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Abstract—Horticultural crops are economically,
environmentally and nutritionally beneficial and are more
intensively cultivated than field crops. However, there are many
varieties, they have shorter growing periods and are cultivated
on small parcels of land. The type and variety of crops, while
limited by an area’s weather and soil conditions, is also at the
discretion of the farmer and is influenced by market forces. This
spatially and temporally dynamic nature means that annual crop
type mapping does not adequately provide the information
necessary for forecasting. To plan and allocate resources, a
higher frequency of crop inventorying involving identification
of what crops are grown, and where and when they are grown
is necessary. Remote Sensing and Geographical Information
Systems provide excellent tools for the collection and analysis
of vast amounts of data. Further, high temporal frequency data
lends itself to monitoring operations which are pertinent to
precision agriculture. In this study, data mining operations and
analysis are tested towards differentiation between vegetation
and non-vegetation as the first step towards estimation of
cropping regimes or patterns using Moderate Resolution
Imaging Spectroradiometer (MODIS) data. MODIS daily
NDVI Satellite Image Time Series (SITS) undergoes a process
of cloud filtering via a Temporal Window Operation and
smoothing using a Fast Fourier Transform (FFT). A process of
discretization and dimensionality reduction using symbolic
representation of time series data method, Symbolic Aggregate
approXimation (SAX) is implemented and the resulting strings
are clustered in order to reveal information inherent in the
temporal profiles. Vegetation and non-vegetation land cover
types were classified using clustering of state sequences and
state sequence transitions with accuracies of 59% and 62%
respectively.

Keywords—Cropping Regimes, Moderate Resolution, SITS,
Clustering, SAX, Data Mining

I. INTRODUCTION

EGIONAL food security is threatened by uncertain global
climatic conditions and global commodity price
fluctuations which have resulted in decreased yields and
dependence on local food production respectively[1].
Developing countries are particularly vulnerable due to reliance
on agriculture for individual and national revenue aggravated
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by diverse agroclimatic characteristics, growing economies,
diverse agricultural production systems, and farm typologies
[2]. [3].

To counter these challenges, adaptation strategies are
imperative and are aimed towards achieving food security as
defined by The Food and Agriculture Organization (FAO) [4].
Adaptation and mitigation strategies include but are not limited
to, formulation of short and long-term policies for improvement,
sustenance, and protection of natural resources as in [3],
modification of farming practices via technological uptake and
adaptation of new crops and cropping systems [5]. There is
therefore an exigency for timely and dependable information on
agricultural production for capacity building, forecasting and
constitution of contingency plans for vulnerable areas [3], [5]
and [6].

To this end, identification and mapping of crop types is
necessary since cropland maps, used in concert with
meteorological information, enable monitoring of crop growth
conditions and their response to climatic variations. The
temporal frequency of this cropland information is therefore a
key consideration, with the ideal being near real-time, as is the
case with meteorological information.

Cropland mapping has been extensively researched utilizing
a huge array of data and methods [7]-[12]. A vast majority of
the studies implement supervised classification techniques such
as maximum likelihood, nearest neighbours, logistic regression,
decision tree algorithms, spectral unmixing methods and neural
network methods, to list a few, which require in-situ
observations and expert intervention for interpretation thus
making them time consuming and expensive [5]. In addition,
these methods are limited in their application to acquisition of
near real-time information at variable spatial scales.

Moderate-resolution remote-sensing satellite systems such as
MODIS provide data at regular high temporal frequency thus
making them a valuable source of information for the
estimation of crop area and type [13]. However, due to land
cover and land use spatio-temporal heterogeneity and loss of
data due to sensor and atmospheric artefacts the application of
traditional hard classification approaches to MODIS data may
result in significant errors in crop area estimation [12]. As such,
SITS analysis has emerged as a powerful and useful tool for
land cover classification and obtaining the baseline cropland
information necessary for crop mapping and monitoring [13]-
[17]. While SITS analysis provides information at a high
temporal frequency, the large volume of data used in the
analysis makes it computationally expensive thus limiting its



application to large spatial scales. Recent studies have therefore
focused on exploitation of data mining techniques formerly
native to sectors such as finance, telecommunications and
biology for applications in remote sensing information
extraction [13]-[22].

