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ABSTRACT

DISAGGREGATE AGRICULTURAL STATISTICS: AN APPLICATION OF
MACHINE LEARNING AND NONLINEAR CONSTRAINED OPTIMIZATION TO
SPATIOTEMPORAL REMOTELY SENSED DATA
Zhe Guo, Ph.D
George Mason University, 2019
Dissertation Director: Dr. Liping Di

The location-specific information of the area, yield, and production of crops are vital for
food security planning especially in developing countries where the living standards of
the dominant population largely rely on agriculture activities. Teff is the most important
staple crop in Ethiopia that made up 20% of all cultivated area. The area and production
of teff collected from sample surveys are lacking in spatial information and are at the
administrative level. And the survey is labor-intensive and time consuming in practice.
Alternatively, spatiotemporal remotely sensed data have widely applied in land cover
mapping. The normalized difference vegetation index (NDVI) is the most used vegetation
index in crop area and yield estimation. This research intends to map the teff area using
unsupervised classification with a statistical optimization algorithm by integrating
spatiotemporal remotely sensed data and sub-national statistics. First, the 16-day 250m
MODIS NDVI pixels are clustered with K-means unsupervised learning. Special

xii

attention has been paid to the selection of optimal cluster numbers. A linear regression
model under the non-linear constrained minimization optimization is performed to
integrate the subnational statistics from household survey with clusters of NDVI pixels.
The coefficients of the regression model are used to estimate the fraction of teff area at
the pixel level. The validation shows an acceptable R2 (0.66) between the modeled results
and survey data. The results demonstrate an innovative method to improve locationspecific crop type mapping at sub-pixel level by integrating remotely sensed data and
machine learning technique with sub-national statistics.

xiii

1. INTRODUCTION

1.1 Agriculture and food security
Land is the source materials on which most of the human activity is being
conducted. Human uses the land for various purposes including food production,
provision of shelter, recreation, extraction and processing of materials, and so on (Fritz et
al., 2015; See et al., 2015). Among all the land uses, agriculture, which serves as the basis
for supplying food, fiber, and at less extent, energy to human society, is one of the most
important human activities. Over the course of history, especially in recent decades,
human activities have intensively modified the Earth’s land surface in order to provide
enough fiber, livestock, and other resources and services to more than seven billion
people (Ramankutty, Evan, Monfreda, & Foley, 2008). Agriculture, a major driver of
land use changes currently use about 40 percent of global land area (FAO, 2015) and
much of this land has been converted from forests, grassland, and savannas (Foley et al.,
2005). It is the primary consumer of freshwater, contributing 70 percent of freshwater
withdrawals, and 90 percent of consumptive water use (Siebert, Burke, Faures, Frenken,
& Hoogeveen, 2010). It is also a significant source of global greenhouse gases,
contributing between 10 and 20 percent of total emissions (WRI, 2015). Unsustainable
agricultural practices can contribute to negative environmental impacts such as ecosystem
destruction and biodiversity loss, pollution from chemical inputs, soil degradation, water
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resource depletion, and increasing climate change. More sustainable agricultural
practices, on the other hand, can help increase agricultural productivity, while decreasing
resource use intensity with the potential of decreasing pressures on ecosystems, and
scarce natural resources such as land and water.

Agricultural production increases over time to respond to increasing food demand
through both increasing agricultural productivity (intensification), and agricultural
expansion (more land and livestock animals). During the early stages of the development,
expansion of cultivated area is often observed. Once most of the suitable land area
occupied, the intensified farming practices are emerging in response to the demands of
the population growth. Total crop production in the reference scenario increases by over
70 percent between 2010 and 2050. Most of this increase is achieved through increased
agricultural productivity, which increases by more than 50 percent over the same period.
Nevertheless, productivity gains are not sufficient to meet all of the additional demand
and global total agricultural land increases by 17 percent. LandSHIFT (Schaldach,
Alcamo, & Heistermann, 2006) projects that this increase is concentrated in the
developing world (93 percent of 242 million additional hectares of cropland4 ), and
particularly in Sub-Sahara Africa (SSA), Latin America and Caribbean (LAC), and East
Asia and Pacific (EAP), which see increases of 93, 62, and 32 million hectares of
cropland respectively by 2050. LandSHIFT projections also show that most of this new
cropland area is going to expand on less valuable lands, i.e., natural areas already
modified for extensive agriculture. Nonetheless, rising demand puts pressure on forests
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around the world, where LandSHIFT projects the loss of 17 million hectares of forest
globally, of which 14 million hectares are in the developing world.

In the last four decades, the population of the developing countries has
approximately double with about 60% percent of these people are classed as rural. It is
estimated that the total population of developing countries will continue to grow, but the
rate of growth is projected to decline- from the current level of 1.8 percent per annum to
an estimated 1.2 percent per annum in 2030 (FAO, 2001). The Food and Agriculture
Organization of the United Nations (FAO) projects that by 2050, the world population
will increase to 9.2 billion (the World Bank, 2016). Population and economic growth will
result in a doubling of demand for food globally. Sub-Saharan Africa has the highest
population growth rate in the world and it holds the largest proportion of food insecure
people, with one in four people undernourished.

The FAO (2010) defines food security as: “When all people, at all times, have
physical, social and economic access to sufficient, safe and nutritious food that meets
their dietary needs and food preferences for an active and healthy life.” Almost all
developing countries have population and GDP growth, but per capita income in
developing countries is expected to remain at less than half developed country levels by
2050 (Rosegrant et al., 2017). Nearly one billion people are undernourished, hungry, and
living without adequate daily calories. The people most severely affected by food crises
are those already living in poverty. This increases the challenge of adequately meeting
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nutritional needs. The Sub-Saharan Africa, which has the highest population growth rate
holds the largest proportion of food insecure people. Most of these developing countries
have to continuously battle against hunger in efforts to achieve food security.

Addressing the health needs of families in the developing world, including
through betting understanding the land use patterns, increasing land productivity, and
expanding cultivated land area can help to improve the health of families and enhance
their food security.

Knowing cropland distribution and allocation of crop types is important for the
monitoring and planning of agricultural resources at different levels from landscape
studies to regional and continental studies. While the global population grows fast, the
location specific information on planting area, harvested area, yield and production are
vital for food security planning (Dixon, Gulliver, Gibbon, & Kassam, 2001). Knowing
“what” is being grown is even more important in developing countries as it will allow
decision makers to locate populations that are most vulnerable to food insecurity and
poverty.
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1.2 Teff in Ethiopia

Ethiopia located in eastern Africa and is an agricultural country whose economy
is mainly based on renewable resources in rural areas. The agriculture accounts for 46.3%
of gross domestic production and 60% of exports and 80% of total employment (Honda,
Jiro; Zhan, Zaijin; and Thomas, 2008).

Teff is one of the major cereal crops in Ethiopia, and it is considered as the center
of origin of teff (Lee, 2018). It belongs to the grass family, Poaceae, sub-family
Chloridoideas, tribe Eragrosidae, sub-tribe Eragrostae, and genus Eragrostis (Watson,
Macfarlane and Dallwitz, 2015). Although it has several synonyms used by different
disciplines, its presently most accepted binomial nomenclature is E. tef (Zucc.) Trotter.
Teff is mainly used for food after baking the ground flour into pancake-like soft and sour
bread, “Injera,” which forms the major component of the favorite national dish of most
Ethiopians. It is also consumed in the form of porridge, and slightly fermented or unfermented non-raised bread (“kita” and “anebabero”) (Davison, 2004). Teff is considered
as a healthy diet food due to its rich in iron, calcium, and fiber contents and contains no
gluten (Roseberg, R. J.; Norberg, S.; Smith, J.; Charlton, B.; Rykbost, K.; Shock, 2006).
With a growing population of healthy consumers around the world, it will drive up global
demand for the demand of teff production.
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Teff is the most important staple crop by area and value in Ethiopia. In 2011/12, it
was estimated that teff made up 20 percent of all cultivated area in Ethiopia, covering
about 2.7 million hectares and grown by 6.3 million farmers. The second most important
crop was maize at 15 percent of all cultivated area (Minten, Tamru, Engida, & Kuma,
2013). In addition to the physical cultivated area, the value of teff production was valued
at 1.6 billion USD, again the most important crop in the nation. By any standards, teff is
an important crop, for farm income as well as food security (Minten et al., 2013). On the
consumption side, 65% of Ethiopia’s 85 million people get their “daily bread and
livelihood” from teff. The growth of teff cultivation in Ethiopia can be concluded in 4
aspects. First, it has a high adaptation to the environment. The growth of teff appears in
land with elevation ranged from 0 to 3000 meters. Second, it can grow in different
cropping systems. Third, it is a low risk and reliable crop and has little or very low threats
of disease and pests. Fourth, it has a unique growth period and usually is late compared to
other staple crops such as maize and soybean. It is a mono-crop and cannot be
intercropping in the field. With an increasing teff planting area, a better understanding of
the spatial distribution of teff in the nation is needed.

1.3 Conventional method for agriculture data collection

Timely and reliable information of crop production is critical for policy makers
and resource managers to address a broad range of issues. This lack of information on
agricultural production including area and yield comes at a significant human and
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economic cost. First, in countries characterized by widespread food insecurity, lack of
timely and location specific production information affects efficient and effective
management of relief and subsidy programs. Second, the ability to design, implement and
adjust public policies informed by evidence is strongly compromised by the weaknesses
in agricultural production data. Third, timely and reliable agricultural statistics are critical
to ensuring well-functioning agricultural markets.

