstrates the usefulness of monthly time-series PlanetScope imagery
for mapping cropping intensity information at 3.7 m spatial resolution. The two-stage
relative calibration using histogram matching was able to increase the consistency of
values derived from the time-series PlanetScope imagery. In addition, our study also
highlights the higher accuracy of tree-based ensemble machine learning methods such as
XGB, RF, and ET, as compared to the TWDTW algorithm. XGB produced the best overall
accuracy with 95 ± 4%, followed by RF (92 ± 5%), ET (87 ± 6%), and finally TWDTW (81
± 8%). The lower overall accuracy from TWDTW was produced due to the similarity in
the temporal signatures between different cropping intensities, especially in the visible
bands of PlanetScope. XGB also produced a map with higher user’s and producer’s
accuracy; this means that it had a low rate of omission and commission errors, showing
the robustness of the generated model. NIR variables and variables representing the
months during the end of the year and middle of the year were shown to be beneficial
for assisting machine learning model construction for mapping cropping intensity, as
can be seen in the variable importance results. The TWDTW algorithm resulted in
the lowest accuracy in this study due to the lack of ability of bands other than NIR to
differentiate between different cropping intensities. Our study highlights the potential
for the high-spatial and high-temporal PlanetScope constellation system to generate
cropping intensity maps at higher spatial resolution with high accuracy. Therefore,
similar constellation systems developed in the future can be utilized to produce an
accurate and details cropping intensity map, to indicate the productive agricultural
lands for protection or to intensify the production over the non-productive agricultural
areas, especially over the smallholder farming areas.
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