The abundance of data provided by many sensors at a variety

of spatial and temporal resolutions, coupled with the need for
powerful data analysis tools, has been described as a data rich
but information poor situation [17], [23]. Data mining is one of
the essential steps in the Knowledge Discovery Process and
refers to discovery and extraction of information and
knowledge from large amounts of data, usually gathered
automatically [19], [23]. [24] Elucidate on the challenges
pertaining to SITS analysis and the methods proposed in [13],
[21] and [22] successfully use both the spatial and temporal
dimension via sequential pattern mining for both high and
moderate spatial resolution images. The Knowledge Discovery
process as a whole involves; Data cleaning, Data integration,
Data selection, Data transformation, Data mining, Pattern
evaluation and Knowledge presentation [23].
In the context of remote sensing, implementing a Knowledge
Discovery system for any spatial application using MODIS
SITS data is a nontrivial task requiring significant
computational power, a proper understanding of the various
data products available and how they can be used towards the
application’s objective. There are over 80 MODIS data
products available for scientific analysis, broadly categorized
into Radiation Budget Variables, Ecosystem Variables and
Land Cover Characteristics [25]. These datasets have varying
spatial, temporal and spectral characteristics and therefore
require diverse data handling procedures prior to analysis
depending on the application.

Peri-urban cropland areas tend to have parcels of land whose
area is less than the resolution of the highest native resolution
MODIS product of 250m. As such, the issue of mixed pixels
arises hence the need to first distinguish between vegetation and
non-vegetation. Further, given that crop production is dynamic,
a pixel identified as vegetation during the growing season will
be bare land after harvesting within the same year, depending
on the cultivated crop. This introduces pseudo-periodic
behaviour as highlighted in [24]. For this reason, conventional
LULC mapping which involves classification of single images
as a snap shot in time would result in misclassification of
uncultivated or fallow croplands.

The primary objective of this study is to develop a
reproducible and extensible knowledge discovery framework
and to demonstrate the implementation of machine learning
algorithms towards estimation of cropping areas and patterns
using a MODIS daily year-long data set. Vegetation and Non-
vegetation areas are distinguished based solely on the temporal
evolution of NDVI.

A. Study Area

The proposed methodology is tested on Tomisato Shi, a
cropland area of approximately 53.8 Km? located in the
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latitudinal range of N35 ° 46°37” and N35 ° 40°30” and
longitudinal range of E140° 16°44" and E140 °24°31”, in
Northern Chiba Prefecture, Japan as shown in Fig. 1. The area
is characterized by mixed land-use including urban land-use
consisting of urban infrastructure such as roads, and residential
and commercial buildings as well as agricultural land-use made
up of rice paddy fields and small-holder horticultural crop
farms.
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Fig. 1: Study Area of Tomisato Shi
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The area can be considered to be a peri-urban food
production region due to its close proximity to Tokyo and being
located south-west of Narita international airport a busy
international transportation hub. The main crops include rice,
suika (watermelons), peanuts, ninjin (carrots), and satoimo
(taro). Other crops produced include green leafy vegetables
such as hourensou (spinach) and komatsuna (Japanese mustard
spinach), and root vegetables and spices such as daikon (radish),
jagaimo (potatoes) and shouga (ginger). Tomisato shi’s
weather patterns are as depicted in Fig. 2 below.
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Fig. 2: Tomisato Shi climatograph

While the area receives adequate rainfall and temperatures
allow for open field cultivation between April and November,
farmers have the option to irrigate when necessary and each
field has a water outlet installed. In addition, crops such as
tomatoes and strawberries are mostly cultivated in greenhouses



in order to control the growth environment and protect them
from pathogenic elements. Annual production of Japan’s staple

food -rice, compares favorably to the world’s annual production.

In 2016, Japan’s rice production was 5.3 Tonnes/Ha while the
world average was 3.1 Tonnes/Ha [26]. In contrast, production
of horticultural crops such as soybean is relatively lower
compared to world production figures which necessitates
importation of complementary food crops. Further, with an ever
increasing aging population, agricultural food production faces
the challenge of abandoned croplands when farmers are no
longer able to cultivate. To address these challenges,
continuous monitoring of crop production in the spatial
dimension is necessary.

B. Data

The data utilized in this study is the 250m daily MODIS
surface reflectance product from 15t April 2016 to 31 March
2017. This product has two spectral bands, Red band
(620~670nm) and NIR band (841~876nm) which are used to
compute the Normalized Difference Vegetation Index (NDVI),
which is a commonly used vegetation status and monitoring
metric computed as in (1), [27].

(NIR—Red)

NDVI =
(NIR+Red)

(1)

The surface reflectance bands underwent pre-processing
operations including band extraction from HDF scientific data
set, reprojection, pixel-wise quality assessment, cloud-masking
and gap-filling as illustrated in Fig. 3.