Traditionally, the collection of crop land area and production information is
conducted by government agencies. The crop area and production are usually either
collected from household survey or land use survey. Conducting a household survey is
one of the easiest methods to collect land use and crop area and yield information. It is
usually done by interviewing the smallholders by the numerators. Smallholders are
randomly selected from a randomized sampling framework which is representative at
certain administrative level. During the interview, the farmers will be asked to report the
crop types, area of the crops, and the estimated yield in the field. The number collected
from household survey could be very subjective and reliance on self-reported data from
household surveys opens the possibility for several types of measurement error. Because
distances between sample sites are great and transportation costs are high, household
surveys are very resource-intensive undertakings with low potential for scalability. The
external validity of the trial’s findings and the robustness of out-of-sample estimation of
effects are constrained by the high level of agro-ecological and socioeconomic
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heterogeneity in the country. In addition, the farmers in the developing countries could be
lack of skills when estimating the production related information.

The information of crop types and area collected from the dedicated land use
survey could be quite accurate because it involved measuring land parcels at plot level
which is considered as the smallest land unit in practices. Since the land survey required
to collect land use information at very detailed scales, it is extremely labor intensive and
time consuming. It cannot be performed frequently which results to either lack of
information for certain time or the information collected soon are outdated. For example,
the land cover and land use survey are usually conducted every 10 years.

The crop statistical data including crop types, area, and yield collected from the
surveys are reported at administrative level and usually stored in a tabular format. For
example, the crop production, planting area, and harvest area data are available at
national level from FAOSTAT. Similarly, individual countries through their agricultural
statistical agencies, collected and reported crop production information at aggregated
administrative levels.

In Ethiopia, such information collected by ESA (Ethiopia Statistical Agency) lies
at subnational levels. The teff data are usually lacking in spatial information and
summarized at the district or woreda level. Furthermore, conventional methods of land
use and land cover mapping are labor-intensive, time consuming and expensive. As a
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result, land use maps are infrequently prepared and often with insufficient details.
Therefore, it is challenging to produce such maps annually and in most of the cases, the
existing maps become out-of-date soon after they are produced, particularly in rapidly
changing environments (Feranec, Hazeu, Christensen, & Jaffrain, 2007).

1.4 Remote sensing data for agriculture information

Remote sensing first started in 1858 when the first aerial photographs was taken
by the Gaspard-Felix Tourmnachon (Pruitt, 1979). The remote sensing studies start to
work on vegetation in the middle of twenty century when the unique response of
vegetation to infra-red color (band) are identified. The studies soon expanded to
classification of vegetation coverage and types, and detection of plant disease and
damages.

The space borne or satellite based remote sensing is started in 1971 when the
Landsat 1 was launched by National Aeronautics and Space Administration of the USA
(Williams, Goward, & Arvidson, 2006). The Landsat series of Earth Observation
satellites have continuously acquired images of the Earth’s surface, providing
uninterrupted data to help researchers and scientists’ studies about our natural resources
and the environment. Since then, many satellites are launched by agencies from the USA
and European Space Agencies (ESA). The Advanced Very High Resolution Radiometer
(AVHRR) senor carried on TIROS first launched by National Oceanic and Atmospheric
Administration (NOAA) in 1978 has been used for remotely determining cloud cover,
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vegetation coverage, and the surface temperature. The Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) sensor and the Moderate Resolution
Imaging Sepctroradiometer (MODIS) senor that carried by Terra and Aqua satellites are
later launched by NASA. In Europe, the SPOT satellite also provided repeatedly earth
observation with the vegetation sensors. In the late nineties, the high-resolution images
from Quickbird, IKONOS, and GeoEye are also made available.

Over the past twenty years remotely sensed data and spatial analytical tools have
expanded substantially, making it easier and cheaper to incorporate the spatial
perspective in estimating and mapping cropland and crop types with higher temporal
frequency and spatial resolution (Pradhan, 2001). The repeated observation over large
extent enable researchers to produce and update the land cover product with fewer
resources and shorter processing time. The remote sensing technology has been widely
applied in studies of land cover and land use changes including agricultural land use at
different spatial and temporal scales. Remote sensing together with Geographical
Information Systems (GIS) and Global Position Systems (GPS) can be used to detect and
identify characteristics of land cover types and growing conditions. Quantitative
assessments of the spectrum of time series observation from space are used to monitor
and map vegetation activity, density, and conditions.

In addition, vegetation indices defined as ratios or linear combinations of light
reflectance ratios of spectral bands are more sensitive than light reflectance of individual
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band to vegetation parameters such as biomass and vegetation types, thus facilitating the
classification and monitoring of agricultural crops (Asrar, Fuchs and Kanemasu 1984).
The normalized difference vegetation index (NDVI), one of the most used indices from
remote sensing has been used since the 1980s to measure and monitor plant growth
(vigor), biomass production, vegetated area (Doraiswamy et al., 2005; Running,
Loveland, Pierce, Nemani, & Hunt, 1995). Although NDVI could be affected by soil
background, atmospheric scattering and it is relatively insensitive to high biomass levels,
it provides sufficient stability to capture the vegetation growth status and conditions, and
vegetation phenology (Huete et al., 2002). The NDVI time series from satellite data
allows to capture the seasonal and inter-annual changes and thus characterize the general
vegetation behavior within its spatial footprint (Myneni, Keeling, Tucker, Asrar, &
Nemani, 1997). For example the NDVI time series have been applied successfully in the
studies of early warning of potential food production problems in African countries
(Vrieling, de Beurs, & Brown, 2011).

The correlation between time series NDVI and crop characteristics provides
information to differentiate land and vegetation objects. It has been extensively adopted
to land cover mapping and land use change detection practice (DeFries, Hansen, &
Townshend, 1995; Liu & Kafatos, 2005). Even though it is challenging to identify crop
types using moderate resolution images alone, many research have shown promising
solutions by integrating remotely sensed data with ancillary datasets to improve the
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accuracy of the final product (Chamberlin, Tadesse, Benson, & Zakaria, 2007; Khan,
2011).
1.5 Methods for land classification

Various methods have been developed for land classification analysis particularly
using multispectral and hyperspectral satellite imageries. Projects at different scale from
landscape level to national, continental and global levels have been done in order to make
land cover maps or crop distribution maps. Land cover and land use classification
become the most extensive application in remote sensing studies. Broadly, the
classification algorithms can be group into two categories: the supervised classification
and the unsupervised classification.

The supervised classification is the most widely used when developing land
cover and land use products. In the supervised classification, the analyst needs to
“supervise” the process of the pixel-based image classification. The ground truth is one of
the required steps and the users need to collect the sample sites of known land cover
types or crop types and associated these classes with pixel values of the spectral
signatures based on the location overlaps. The associated datasets of spectral information
and labeled classes are served as training datasets. Supervised classification is the process
of using training samples, samples of known identity to the statistical relationship in a
model and then the model is implemented to classify and predict pixels of unknown
classes.

12

There are many legacy methods have been developed in the supervised land
classification including maximum likelihood, minimum distance, mahalanobis distance,
and spectral angle mapper (Glanz, Carvalho, Sulla-Menashe, & Friedl, 2014)

Maximum likelihood algorithm assumes that the values of spectral information of
each individual band follows normal distribution definition to each labeled class. To a
given pixel, the method calculates the probability to all the available classes and each
pixel will only be assigned to the class which has the highest probability. The minimum
distance calculates the mean of each known class. To the unknown pixels, the Euclidean
distance from the pixel to the mean of the classes are calculated respectively. The pixels
will be assigned to the class that has the minimum distance. The Mahalanobis distance is
similar to maximum likelihood but it assumes the covariance among all classes is the
same. The calculation then is simplified and faster. The Spectral Angle Mapper classify
pixels based on physical spectral match of n-dimension angle to the training dataset. This
method determines the spectral similarity between two spectra by calculating the angle
between the spectra and treating them as vectors in a space with dimensionality equal to
the number of bands.

In recent years, significant efforts have been made to investigate different
classifiers to a more contemporary machine learning classifiers (e.g. neural networks and
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support vector machine) (Bruzzone & Demir, 2014; Shao & Lunetta, 2012; Wulder,
Franklin, White, Linke, & Magnussen, 2006).

Supervised methods require a number of reference land cover samples also known
as a priori to first build the relationship between satellite observations and land cover
types and then apply them to the entire extent. The majority of the efforts is done prior to
the actual classification process. The quality of the classification results or maps is highly
depended on the collection of the ground truth datasets or the training data sets. Close
attention is needed when developing the train datasets. The samples need to maintain
high accuracy and can represent the area of interests completely. If the training datasets is
poor or not representative, the class results will be poor. In addition, the ground truth
procedures are time consuming, resource expensive, and labor-intensive which are
usually very challenges to many counties especially in developing countries where
resources are limited.

Another group of algorithms is performed without a priori human interventions
also known as unsupervised classification (Loveland et al., 2000). The methods intend to
cluster observations by similarity of variables without necessarily associating with land
cover types. It is essentially a computer automated classification. After specifying the
number of classes, the spectral classes are developed purely based on pixel values of the
bandwidth or indices such as vegetation index. The pixels with similar or same spectral
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distribution are intended to be group together. After the pixels are categorized, the users
need to interpret and assign the appropriate class to each group.

Several different unsupervised classification algorithms are existing. For
example, the hierarchical clustering algorithms cluster the data into parent and child
clusters first before further grouping into sub-clusters or sub-groups. The probabilistic
clustering methods group the pixels into different categories on a probabilistic basis. In
remote sensing studies, the two most frequently used methods are k-means and the
ISODATA clustering algorithms. The k-means clustering has a few different types
including K-means clustering which clustering your data points into a number of
mutually exclusive clusters. The ISODATA method is similar to the k-means algorithm
with some further refinements of splitting or demerging clusters (Jensen, 1996). Clusters
are merged if either the number of pixels in a cluster is less than a certain defined value
or if the centroids of the two clusters are too close to each other (closer to certain
predefined values).