MODIS DAILY NDVI (250m res.) PROCESSING
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Fig. 3: MODIS data preprocessing workflow

The cloud-masking and gap-filling operations involved the
use of a Temporal Window Operation and Fast Fourier
Transform (FFT) to smooth and filter the NDVI signal for each
pixel and thus have a continuous dataset with no missing values.

C. Validation Data Set

For this study, two sources of validation data were chosen. A
high resolution Land Use/Land Cover (LULC) map generated
from aerial photograph images for the region constituting the
Inbanuma Basin, of which Tomisato Shi is a part of, and Google
Earth images coinciding with the year of study, 2016/17. The
LULC map was generated in 2007 and while the period of study
is a decade later, it was deemed necessary to utilize this data in
order to mimic scenarios where there is insufficient or old
reference data, a challenged highlighted in [24].
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D. Methods

The Daily 250m NDVI images were stacked to obtain a four-
dimensional raster brick, hereafter referred to as MODIS_TS.
For each pixel in MODIS_TS, the raw NDVI values are indexed
by date and the pixel can thus be defined as:

P(x,y) = {NDVI,4,NDVI,,, (2)

Pixel location description can be defined in a variety of ways
including a selected vertex — Upper Left Corner, Lower Right
Corner — or the centroid, with most geospatial analysis software
employing the former more commonly. In this study, since the
intention was to relate the pixel values and hence the temporal
evolution of NDVI to the land cover associated with that pixel
with respect to the LULC map and high resolution google earth
images, the LULC map was converted to a spatial grid object
with a resolution matching the MODIS_TS. In every 250-meter
grid there were several land cover types, thus the percentage
cover of each type was computed and the centroid of the cover
type with the highest percentage taken to be the pixel coordinate.
These points were then used to extract the NDVI values across
the temporal dimension from MODIS_TS resulting in an array
(2) depicting the pixel-wise spatio-temporal evolutions.

NDVIZ(xlryl) NDVI:I\gxlryl)

Array 3

3)

NDVI:-(XMIYM) NDVIfI\ExMIyM)

The basis of time series analysis is the comparison of
similarity or dissimilarity between data or observations at
coincident temporal points by using distances, [24]. The choice
of similarity/dissimilarity metric to use is therefore an
important consideration and is greatly influenced by the
indexing structure inherent in the data. Regardless of the
geographical extent of the study area and the temporal
frequency of observations, the high dimensionality of time
series data impinges on the efficiency of the indexing structure
and consequently, the suitability of similarity/dissimilarity
measures to use for a given application. It is commonly referred
to as the “dimensionality curse”, which must be addressed via
dimensionality reduction strategies which include but are not
limited to, Discrete Fourier Transform (DFT), Adaptive
Piecewise Constant Approximation (APCA), Piecewise
Aggregate  approXimation and  Symbolic  Aggregate
Approximation (SAX) [28] - [35]. In this study, we sought to
implement a dimensionality reduction method that preserved
information on the temporal evolution of NDVI per pixel to the
highest possible degree, while at the same time allowing for
efficient and flexible handling of disparate volumes of time
series data. SAX was chosen since it allows for discretization
of the NDVI temporal evolutions into equiprobability symbolic
representations that can then be efficiently used in data mining
algorithms while also allowing for reverse mapping for
validation purposes [36]. The row-wise values of the array
derived from MODIS_TS were transformed into symbolic letter
sequences of lengths 6 (“a” ~ “f”) and 12 (“a” ~ “I”) as
described in [35] and [36]. It is worth noting that prior to
discretization, z-normalization of the data set was carried out in



order to ensure that structural rather than amplitude driven
similarities/dissimilarities remained the focus of the analysis
and data mining operations [37]. Fig. 4 below shows the
temporal profiles of the raw NDVI values for five sample points
representing different land cover types in the study area.

Though the NDVI levels (amplitude) of the profiles are
different especially between April and August, they exhibit
similar structural behaviour. From September, some structural
dissimilarities become apparent, particularly for profiles 107,
115 and 246. However, profiles 10 and 117 vary only in
amplitude but remain structurally similar. In the context of data
mining, the two profiles would be considered to be
representative of the same land cover type or feature which may
not be necessarily true as can be seen in Fig. 5.

Real NDVI values for Sample points

rrrrr

Fig. 4: Raw NDVI values

Following z-normalization, the structural similarities
inherent in the months of April to August hold true while the
structural dissimilarities in the subsequent months are amplified.
This enables differentiation between distinctly different profiles
based solely on structure and discrimination between profiles
that have subtle differences based on time of occurrence of
peaks and valleys as seen for profiles 10 and 117, where profile
117 peaks and valleys occur earlier than those of 10.

2Z- score [ Standardized NDVI values for Sample points

2Znorm_NDVI

Dale

Fig. 5: z-Normalized NDVI
I1l. RESULTS AND DISCUSSION

The lengths of the SAX alphabets tested in this study of 6 and
12, were chosen in order to capture a pixels NDVI behaviour at

92

Proceedings of the Sustainable Research and Innovation Conference,
JKUAT Main Campus, Kenya
2 - 4 May, 2018

bi-monthly and monthly rates. As one of the future objectives
of this work is extensibility via use of multi-satellite data that
have different temporal resolution, assessing the daily data in a
manner that allows for introduction of finer spatial resolution
data with lower temporal resolution could be beneficial. Fig. 6
is a plot of the temporal profile of a forest sample point under
SAX discretization of a 6-letter alphabet. The resulting string
sequences for each of the pixels in MODIS_TS carry
information on the level of NDV1 with respect to the bi-monthly
divisions. In the case of the sample point depicted in Fig. 6,
NDV!I is in decline from DOY 0 to DOY 092 where it bottoms
out and thereafter rises to the maximum within approximately
one month. It then remains relatively high and stable until DOY
283 from whence it declines.

SAX for Forest Sample Point
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Fig. 6: SAX 6-letter discretization for sample point

The string sequences can therefore be seen as being
representative of the states of the feature as a function of the
feature type and its response to external conditions that result in
changes to NDVI. Similarities/Dissimilarities between or
among string sequences were therefore used in an unsupervised
clustering algorithm to determine the natural groupings inherent
in the data that can be related to the feature type or land cover
type, [38], [39]. Though the state sequence mining methods in
[38] were developed for Social Science application, in this
study we show that they can be utilized for knowledge
discovery for spatio-temporal data. Two approaches were
implemented. The first approach used the 6-letter sequences
labelled with aliases based on an ordinal scaling of the z-
normalized NDVI into: “a” = “Very Low”, “b” = “Low”, “c” =
“Moderate”, “d” = “Moderately High”, “e” = “High” and “f” =
“Very High”. The second approach transformed the 12-letter
sequence into state transitions by differencing, resulting in 11
transitions. Negative differences were classified as “Decay”,
positive differences as “Growth” and zero or non-changing
transitions as “Latency”.
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Fig. 7: Index distribution of 6-letter state sequences

The figure above shows the ordinal sequence of NDVI based
on the 6-letter string sequence of 10 sample points. This graphic
reveals that for the sample points, there is great similarity in two
periods: June ~ July and December ~ January. The period
between August and November shows the greatest variability
and can thus be exploited for dissimilarity measures. This in
essence tells us where to look for information and further gives
us an idea of how the feature space is behaving within a short
period of time. In Japan, the four seasons are clearly defined
and while looking at spatio-temporal data in this perspective,
the robustness of data mining algorithms in deriving
phenological metrics from real NDVI SITS data is realized
since NDVI variations as a result of seasonal changes can be
distinguished from variations as a result of changes in feature
characteristics given a sufficiently long time series dataset. In
the spring and summer seasons as vegetation moves from
dormancy and flourishes, the recorded reflected radiation from
the earth’s surface will change accordingly. However, given
that this is a short time series, seasonality on account of
atmospheric conditions cannot be completely ruled out.

1056q in=470)

S My-Ay AU-Sep Sep-Oct Oct-Mov Nov-Der Dec-Jan

Fig. 8: Index distribution for 12-letter state transition sequences

The 11 state transitions obtained from differencing over the
monthly 12-letter sequences are shown in Fig. 8 above. The
state transitions provide a perspicuous representation of the
temporality and order of states where, while in Fig. 7 the ordinal
NDVI state sequence is predominantly “very low” in June to
July, here we see that there is actually growth for all points but
the temporality and duration varies.
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Fig. 9: State sequence LCS and OM clustering representative groups

In the December to January period where the ordinal scale
for all 10 sample points is “Very high”, we see that points 3, 8
and 9 are actually dormant and points 2 and 4 are in decline.
This highlights the power of data mining in knowledge
discovery and by utilizing techniques typically employed in the
social sciences enhances transdisciplinarity.