In recent years, neural networks based deep learning algorithms are implemented
in unsupervised learning domains. One of the popular algorithms is called Autoencoder
(Vincent, Larochelle, Bengio, & Manzagol, 2008). The autoencoders follow the same
framework or construction. They use a smaller subset of the features to represent the
original datasets.
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Less attentions have been paid to unsupervised learning in the past due to high
demand for computing powers especially when data dimensions are high (Y. Chen &
Gong, 2013). With a rapidly evolving technology and data handling capability, clustering
becomes attractive to researchers again. Since the classes are created purely based on the
spectral information or indices, there is no advance knowledge needed. Although the
technology becomes a less issue, the two major challenges remain in land cover
classification applications. One is the decision to the number of clusters. Although no
training datasets are needed, the numbers of groups/clusters need to be defined before
clustering with certain clustering algorithms. There are no rules of thumb to determine
the best number of clusters, but many indicators and criterions have been invented to help
decision making. The second challenge is to label clusters associated with land cover or
crop types.

1.6 Time series data analysis

Although many applications use the single image for image classification, time
series of remotely sensed satellite data at medium spatial resolution have demonstrated
high capacity for characterization of environmental phenomena, describing trends as well
as discrete change events (Gómez, White, & Wulder, 2016). Multi-temporal remotely
sensed datasets can describe the vegetation dynamics at the regional, continual and global
scale by viewing their phenological variation throughout the course of a year.
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Analysis of spatiotemporal remotely sensed data have been applied in studies of
many fields including forest disturbance mapping, surface water bodies identification,
and characterizing land cover types and land cover and land use change detection. It
became increasingly attractive to monitor and classify vegetation types. The seasonal
changes in the greenness of vegetation can be reflected and captured as changes in the
NDVI through over the growing season of the plants. The time series of NDVI provides
an indication of the greenness of the vegetation and it has been the basis for
discriminating between land cover types in previous studies at large scales. Defries and
Townshend (1995) characterized broadly defined biome types at global scale using the
derivation of metrics from the time series NDVI profile from AVHRR sensor Loveland et
al (Loveland et al., 2000) have produced global land cover product at 1 km resolution,
named the IGBP DISCover product using the AVHRR datasets developed based on the
recommendations from the International Geosphere-Biosphere Program (IGBP). In the
DISCover product, an unsupervised clustering method is employed using monthly NDVI
composite together with ancillary biophysical variables. Hansen (Hansen et al., 2010) has
applied the regression tree, one of the popular supervised machine learning algorithm to
time series of MODIS datasets including individual band, a series of vegetation index,
and matrices of attributes to develop global land cover products. More recently, many
researchers focused on development of land cover maps using time series of NDVI and
other vegetation index from MODIS (Shao et al., 2010; Knight, Lunetta, &
Ediriwickrema, 2013).
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The use of the time series remote sensing data or spatiotemporal satellite datasets
usually improves the classification results compared to traditional single image snap shot
classification methods since it involves not only the spectral information but also the
temporal profiles. It is especially important to the classification and land monitoring of
agriculture land and differentiation of crop types within the crop land area because the
changes of growth of agriculture vegetation or crop types over time are unique and crop
specific when compared to other land cover types such as needleleaf forest, urban area,
and bare lands. For example, although MODIS time series data have a relative coarser
spatial resolution compared to Landsat or Sentinel datasets, they have also been
successfully implemented in crop-specific mapping in which corn and soybean can be
identified by investigating NDVI temporal profiles during the crop growing season
(Lunetta, Shao, Ediriwickrema, & Lyon, 2010; Wardlow, Egbert, & Kastens, 2007).
Meanwhile, MODIS-based crop-specific mapping has yet to be generalized to
classification at larger scale such as national scale for operational use.

One of the major challenges of using time series remote sensing data is to make
sure the observation are comparable during the time period of the studies. Due to the
cloud effects, shadow issues, and possible weather impacts, the pixels in the images could
be contaminated and results to a sudden drop of values during the growing period of
vegetation during the season. The problems are more serious to agriculture classification
because the growing seasons of the crops are more liked to be overlapped with the
raining season of the regions. The presences of these outliers during the time series data
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(e.g. sudden drop of NDVI values) introduces uncertainty to the analysis. To retrieve the
desired information, the time series data from remote sensing cannot be used directly and
need to be preprocessed and cleaned before further analysis. Then, the information of
interest is extracted from the smoothed product. Many algorithms have been developed in
order to remove the contaminated values and filling the missing values of the time series
of NDVI observation.

In term of filling missing value of the imagery, a variety of methods have been
proposed previously. The overall methods can be categorized into four groups:

1. Spatial based methods

Filling missing values using the information from the neighborhood
pixels is one of the basic methods and is widely applied when missing values
occur in individual imagery. The assumption is that the area with missing
values have same or similar feature or texture to the areas close to it. The
statistical relationship includes both global and local areas. One of the
common approaches is spatial interpolation method which seeks weighted
average of pixels of the neighborhood areas around the missing region.

2. Spectral-based methods
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The spectral based approach occurred in the multispectral or
hyperspectral imagery. Since there is usually a spatial correlation between the
different spectral bands, it is possible to reconstruct the missing values based
on the spectral information from other bandwidths. For example, the
polynomial linear regression has been applied to MODIS band 6 and 7
because they are highly correlated. The spectral based methods can
reconstruct the missing values with a higher accuracy due to the high
correlation between the spectral bands. However, the spectral based methods
have a very limited application. it won’t work in the situation where all the
spectral bands having the missing values which is commonly seen in a lot of
cases such as when the area are covered with thick clouds.

3. Temporal based methods
The temporal information can be used to fill the missing values and it
is especially useful to the spatiotemporal remote sensing datasets since the
satellite revisit the same location at different times. The repeated visits of the
same location provide the observation of the annual or seasonal changes on
the ground. For example, the NDVI time series of the crop land area simulates
the crop growth profiles including the start of the growth, flowering time, and
mature and harvest time since vegetation index reflects the chronological
changes of the plant on the ground. The approach has been widely used to
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time series of data at moderate resolution such as MODIS, AVHRR, and
SPOT VEG datasets.

4. spatial temporal and spectral based methods

In recent years, reconstruction of missing information using all spatial,
temporal and spectral information has been proposed with the deep learning
approach. The deep learning methods (e.g. convolutional neural networks)
have been introduced to fill the missing values using a powerful non-linear
expression ability of the algorithm. Compared to other traditional methods, the
deep learning based method shows a significant improvement in term of
estimating missing values. The method is computationally expensive and
usually applied in research in small regions.

Since this study will focus on the application to time series of MODIS NDVI
datasets at the country level, the temporal based methods are more suitable and will be
further reviewed in the next few paragraphs.

In general, there are two common approaches to smooth the vegetation growth
profile (e.g. time series of vegetation index) and fill the missing values. One involves a
suppression of the short frequency variation through moving average, moving medians,
or compound smoothers. For example, Ma and Veroustraete (Ma & Veroustraete, 2006)
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developed a smoothing method using a mean-value iteration filter using AVHRR and
MODIS data. In addition, the best index slope extraction (BISE) method (Lovell &
Graetz, 2001) defines the profile by first scanning the crop growth profile, selecting the
high values and eliminating the low values based on the thresholds. These methods are
simple to be implemented and usually does not requires much computing powers during
the process. It is more suitable to the conditions when there is not large amount of
missing values occurred during the entire growth period. The second approach is to fit the
discrete time series of values a function. The missing values or values with low quality
are estimated using the function afterward. A number of the different function types have
been developed. The classical Fourier methods have been used extensively. The typical
procedure is to fit the harmonics of certain time series through a least-squares algorithm.
Reed et al. (1999) provided examples of smoothing using a weighted least-squares
approach. The least-squares fitted asymmetric Gaussian method and the double logistic
smooth functions are also popular and have been implemented in some software
packages. Using MODIS NDVI data, Sakamoto et al. (Sakamoto et al., 2005) developed
smoothing methods using wavelet and Fourier transforms. Bruce, Mathur, Byrd, and John
(Bruce & Mathur, 2005) developed a new wavelet-based feature extraction technique.
Atzberger and Eilers (Atzberger, 2013) showed that the Whittaker smoother (WS) can
perfectly balance fidelity to the original data and smoothness of the fitted curve while
being easy to implement with fast processing times. Lunetta et al. (Lunetta et al., 2010)
applied inverse Fourier transformation to estimate new NDVI values, while retaining the
original NDVI values for cloud-free and good quality pixels. The adaptive Savitzky-
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Golay algorithm proposed by Chen et al. (J. Chen et al., 2004) applies the Savitzky-Golay
(SG) filter to match the upper values in the time series interactively. It is especially useful
when applying to time series of vegetation index such as NDVI since the cloud effects
are generally decreasing the estimation values. The primary advantage of SG filter is its
capacity to retain shape of the signal, which is generally not possible with a moving
average filter (Agarwal et al., 2016, Baijal et al., 2015, Hargittai, 2005). The
performance of SG filter is much superior to the conventional filters, if correct frame size
and order is chosen. Adaptive SG filtering helps to select the optimal frame size and
order using iterative analysis and signal correlation. This helps to eliminate
the heuristic aspect, often quoted as a disadvantage, in SG filter. Furthermore,
the processing speed is increased significantly. The filter coefficients need to be
evaluated just once for a given application which makes the filtering process simple, easy
and fast. The technique apart from overcoming the drawback of parameter evaluation,
allows the use of optimal values to get the best filtered signal.

In most of the cases, there is no one method that fits all the requirement of the
studies. The selection or the preference of the methods are highly depended on the
requirement of the studies, scale of the studies and input data structures.

1.7 Objectives of the study

In Ethiopia, the annual land use estimates are compiled by government agencies
and available at the tabular format. The data are lack of spatial information. The
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geospatial maps of crop types are not available in general. The remotely sensed data,
together with machine learning algorithms are a promising approach to produce land
cover and land use maps on a regular basis.
Although the supervised classification has been successfully used in land cover
and crop types classification in many regions, the key issues of using them in the Africa
is the land fragmentation and the high cost of acquiring ground truth data. The average
farmland of smallholders is less than 2 ha in most of African countries with complicated
farming systems (e.g. inter-cropping) in an irregular shape of land parcels. Under this
circumstance, it is less likely to find pixels of the moderate resolution containing only
one end members. Pixels with mixed classes are more common considering the size of
the pixels. It leads to big problems or uncertainty when trying to produce crop maps with
a binary legend which assigning one class to a pixel. Some researchers end up generating
classes with narrative descriptions (e.g. cropland & grassland mosaic) which is hard to be
interpreted by end users. Although efforts have been made to develop land cover product
or crop type maps using very high-resolution imageries since the pixel are more likely to
be “pure,” they are considered as computational expensive and time consuming. The
implementation of such method is currently still under developing especially to the
application in large scale.

The second issue is the ground truth data. Because of the poor infrastructure and
high transportation costs, it is usually hard to collect ground truth data that are
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representative in the region of interested. In addition, the quality of the geo-tagged data is
usually poor due to the shortage of skilled technicians.

In order to overcome these challenges, this study proposes a cost-effective
approach to integrating remotely sensed time series data with existing subnational
agricultural statistics in order to improve area share estimation of certain crops. The
proposed study uses unsupervised classification with statistical optimization algorithm to
calculate crop area share at pixel level. More attentions have been paid to the selection of
cluster numbers by reviewing various criterions and their suitability to land cover and
crop type classification. In order to overcome the post classification refinement issues, a
nonlinear constrained optimization algorithm has been introduced so information from
household survey and census at coarse resolution could be taken into account. The
household surveys data and subnational statistics are used to guide and control the overall
quantity in the disaggregation process. The goal of the studies is to develop a generalized
model that can be used to estimate proportions of specific crop types in a pixel by taking
advantage of advanced statistical algorithms.

The studies are aimed to answer the following specific questions:
1. What is the cost-effective method to fill the missing values of the MODIS
NDVI time series?
2. When implementing clustering method to large time series datasets, what are
the best criterion for selection of optimal number of clusters?
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3. How to combine the non-linear constrained optimization algorithm with
clustering process so knowledge from various sources could be used?
4. How accuracy is the model results and does the profiles of the clusters are
grouped in a meaningful way?

The study will focus on teff mapping in Ethiopia during the development of the
methodology. The studies are targeted to develop a generalized statistical model with
detailed analysis of each component. The paper is arranged as follows. After this
introduction chapter data sets used in the study will be described in section 2, and it
followed with methodology section and result section. At last, the conclusion is drawn
with some highlights of future work.
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2. DATASETS AND MATERIALS

2.1 MODIS NDVI data

The NASA standard product, MOD13Q1, one of the vegetation indices datasets
from Moderate Resolution Imaging Spectroradiometer (MODIS) instruments are selected
for this study. The MOD13Q1 product provided time series of vegetation index every 16
days at 250-meter spatial resolution in the Sinusoidal projection (SIN) with global
coverage. MOD13Q1 includes two primary vegetation layers. The first one is the NDVI
which referred to as the continuity index to the existing National Oceanic and
Atmospheric Administration – Advanced Very High-Resolution Radiometer (NOAAAVHRR) derived NDVI. The second vegetation layer is the Enhanced Vegetation Index
(EVI), which has improved sensitivity over high biomass regions. The 16-date composite
product choose the best available pixel value which defined as low clouds coverage, low
view angle, and the highest NDVI/EVI values from all acquisitions for every 16-day
period. Besides the layers of the vegetation indices, the product also contains reflectance
of individual bands which including band 1 (red), band 2 (near-infrared), band 3 (blue),
and 7 (mid-infrared) bands and a vegetation quality indicator layer. In the quality layer,
the value 0 represents good data and use with confidence. Value 1 is marginal data and
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should use cautiously. Value 2 is to pixels covered with snow or ice. Value 3 means the
pixel value is contaminated by cloud.

Since teff is not considered as high biomass vegetation, the studies use NDVI
layer as the main product and the corresponding quality layer is also used in order to label
the cloud contaminated pixels and perform a curve fitting procedure before the analysis.
In order to cover the entire Ethiopia, four tiles of time series of MOD13Q1 defined with
horizontal and vertical numbers (h21v07, h21v08, h22v07, and h22v08) are ordered from
NASA data gateway. The time series covers from January 1st, 2001 to December 31th,
2001.

There are totally 23 time periods in the collection of 16-day datasets in a year.
Each tile of MODIS datasets contains 4800*4800 pixels. The total coverage of four tiles
of data is 9600 * 9600 which is equal to 92,160,000 pixels in one time period. The
Ethiopia country boundary is used to clip the mosaicked datasets and the pixels that are
outside the country are excluded in the analysis. In the final step, the individual NDVI
layer is stacked sequentially from the day 1 to the day 365. Similarly, the quality layer is
processed and organized in the exact structure.

2.2 Subnational Administrative boundary
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In most of the time, the subnational agricultural statistics are released in tabular
format which are lack of spatial information. The statistics are usually only associated
with the administrative names or code, the data are lack of spatial information and hard to
be mapped. The special efforts have been made in order to digitize the subnational
boundaries of 2001 for the studies.

In Ethiopia, the administration systems include region, zone, woreda, and kebele
level. The governance follows the same or similar tripartite structure which includes an
elected head of the administration, a council with an executive committee and a sector
bureau. The regions are divided by ethnic groups including Afar, Amhara,
Benishangul/Gumuz, Gambella, Harari, Oromiya, Somalia, Southern Nations,
Nationalities and Peoples (SNNP), Tigray. The regional governments are responsible for
implementing economic and social development policies and for maintaining public order
such as administering the police force. The next administration level is zone and
functions of zones are vary in the regions. For example, Zones area an active
administrative institution in Amhara and SNNP and oversee the woreda functioning but
in Oromiya and Tigray they do not play a significant role. In the decentralized zones, the
woreda is the unit to manage health, education, agricultural extension, water supply and
social sectors. Below the zones and woredas are kebeles with an average population of
5000 persons.
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Although the levels of the administrative level remain the same, the number of the
units are changes frequently in order to reflect the reform or reconstruction of the
administration systems. It is more apparent in woreda level and bellows. Almost every
year, the woreda are split, merged, and partially integrated with other neighbor woredas.
It introduces huge problems when linking the subnational agriculture statistics with shape
files since the spatial data have to be time specific and the digital format of the spatial
data are not available in most of the time period.

The Shape files of the 2001 administrative boundary are produced for the studies
based on the harmonization of two major public available sources, namely, the Database
of Global Administrative Areas (GADM) and The Global Administrative Unit Layers
(GAUL). The GADM provides high resolution database of country boundaries globally.
Although the data have very high spatial resolution, the shape file only represents the
administrative units in most recent years. The GAUL datasets are developed and
produced by the Food and Agriculture Organization of the United Nations (FAO) and
other authorized international and national institutions/agencies. The GAUL datasets
include time series of subnational boundary files from 1998 up to now with global
coverage. Although the GAUL shape files cover a longer time period, the spatial
resolution of the data are limited. The GAUL datasets include administrative boundary at
region and zone level in Ethiopia. The datasets do not provide spatial information at the
woreda level. Combining the knowledge acquired from the two administrative together
with the hard-copy of administrative maps of 2001, we are able to digitize and reproduce
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the woreda level of administrative boundary in Ethiopia in 2001. The data include the
administrative boundary at regional level, zone level, and woreda level. The map of the
administrative levels in 2001 is displayed below in Figure 1. The Ethiopian regions are
divided by ethnicity and language, rather than physical geography or population
distribution. There are nine regions and two chartered cities at the regional level. The
regions vary enormously in area and population with the largest region of 284,537 square
kilometers (Oromia region) to the smallest region of 334 kilometers (Harari region).
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Figure 1. The administrative boundary of Ethiopia in 2001.

2.3 Subnational agriculture statistics

The subnational agricultural area and production statistics are obtained from the
Atlas of the Ethiopian Rural Economy (AERE) which is developed jointly by
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International Food Policy Research Institute (IFPRI), Ethiopian Development Research
Institute (EDRI), and Central Statistical Agency (CSA). The 2001/02 Ethiopian
Agricultural Sample Enumeration (EASE) is the major source of the atlas. The EASE is
aimed to enable a better understanding of the structure of agriculture for planning and
policy making, and one of the basic information in the atlas is agricultural production and
planting/harvested area information for each crop. EASE questionnaires were
administered to more than 450,000 households across Ethiopia or around 1,000
households in each woreda in order to be representative at the woreda level. With a focus
of agricultural households, EASE is expected to show higher reliability and consistent
with the complete census of the rural population. The AERE atlas provides an extensive
set of data at administrative level within which members of the rural population of
Ethiopia acquire their livelihoods through agriculture, in particular (Tadese et al., 2006).
The atlas presents statistics on crop and livestock production together with biophysical
environment, demographic characteristics. Harvested areas of teff at the woreda level in
2001/02 are obtained from AERE and processed for this research. There are totally 574
woredas in Ethiopia and 545 of them reported agriculture production in 2001/02. Among
the 545 woredas, 537 of them have planted and harvested teff which is near 94% of the
total woredas. The total harvested area is around 1.5 million ha which is over 25% of
total cultivated land area. The total harvested areas of teff are reported at the woreda level
in a tabular format. To each of the record, the names and the unique identifier codes of
the regions, zones, and woreda are provided. The administrative information at different
levels is associated with the harvested area of teff. The data are lack of spatial
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information or boundary files. Although the digital formats of the administrative
boundaries are made available at different levels in recent years, it is a challenge to georeference the tabular of teff area data using the recent boundary files since the
administrative units are frequently changed over time in Ethiopia. The data are georeferenced with the administrative boundary as the first step in this study. The team
members from the AERE project help to validate the association at the woreda level in
order to make sure the information of teff harvest area is mapped correctly. Figure 2
shows teff harvested area at the woreda level.
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Figure 2. Teff harvested area at woreda level.