Unsupervised classification or clustering is a useful way of
exploring time series data and gaining insight into the natural
groupings inherent in it and is based on dissimilarity measures.
Dissimilarity measures of sequence should account for the
order of the states and transitions in each sequence, the
temporality of transitions and the duration of stay in each
sequence [39]. Longest Common Subsequence (LCS) and
Optimal Matching (OM) were the two dissimilarity measures
used in an agglomerative hierarchical clustering algorithm.
From the validation data sets, the pixels considered were
generalized to the two main classes of interest — vegetation and
non-vegetation. There were 470 pixels and therefore string
sequences of an equal number of which, 186 were unique for
the 6-letter string sequences. An ideal clustering method should
yield comprehensible structures and this can be evaluated on
the basis of the expected number of representative classes or
groups. For the 6-letter sequences, LCS vyielded 29
representative classes while OM vyielded 15. Given that the
original LULC map from which validation data was derived has
8 classes, the OM outperformed LCS but the number of
representative classes is still far too large to yield any sensible
structures. This may be indicative of hidden patterns which if
accounted for would reduce this number further.
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Fig. 10: State sequence transition LCS and OM clustering
representative groups

Fig. 10 above shows the results of the LCS and OM
dissimilarity measures for the state sequence transitions. The
performance of OM surpasses that of LCS in this case as well.
However, for both LCS and OM, the representative groups are
greatly reduced to 7 and 6 respectively, with 153 unique
sequences. This indicates that when looking at the state
sequences at a finer temporal scale, and then obtaining the state
transitions, the model becomes more intuitive. This is further
demonstrated by the results of the agglomerative hierarchical
clustering floored to two main classes of interest. Tables | and
Il are the confusion matrices as a result of clustering to two
classes with “Class 1” and “Class 2” in the validation datasets
representing vegetation and non-vegetation respectively. The
state sequence clustering based on the 6-letter alphabet has an
accuracy of 59% while the state sequence transition clustering
based on 12-letter alphabet sequence differencing has an
accuracy of 62%. These accuracies are deemed to be
satisfactory in view of the fact that the data set is imbalanced
since 84% of the points in the validation datasets when
generalized to two main classes were vegetation.

Table I: State sequence clustering confusion matrix

Actual Class 1 Class 2
Predicted
Class 1 238 161
Class 2 34 37
Table 1l: State sequence transition clustering confusion matrix
Actual 1 5
Predicted
1 272 127
2 52 19

In order to fulfill the condition for reverse mapping and thus
ensuring that the results of this study can be represented in the
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patial context, the predicted classes were fed back to a GIS
nvironment and are visualized as below in a grid spatial map
f Tomisato Shi, Fig. 11. The validation dataset is also shown
1 Fig. 12.

MAP OF 6-LETTER STATE SEQUENCE
CLUSTERING

MAP OF 12-LETTER STATE SEQUENCE
TRANSLTION CLUSTERING

6 503 2306 3500 300w
——

g. 11: Spatial grid maps of state sequence and state sequence
winsition clustering

From the maps above, the 6-letter state sequence clustering
over estimates non-vegetation, though there are areas consistent
with the 12-letter state sequence transition clustering. The
underlying reasons for these disparities were not identified in
this part of the study. Those pixels identified as vegetation with
the greatest accuracy, that is the OM clustering method, are then
used in the next stage of the study to discriminate between
cropland and non-cropland regions and hence estimate the
cropping regimes or patterns in the cropland areas.

MAP OF GENERALIZED VALIDATION DATA
SET
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Fig. 12: Spatial grid map of validation data set

IVV. CONCLUSIONS

In this study, we demonstrate the application of data mining
techniques to differentiation between vegetation and non-
vegetation land cover types using a high temporal frequency,
moderate spatial resolution SITS dataset. In the absence of up-
to-date reference or validation datasets, SITS analysis and
unsupervised classification methods can go a long way in
providing near-real time information necessary for agricultural
monitoring and crop inventory mapping.



The results of this study illustrate the need for z-
normalization of SITS data. Further, by discretizing the
temporal profiles into string sequences, we were able to
differentiate between vegetation and non-vegetation using an
agglomerative hierarchical unsupervised classification method
with satisfactory accuracies. Transforming the string sequences
from states to state transition sequences enhanced the accuracy
of the dissimilarity measures by decreasing the number of
unique string sequences and the representative samples to yield
intelligible groupings that can be related to land cover types.

All algorithms and processes were implemented using open
source software, R 3.4.3 [40] and QGIS [41], demonstrating
their immense capacity. Sequence mining was implemented
using package TraMineR [38] which has been extensively used
in social sciences. We demonstrate in this study how to apply
the sequence mining methods designed for social science to
spatio-temporal data.
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