2.4 Cropland mask

Most of the African developing countries especially countries in Sub-Sahara
Africa are lack of the financial supports and technological capacities needed for
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production of timely and reliable land cover type maps and associated digital biophysical
measurements. On the other hand, the availability of reliable, timely and location-specific
information of distribution of land cover and land use and land degradation status is an
essential requirement for sustainable management and development of agricultural,
forestry and water resources. In addition, the detailed land use information is needed for
the adoption of effective measures for mitigation of damages caused by natural disasters,
such as agricultural droughts and floods.

In response to this urgent needs and requests from a number of African countries
for assistance to the development of reliable and georeferenced information on natural
resources at disaggregated level, the AFRICOVER project which is aimed to produce a
series of land cover maps for a series of selected African countries at scales of 1: 250,000
was started by the Food and Agricultural Organization of the United Nations (FAO) in
the collaboration with regional and national agencies, government administrations, and
research institutes. The designated outputs of the project are to establish remote sensing
and GIS based digital land cover and land use database for these African countries. The
implementation of the project was first started in January 1997 in East Africa and later it
is implemented in other parts of the Africa including Western Africa, Southern Africa,
and Central Africa. In Eastern African, there are twelve countries including Egypt,
Sudan, Ethiopia, Djibouti, Eritrea, Somalia, Kenya, Uganda, Tanzania, Rwanda, Burundi
and the Democratic Republic of Congo with a coverage of the total area of 9.5 million
square kilometers.
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The Project has been operational in the period 1995-2002. The ground truth data
of different land cover types are collected and used as training datasets and testing data
independently for each of the countries. Field data verification, data digitization, and
topological check are also performed in order to assure the quality of the input datasets.
The original land cover was interpreted from LANDSAT multi-spectral imageries in the
same time period. Other datasets include SPAT PA& XS, Radar datasets from ERS and
Radarsat and other ancillary data like maps, reports, aerial photography, etc. are also used
when possible. The land cover classes have been developed using the FAO/UNEP
international standard LCCS classification system. Creation of the aggregated classes
takes into account the Africover cartographic standards.

The land cover maps are developed by country basis during the project period. In
Ethiopia, the land cover products are based on the Landsat data using in 2001 which is
match perfectly with the other datasets used in the studies. The released dataset is
aggregated at 100-meter resolution. The classes include bare land, cultivated land,
grassland, forest land, shrubland, urban area, woodland, and water bodies. The
aggregated land cover data are displayed in Figure 3 below.
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Figure 3. The land cover map of 2001 in Ethiopia.

The land cover data are aggregated and resampled to spatial resolution of 250
meters in order to match the resolution of the MODIS NDVI datasets. Since the study is
focused on cultivated land only and the goal is to produce a cultivated land mask for
further analysis, the 250-meter NDVI data are overlaid with the land cover data and the
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pixels are labeled as cropland if it contains or intersect with one or more pixels that are
recognized as cultivated land in land cover datasets. The cropland mask of 2001at 250
meters is produced and displayed in figure 4.

Figure 4. The cropland mask at 250 meters.
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3. METHODS

3.1 MODIS data processing

The MODIS vegetation product (MOD13Q1) including 16-day composites of
NDVI data and corresponding quality assessment layers for Ethiopia from January 1,
2001 to December 31, 2001 are collected from the LP DAAC at the U.S Geological
Survey Earth Resources Observation and Science (EROS) Data Center (EDC). Both the
NDVI data and the quality assessment layers are at 250-meter resolution in the Sinusoidal
projection (SIN) format. The datasets are stored in tiles and released in Hierarchical Data
Format –Earth Observing System (HDF-EOS). The Ethiopia is covered by four tiles and
they are h21v07, h21v08, h22v07, and h22v08. The 250-meter crop mask data of 2001
originally acquired at 100-meter resolution is used. The data are originally represented in
latitude and longitude based WGS 84 coordinate systems and are projected into SIN
projection. A series of data preparation procedures are implemented using python script
in ArcGIS desktop 10.3 software.

1. Mosaic
To every 16-day composite of the data, the four tiles of NDVI and
quality assessment layers are stitched together to produce an output matrix
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that have a dimension of 9600 by 9600 pixels. Each of individual composite
are then stored in geotiff format. There are totally 23 composites of NDVI
time series and 23 composites of quality assessment datasets.

2. Stack
The individual 16-date composites are stacked sequentially from Julian
date 1 to 353 and a three-dimension matrix of 9600*9600*23 are produced
and saved in geodatabase format.

3. Clip
Since the studies are focused on cultivated land in Ethiopia, both the
NDVI and quality layer databases need to be clipped by country boundary and
crop land mask. The extract by shape file function is used to clip all the 16day composite of NDVI and quality assessment layers using Ethiopia country
boundary. The cropland mask at 250 meters is firstly prepared from the 100meter land cover data using the method described in the previous chapter. The
derived cropland mask is used to clip the NDVI and quality layer composite.
After the clipping, there are 4,339,079 pixels inside of the cultivated area in
Ethiopia. These are the pixels using in the analysis.

3.2 Filling the missing values in the NDVI profile
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Since the 16-day composite NDVI time series use the best available pixel values
in every 16 day period, the composite processes can already effectively remove or
minimize the impact of using pixel values with low quality. The pixels of low quality can
be caused by many reasons including low view angles, aerosols and pollutants in the
atmosphere, but most of the time it is caused by cloud coverage. Especially in Ethiopia,
most of the agriculture product are produced from rainfed agriculture systems. The
growing seasons of the crops are largely overlapped with the raining seasons in the
country. Since the NDVI utilizes the reflective characteristics of vegetation to the red and
near infrared bandwidth, the NDVI values increase as the plants or vegetation on the
ground are getting greener. When the regions are covered by clouds, the satellites cannot
directly observe the status of the vegetation on the ground since it is blocked by the
cloud, and the NDVI values become a reflection of the cloud coverage. When it occurs, it
will result to a sudden drop of NDVI values in the time series of NDVI observation.
Usually, the clouds will not stay very long and after the clouds move away or disappear,
the satellites start to observe the vegetation on the ground again. The NDVI values have a
sudden increase in the profile. Figure 5 shows a typical NDVI time series profile in
cultivated land. The clouds appear two times during the growing season as there are two
sudden drops in the year. The clouds appear in Julian date of 161 and 209, respectively.
In each of the 16-day period around the Julian date of 161 and 209, there is no clear
observation on the ground and the NDVI values in the following composite time are back
to the normal ranges which indicate that satellite can observe the vegetation status on
ground again afterward.
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Figure 5. The plot of the NDVI time series of a crop land pixel (Lat/Long, 12.436 37.328).

The quality assessment layers from MOD13Q1 product are used to identify the
time that the pixel’s NDVI values are contaminated during the year of 2001. After the
composite process, most of the NDVI values are from cloud-free observation with the
corresponding quality assessment value of 0 which represent “good” in data quality.
About 20% of the pixels have no cloud effects during the entire growing season. There
are no pixels are labeled with value of 2 in the quality assessment layer which indicates
that no cultivated pixels are covered with snow and ice during the year. Value of 1, and 3
in the quality layers represent partial contaminated or fully contaminated pixels. They are
all treated as “bad” NDVI values since severe sudden drops of NDVI values are not only
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observed in the pixels with value 3 but also observed to pixels with value of 1 in NDVI
time series. The NDVI values that are labeled as value 1 and 3 in the quality assessment
layers are then treated as missing values in the time series of the NDVI data. In Figure 5,
the composite date of 161 is labeled as value of 1 and the composite date of 209 is
labeled as value 3. Both of them are treated as missing values before the procedure of the
curve fitting step.

Since the following analysis is very sensitive to the shape of the NDVI profiles,
the missing values should be filled to have the complete time series. There are two
general criteria when selecting the appropriate algorithms to fill the missing values of the
time series of NDVI observation. One of the criteria is that the algorithm should make
little or no changes to the NDVI values which are labeled as good from quality
assessment. The second criteria is that the method cannot be too complicate and
computation expensive to implement since the filling algorithms need to run through over
4 million of time-series pixels and the studies are mainly focused on teff density mapping
instead of the filling algorithms.

Due to the reasons mentioned above, the complicated curve fitting methods such
as Fourie transformation are not considered since these types of methods first fit the data
with a statistical model using the all good NDVI values in the time series and then the
function will be used to estimate of NDVI values for any time of interests. Although the
missing value could be estimated as model prediction, the function intends to slightly
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alter the shape of the profile even for the days that the NDVI values are labeled as good
in quality.

Filling the values with the previous, next, and nearest NDVI values are first tested
to the datasets since they are simple to be implemented. Although the algorithms work in
some of the cases, the filling of these methods will introduce a flat line since the filled
values are either the same to the previous value or the next value. It changes the shape of
the NDVI profiles.

The filling algorithms using linear function, spline, a shape preserved piecewise
cubic spline interpolation which are easy to be implemented are considered as the
candidate filling methods. The linear interpolation is a method of curve fitting using
linear regression model to estimate the missing values within the range of a discrete set of
known datasets. First, it finds the locations where the missing value lies in and what the
pair of adjacent known points are. Then, it performs a linear interpolation on this interval
using the pair of known points. It derives sequences of straight lines with joints at the pair
of known points. The example of filling missing value using linear interpolation method
is displayed in Figure 6. A significant issue with piecewise linear interpolation is that the
interpolant is not differentiable or smooth. A non-differentiable function can introduce
new issues in a system almost as easily as a non-continuous function.
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Figure 6. Filling missing values on date 161, and 209 with linear function.

In order to have a smoothed curve, a spline-based method is studied. The spline
function is piecewise interpolating algorithm and the cubic spline is a piecewise
interpolating function where each segment the interpolating function is a cubic
polynomial. By placing constraints on the derivatives and concavity at the interpolating
points, we get a function which is twice differentiable. It constructs cubic functions on
each interval so that the resulting piecewise curve and its first and second derivatives are
all continuous on the global time series profile. The curve will not have sharp corners.
The example of using this method are displayed in Figure 7 below. The spline method
produces a very smooth curve.
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Figure 7. Filling missing values on date 161 and 209 with Spline function.

In addition, the piecewise cubic spline interpolation or shape preserving piecewise
cubic Hermite interpolating polynomial is implemented to the NDVI time series. Cubic
Hermite splines are typically used for interpolation of numeric data specified at given
argument values to obtain a smooth continuous function. The Hermite formula is applied
to the interval of the missing value independently. In this way, the resulting spline will be
continuous and will have continuous first derivative. This algorithm is not as smooth
as spline. There may well be jumps in the second derivative. Instead, the function is
designed so that it never locally overshoots the data. The slope at each interior point is
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taken to be a weighted harmonic mean of the slopes of the piecewise linear interpolant.
One-sided slope conditions are imposed at the two end points. The result of piecewise
cubic spline interpolation is displayed in Figure 8.

Figure 8. Filling missing values on date 161 and 209 with shape preserving spline function.

In general, the linear function, spline, a shape preserving piecewise cubic spline
interpolation all produce satisfying results. The differences are not very significant, and
the largest difference lies around the peak time of the growing season. Since the curves of
the crop NDVI profiles are very close to a linear relation in two stages. One is from the
emergence stages to the close to peak time and the other is the post peak time to the end
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of the growing season. If the missing values occur during these two time periods, the
three methods produce very similar estimations. During the peak time of the growing
period, the spline produces the most smoothed estimates and the linear function produced
profiles with sharp turning point. The shape preserving piecewise cubic spline produces a
slightly better result since the fitted curved is not too sharp as estimated from the linear
function and nor too smooth as estimated from the spline. In this study, all the missing
values are estimated from shape preserving piecewise cubic spline interpolation. Figure 9
provides a zoomed in view of the curve fitting results from these three methods.

Figure 9. Comparison of three filling missing value methods.
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3.3 Unsupervised classification

Due to the huge difference of data volumes/observations between agricultural
subnational statistics and pixels-based satellite data, it is unnecessary and practically hard
to perform the analysis through a direct linkage between them. Although the 250 m
MODIS data provide detailed NDVI observations of over 4.3 million pixels in Ethiopia,
the spatial heterogeneity of vegetation distribution needs to be examined in order to
group them based on similarity of NDVI profiles across time and space. The time series
of NDVI data captured the vegetation growth conditions on the ground and provide a
unique NDVI profile for major vegetation types and group of crops. The k-means
unsupervised learning algorithm is implemented to group the pixels based on the
similarity of the time series of NDVI profiles.

The k-means clustering is a partitioning method. It is one of popular
unsupervised learning algorithms that solve the well-known clustering problem and has
been widely studied and applied in machine learning, data mining and pattern recognition
and pattern classification. It partitions a set of objects which have associated
multidimensional attribute vectors into homogeneous groups so that the objects within
the group are similar. The k-means clustering is one type of clustering formulations that
are based on minimizing a formal objective function. The procedure follows a simple
and easy way to classify a given data set through a certain pre-defined number of clusters
(assume k clusters). The main idea is to define k centers, one for each cluster. The goal is
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to identify the location of the centers so that the mean squared distance from each data
point to the nearest center are minimized. This measure is often called the squared error
distortion, and this type of clustering fall into the general category of variance based
clustering.

The calculation starts with initialization of means (the center). The pre-defined k
samples are chosen randomly as initial centers. These centers should be placed in a
cunning way because of different location causes different result so the better choice is to
place them as much as possible far away from each other. The next step is to take each
point belonging to a given data set and associate it to the nearest center. When all the
points are assigned to the nearest center, the first step is completed and an early
grouping is finished. After the initial grouping is done, we need to re-calculate k new
centroids as the new center of the clusters resulting from the previous step. Once the
locations of these new centroids are calculated and identified, the algorithm will repeat
from the first step and each of the points will be reassigned to the nearest new center. The
procedure will keep looping with the k centers changing their location step by step. The
iteration stops when the centroid stops changing any more.

Besides the initialization, the performance of the k-means is also determined by
the distance measure. Several variants of k-means algorithms are developed in order to
resolve different issues. The k-Medoids are more resistance to noise and it reduces the

51

effect of outliers. In this analysis, k-means uses the k-means++ algorithm for cluster
center initialization and the squared Euclidean metric to determine distances.

In the studies, the k-means algorithm is first applied to the NDVI time series. The
NDVI of 23 composite dates in 2001 are treated as 23 components. The algorithm tries to
partition all the pixels by trying to separate them in number of groups of equal variances,
and minimize within cluster sum of squares. The number of clusters needs to be specified
before execution. The initial cluster centroids in this study are randomly chosen within
the range of all NDVI time series. The algorithm divided sample data into k disjoint
clusters Ci, each described by the mean µi of the samples in the cluster. The means are
also called the cluster “centroids.” The K-means aims to choose centroids that minimize
the within-cluster sum of squared errors (SSE). The mathematical definition of the SSE
is shown in equation 1.

Equation 1. Sum of squared errors (SSE)

𝑆𝑆𝐸 = ∑𝑘𝑖=1 ∑𝑥∈𝐶𝑖 ||𝑥 − 𝜇𝑖 ||2
Where k is number of clusters;
Ci is the member set of cluster i;
x is the individual pixel assigned to the corresponding cluster group; and
𝜇𝑖 is the centroid of cluster i.
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Although clustering is simpler than a supervised classification, the clusters are
determined automatically without much prior knowledge. The selection of number of
clusters, iteration times and initial values of the centroids are all critical to the final
results. K-means clustering is a nonlinear optimization process, and the results could be
different depending on the initial values of the cluster centroid. The replication is usually
suggested to minimize the effects of the initial centroid values. The k-means routine has
set to replicated 30 times with a set of randomly chosen initial centroids in each time
which is 10 times larger than the default value of 3 that are suggested from manuscript of
the Matlab software. Since the centroids are selected randomly during the replicates, the
chance of having a false partition due to the initialization of centroids are effectively
minimized.

Meanwhile, once the initial centroids are selected, the gradient descent, an
optimization algorithm is used to minimize objective function which is finding the
minimum SSE. The algorithm iteratively moving in the direction of deepest descent
which is defined by the negative of the gradient. Depending on the search direction, the
algorithm could lead to a local minimum instead of global minimum which is we
preferred in the analysis. In order to make sure the partition obtained is stable and the
minimum is global, the maximum iteration number of minimum searching is set to 1000
which are way beyond the default 100 in order to make sure the algorithm converge
toward an optimal solution in all the k-means replications.
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Besides the selection of parameters of initial centroids, another major challenge in
clustering is the estimation of the optimal number of classes and the accuracy assessment
of the models using different number of clusters. Unlike the previous issues that the
effects could be minimized through iteration or replication, the select of the optimal
number of clusters are highly depended on the input datasets and the overall objectives of
the studies. The number of clusters needs to be decided before conducting the clustering
procedure. Theoretically, the number could be range from 1 to totally amount of the
pixels. Although there is no standard method to decide what the best number of clusters
are in the context of unsupervised learning process, there are commonly two approaches
to determine the optimal number of classes. First, the k-means algorithm needs to be
applied to the data and partitions the data into continuous range of pre-defined number of
clusters. In each iteration, the statistical parameters such as the sum of the squared errors
are calculated. A plot of the selected statistical parameter against number of clusters can
be created based on the iteration results. In this approach, the efforts have been made to
identify the “elbow” point from such a plot, such as SSE vs. cluster numbers. The sum of
the squared errors decreases monotonically as numbers of the clusters increase, but from
some values onwards, the decrease flattens markedly. In other words, the rates of
decrease are substantially smaller as the size of clusters grows. The ‘elbow’ point in the
plot indicates the appropriate number of clusters. The second method is to develop
statistical criterion to examine the variances of different clustering results. Many
criterions have been developed in order to assess the model and locate the optimal
number of clusters. Similar to a linear statistical model that is based on the least squares,
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the simplest index would be comparing of adjusted R-square which measures explained
variances based on the total variance in the data and the sum of the within group variance
among all clusters, adjusted by model complexity. The AIC (Akaike Information
Criterion) which measures the relative quality of statistical models for a given dataset
could be used to determine optimal number of clusters. The AIC has better performance
since the regularization component is taken into account. The AIC value could be
calculated for each model with different resulting clusters. Generally speaking, lower
value of AIC among the models of using different number of clusters indicates a better
model and the estimation from the model has a better fit to the actual data. The AIC is
defined as:

Equation 2. Akaike Information Criterion (AIC)

AIC = n + n log 2π + n log(SSE/n) + 2(k + 1)

Where,
n is number of pixels/observations;
k is the number of clusters from the clustering model; and
SSE is within-cluster sum of squared errors measured by Euclidean
distance from each point to the corresponding centroid of the cluster.

Besides the general criterions for model selection mentioned above, Krzanowski
and Lai (Krzanowski & Lai, 1988a) proposed a criterion for determining the number of
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groups in the datasets using sum of squared based clustering. The criterion provides a
useful stopping rule for the sum of squares objective function. The criterions is briefly
described below.

First, the sum of cluster-mean squared errors, Wk, is calculated. The 𝑊𝑘 is defined
as below.
Equation 3. Calculation of Wk

1

𝑊𝑘 = ∑𝑘𝑖=1 2𝑛 ∑𝑥∈𝐶𝑖 ||𝑥 − 𝜇𝑖 ||2
𝑖

where
ni is the number of pixels in cluster i.
k is the number of clusters
x is the individual pixel assigned to the corresponding cluster
𝜇𝑖 is the centroid of the clusters

The 𝑊𝑘 cannot be used directly to determine the optimal number of the cluster
due to the following reasons. First, the model with number of optimal cluster should
provide a large reduction in Wk value in theory with the assumption that the data are
from a population that is strongly grouped round optimal clusters. In practical
applications, the data are just sample from the population of interest. The Wk values will
tend to decrease with increasing number of clusters even if the data are drawn from a
uniform distribution. Second, the derivation of the Wk rests on the assumption of
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independent identically distributed variables, and such an assumption will be hard to be
achieved and is inappropriate in practice. For the above reasons, the successive
differences of Wk are calculated and used in the next step.

Equation 4. Definition of DIFF(k)

𝐷𝐼𝐹𝐹(𝑘) = (𝑘 − 1)2/𝑑 𝑊𝑘−1 − 𝑘 2/𝑑 𝑊𝑘 ,

where
k is the number of clusters
Wk is calculated from Equation (3), k clusters, k=2 … nk

Suppose that the data are strongly grouped round k clusters. The Wks are
expected to decrease dramatically as the number of clusters increases before it reaches
the value of k. The decrease should slow down when number of clusters goes beyond k.
In summary, we might conclude that:
1. When the cluster number << k, the difference should be large and positive
2. When the cluster number >> k, the difference should be small, and negative
3. When the cluster number = k, the difference at k should be large and positive
and the difference at k + 1 should be small and might be negative
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Based on the knowledge acquired from above, the final Krzanowski and Lai
criterion (KLC) is defined in equation 5.
Equation 5. Krzanowski and Lai criterion (KLC)

𝐷𝐼𝐹𝐹(𝑘)

𝐾𝐿𝐶(𝑘) = max(|𝐷𝐼𝐹𝐹(𝑘+1)|)

The goal is to maximize KLC to in order to find optimal k clusters. The KLC
criterion shows superior performance compare to AIC or similar criterions especially
when the data show heterogeneity in nature (Krzanowski & Lai, 1988b).

Silhouette statistics and GAP statistics (Tibshirani, Walther, & Hastie, 2001) are
also popular in estimating the number of clusters but they are computationally expensive
because of the distances between all the paired observations need to be calculated and
therefore are of limited application to a large dataset. In this study, AIC and KLC are
selected for determining the appropriate cluster numbers.

3.4 Disaggregation of subnational statistics with optimized regression

The K-means unsupervised classification algorithm categorized all the pixels of
the cultivated land into a number of groups. The pixels assigned to the same cluster have
similar NDVI profile and are considered to have same or similar crop types or crop
density values. After the clustering is finished, each pixel belongs to one cluster. In the
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meantime, based on physical location of the pixels, they are also associated with the
administrative names at the woreda level. In the end, to any given pixel in the cultivated
land, the information of cluster number and woreda names are known. The data are
projected into an equal area projection with each pixel having the same area. Using the
zonal statistic tools under the Spatial Analyst toolboxes in ArcGIS desktop software, the
physical area of each cluster in a woreda is calculated. Since all the pixels are in
cultivated land, the sum of cluster area in a woreda should be equal to the physical area of
cropland in a woreda. Meanwhile, the total harvested area of teff at woreda level are
reported from the sub-national statistics. The harvested area need to be converted to the
physical area first. In definition, the physical crop area of teff is equal to the harvested
area of teff divided by the cropping intensity. Since teff is a single cropping plant and can
neither growth multiple seasons in a year nor intercropping with other crops such as
maize and soybean, the teff cropping intensity is set to 1 in all woredas. The physical area
of teff in the woreda are calculated from the harvest area. By definition, the physical area
of teff in a woreda is equal to the sum of the physical area of all the clusters times the
area percentage of teff in each cluster. The percentage values are determined through
regression analysis. If we treat area of clusters in the woreda as explanatory variables and
the teff physical area in a woreda as dependent variable, area share of the clusters could
be estimated with an additive multiple linear function. The model could be described as:
Equation 6. Definition of model

𝑘

𝑦𝑗 = ∑

(𝛽𝑖 𝑥𝑖𝑗 ) + ϵ

𝑖=1
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where
yj is the physical teff area in woreda j
xij is area of cluster i in this woreda.
βi is the regression coefficients of cluster i
k is the total numbers of clusters developed from unsupervised classification
ε is the error term in the regression

To each woreda, the yj and xi are known and the only unknowns are the βi. βi is
associated with cluster only and is independent from specific woreda. In other words, the
teff area share in a pixel is defined by the cluster. The additive multiple linear equation
(6) defines a statistical relationship between cluster area and total teff area at woreda
level. The multiple linear regression model has no constant since the sum of the product
of teff density/fraction and the cluster area in a woreda should be equal to the total teff
area of the woreda collected from the sub-national statistics.

By definition, the βi’s need to be constrained from 0 (no teff area) to 1 (100% teff
area) since share of teff area can only range from 0% to 100% by nature. In multiple
linear regression model described in equation (6), it is no direct control over the range of
β values. The non-linear constrained minimization optimization (CMO) is introduced in
order to limit the coefficients in a range between 0 and 1 during the estimation. The CMO
used here, with the Matlab built-in function fmincon, takes the form of
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Equation 7. The non-linear constrained minimization optimization

min 𝑓(𝜷) 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝐴 ∙ 𝜷 ≤ 𝑏,
𝜷

First, the function f(𝜷) is defined as the sum of square errors,
Equation 8. The objective function in the optimization

𝑓(𝜷) =

∑𝑚
𝑗=1 [𝑦𝑗

2

𝑛

−∑

(𝛽𝑖 𝑥𝑖𝑗 ) ]

.

𝑖=1

Where
j is the woreda index
yj is the teff physical area from the subnational statistics in jth
woreda;
i is the cluster index;
βi is the coefficient to the cluster i, or the percentage of teff area in
each pixel in cluster i;
xij is the physical area of the ith cluster in woreda j

Equation (8) calculates the sum of the square errors with the βi estimation for all
the clusters in all woredas. The objective function defined in equation (7) for the
constrained nonlinear model is defined to minimize the overall sum of squared errors
between the estimated teff physical areas and reported areas. During the optimization,
one constraint condition is all 𝛽𝑖 being in the [0,1] range. As we can see, the essence of
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this constrained optimization approach is to use all the credible information to make the
best assessment of what the teff density of the pixels is. The criterion for choosing the
best estimation is to minimize the sum of the squared errors.

3.5 Model verification

There are two models are included in the analysis. The first one is the clustering
analysis and the second one is the constrained minimization optimization regression
model. Both of them need to be validated in order to assess the model performance.

To the unsupervised classification, the visualization of the “elbow” point is first
used to assess the model performance with different number of clustering groups. The
plot of SSE and AIC with number of clusters are produced for this purpose. In addition,
the KLC which is designed specifically to evaluate the performances of clustering models
are implemented to the decision. The maximum value of KLC indicates the optimal
values for the clusters.

Once the optimal number of clusters is decided, all pixels are assigned to the
corresponding clusters, and the total pixel number in each cluster, or the physical area
covered by each cluster is determined. This information together with the subnational
statistics will be incorporated into the multiple linear regression and CMO regression in
order to estimate coefficients or teff area share (percentage) of the clusters. Ideally, to
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assess how well the constrained non-linear optimization model performs, the randomly
selected ground truthing data are needed. Due to the absense of the ground truth data for
the studies, the evaluation of the model performance is performed using training data and
testing data strategy. Before developing the regression model, 2/3 of the teff physical
areas at the woreda level are randomly selected and they are used as training samples for
the development of the model. The remaining 1/3 woreda level teff physical area data are
served as testing datasets and are excluded from the model development. Once the model
is developed, the densities of teff are estimated at pixel level. The pixel level results of
the predicted teff area are aggregated to woreda level in order to estimate the teff physical
area of the woreda in the testing datasets. To the testing datasets, the estimated physical
teff areas are compared with the actual teff physical areas from the subnational statistics.
The coefficients of determination based on correlation coefficient, r between the two teff
areas are calculated, that is, R2 or r2. R2, together with the statistical significance (Pvalue) are used to evaluate and measure the goodness of fit of the models. A higher value
of R2 indicates better regression performance to the data.
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4. RESULTS AND DISCUSSIONS

The 16-day composite NDVI data of 23 time periods are used in the K-means
classification analysis. The pixels outside of Ethiopia are excluded in the analysis and the
cropland mask in 2001 are applied to clip out the area without cultivation in Ethiopia.
There are 4,339,079 pixels included in the analysis.

Since the resulting clusters will be used to estimate the teff density and the density
has values ranges from 0 to 1 or 100% where 0 means no teff is growing in the pixel and
100% means the pixels are covered only by teff, it is reasonable to limit the candidate of
cluster numbers to 100 clusters so the target differences among clusters are 1% on
average. The K-means algorithm is applied to all the pixels of the cultivated land area
using the 23 components which are defined as the NDVI values of the 23 composite-day
series. The same clustering algorithm iterates 99 times with pre-defined number of
clusters from 2 to 100. After the iteration is complete, 99 clustering models are developed
and the statistical results of each of them are all stored.

In each of the clustering processes, the results include not only the identification
of clusters that the pixels belong to, the locations of the centroids of the clusters and the
distance from the pixels to their corresponding centroids but also the SSE, AIC, and KLC
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of the clustering models in order to perform the evaluation. The clustering models are
compared and evaluated using these criterions and the model with the best criterion
values will be selected and used in the regression analysis in the next step.

The SSE of the ninety-nine clustering models are calculated and the SSEs are
plotted against the number of clusters in order to visualize the shapes of the profile. It is
suggested that the number of the clusters at the “elbow” point of the plot are the most
optimal clustering results and the model with corresponding number of clusters should be
used to partition the data. The plot is demonstrated in Figure 10.

From the graph we can see that the values of SSEs decreased as the number of
clustering are getting bigger. When the cluster numbers are small, the decrease of the
SSEs are rapid, for example, the SSE drops from 9.1*1010 to 7.7*1010 which is about 15%
drop when cluster number increases to 3 from 2. It is clear to see that the compensations
are getting smaller as the number of clusters grows larger. The variance decreases sharply
when the total number of clusters is relatively small. The trend lines of the plot become
almost a flat line when the total number of numbers over 70. Although the plot does not
help to locate a single value as the “elbow”, the trend is clear. The SSEs drop quickly at
the beginning and the slop of the plot intend to be more flat as the number of the clusters
grow. It is more likely to identify a range for the optimal number of the cluster.
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Figure 10. The variation of SSE with number of clusters.

In addition to SSE, the AIC criterion which is also a way of selecting one model
from a set of models is also used. The AIC seeks a model that has a good fit for the truth
of the data population but has fewer required parameters. Among all ninety-nine
candidate models which are defined as models with different number of clusters, the
model has the least AIC values are treated the best one. The AIC values are plotted
against the number of clusters in Figure 11. The plot shows very a similar pattern as seen
in the plot of the SSE. As the numbers of the clusters increase, the AIC values drop
which indicate that the model with larger number of clusters has a better overall
performance. From the definition of AIC in equation (2), the AIC is designed to find the
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balance between model fitness and complexity (usually defined as regularization
component). The complexity here is defined as number of clusters in the model. The
models with fewer clusters are much less complicated compared to the model with a
larger number of clusters.

Figure 11. The changes of AIC with number of clusters.

From the plot in Figure 11, there is no clear drop (ditching point) of AIC values
that are observed among clustering models except a few minor indentations which are not
significant enough to make the decision for model selection. It is hard to identify the
optimal number of cluster and its corresponding model by interpretation of the plot alone.
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The AIC is not very suitable to make the judgement to clustering models in this case
since the size of the observation is large, e.g. number of the pixels is far larger than the
number of coefficients which is defined as the number of clusters. The regularization
component cannot work efficiently to large size data. In the meantime, although the AIC
still cannot locate a single value for the optimal clustering value and its model, similar to
the plot of SSE, it is useful to identify a range where the optimal number could be
potentially located at.

In addition, the KLC criterion of each model is also calculated in order to provide
additional evidence to the model selection. The KLC criterion is designed specifically to
the clustering model and is suitable to help the selection of optimal model from large
datasets. Figure 12 shows the variation of KLC values (y axis) against the corresponding
number of clusters (x axis). By the definition of KLC, the model with the largest KLC
value is associated with best clustering model. The number of the clusters from the model
is supposed to be the optimal number of clusters.

From the plot we can see that the KLC values remain low when the number of
clusters are small. The KLC values are quite stable and are not affected much by
increasing clusters at the beginning. Most of the values are two or three with a few 4s and
one 8 before the cluster number reaching 62. From the literature of the KLC (Krzanowski
& Lai, 1988a) , value 2 or 3 are mostly common in evaluating the clustering model and it
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means that the optimal clustering number are not reached yet and suggests a larger value
of the clusters corresponding to the datasets used in the clustering process.

The maximum of KLC is identified at the cluster value of 62. The KLC value is
42.3 which is over 10 times larger than the average value of KCL between 2 to 62 which
indicates that the number of clusters of 62 is the best value to these NDVI data in
Ethiopia. The next two large KLC appears at cluster numbers of 69 and 97 with values of
22.3 and 27.6, respectively. Although the values are also big and could be used as an
alternative optimal number for the clustering model, the cluster number of 62 is selected
as the optimal cluster number to the NDVI time series data based on two considerations.
One is that the KLC value at cluster of 62 has the largest value and it is almost two times
bigger than the second and third largest of KLC in the plot. The second is that number of
cluster has the smallest value among the three candidates. The smaller number of clusters
means that the corresponding model is relatively less complicated since there are less
coefficients to be estimated. Based on these two facts, the optimal number of the clusters
of 62 is selected and the corresponding model is used to partition the NDVI time series
into homogeneous groups. In addition, the 62 clusters are also in the range of the
candidate clusters suggested by the AIC and SSE, respectively.
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Figure 12. The changes of KLC with number of clusters.

In the end, the results of clustering model with 62 clusters are used in the next
step. The results of the clustering model are first tested in the multiple linear regression
model and then implemented in CMO optimization regression model in order to estimate
the teff area share at pixel level.

The pixel level clustering results are displayed in Figure 13. The map shows the
spatial distribution of the 62 clusters in the cropland area in Ethiopia. In the map, each
color represents one cluster. The spatial distributions of the clusters show a strong spatial
heterogeneity. In the meantime, the clustering process successfully captures the
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difference among the farming system zones as majority of certain clusters are tended to
be continuous distributed across space and are dominant in certain regions.

Figure 13. Spatial distribution of the 62 clusters in the cropland area in Ethiopia.
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In next step, the cluster results are overlaid with administrative boundary at
woreda level. There are totally 537 woredas producing teff in 2001 based on the
subnational statistics. The area of individual cluster in the woreda are calculated in
ArcGIS using. In the 537 woreda, the total physical area of teff are also collected from
the survey. Since in any of the woreda, the sum of the cluster area times teff density are
equal to the total teff physical area in the woreda and it is true to all woredas. Based on
equation (6), 537 additive regression are formed, and the goal is the find the best solution
that satisfies all the equations.

Before the development of the optimization model, the data are split into 2 parts.
2/3 of the data are randomly selected as training data. The data are used to develop the
statistical model. At the same time, the remaining 1/3 will be left aside during the model
development and it will be used as the validation dataset to test the performance of the
model. There are 358 woredas in the training datasets and 179 woredas in the testing
datasets.

The data are prepared and organized following the requirement of the regression
analysis in the next step. The teff physical area of the woredas are served as the
dependent variables. The area of the sixty-two clusters are used as independent variables.
There are totally 358 woredas. To each of them, the physical area should be equal to the
product of cluster area and coefficients in a woreda. First, they are statistically correlated
through an additive linear regression using equation (6). The R squared values, and the p-
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values of the linear model are calculated at the same time. The estimated coefficients are
displayed in table 1. The R squared value is 0.725 for the training datasets and the pvalue of 0.000 is less than the default significance level of the 0.05. It proves that there is
a significant linear regression relationship between the response variables of subnational
statistics and the predictor variables in x which are defined as cluster area in each of the
woredas.
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Table 1. Coefficients estimated from additive linear regression

NDVI
clusters
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Coefficients
0.3598
0.4318
-0.0489
0.0329
0.3799
0.0057
0.3612
-0.2311
0.4808
-0.0081
-0.0131
-0.1191
0.172
-0.1733
0.0778
0.0081
-0.1691
0.1403
-0.0479
0.3663
-0.1043
0.4319
0.3983
-0.0766
0.1177
0.0748
0.7411
-0.1588
0.0372
-0.0313
0.1231
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NDVI
clusters Coefficients
32
0.0726
33
0.0009
34
0.0643
35
-0.1249
36
-0.0152
37
0.5668
38
-0.0343
39
0.1532
40
0.0543
41
0.0993
42
0.167
43
0.0061
44
0.3277
45
0.3996
46
-0.0192
47
-0.0303
48
0
49
-0.0275
50
0.0772
51
0.1724
52
0.1292
53
-0.2305
54
0.1051
55
-0.0088
56
-0.027
57
-0.0271
58
-0.1074
59
-0.1123
60
0.3186
61
-0.1209
62
-0.072

With the coefficients above, the predicted teff areas in the 358 woredas are
calculated. For comparisons, the scatter plot of the predicted teff area and observed teff
area using the training datasets are displayed in Figure 14.

Figure 14. The plot of the observed teff area and predicted teff area in the training datasets.

The graph allows a visual interpretation of the two datasets. From the plot, it is
clear that there is a close to linear relationship between the observed y and the predicted
y. The linear or close to linear pattern is more apparent when the y values are greater
which means when the woredas have higher teff area, the estimates from the model are
more consistent and reliable.
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In order to evaluate the goodness of the fit of the model, the testing datasets of the
randomly selected 179 woredas are used to test the performance of the model. The
independent variables which are the cluster area in the 179 woredas are applied to the
model developed using the training datasets. The physical area of the 179 woredas from
the testing datasets are calculated by the model. The R squared value of the response y
which is defined as the teff physical area from the subnational statistics in the testing
datasets and predicted y from the model’s estimation is calculated. The R-squared value
is 0.618 which is slightly lower than the R squared values from the training datasets. It
proves that the linear relationship remains significantly between the response variable of
subnational statistics and the predictor variables of y which is calculated from the cluster
area in each of the woredas from the testing datasets. Although the goodness of the fit is
not as good as the training datasets, the correlation remains high. The clusters that
generated from the unsupervised learning process has helped to build and develop a
statistical relationship to predict the teff physical area using NDVI time series.

Similarly, the scatter plot of the predicted teff area and observed teff area using
the testing datasets is displayed below in Figure 15.
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Figure 15. Plot of the observed teff area vs predicted teff area in testing dataset.

Since the training datasets and the testing datasets are randomly selected, in
addition to test the model performance, it is necessary to see and learn if the model is
sensitive to partition of the training datasets and testing datasets and also to evaluate how
stable the model is when the training datasets and testing datasets are split differently.
The training datasets and testing datasets are randomly selected 100 times. In selection,
the corresponding model is developed in the same way using the new training dataset and
the model performance is tested using the new testing dataset. The R squared values
between the predicted teff physical area and observed teff physical area using the testing
datasets are calculated in each iteration. The distribution of the R squared values is
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displayed in Figure 16. The mean of the R squared values of the 100 iterations is 0.61
which is very close to the estimation in the previous test. The distribution of the R
squared values is negatively skewed but the major contribution is from the middle range
0.55-0.70, which contributes more than 65% of the cases.

Figure 16. The distribution of R squared values in the iterations.

In the linear regression, the estimated coefficients are not constrained during the
process. Based on the equation (2), the coefficients represent the area share of teff in each
of the clusters in a woreda. Ideally, the values need not only less than 1 but also greater or
equal 0. In Table 1, we can see that all the coefficients are less than 1 but some of the
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coefficients have negative values which are not useful since the teff area density cannot
be negative in practice. The values of the coefficients from multiple linear regression are
ranged from -0.23 to 0.57. Although some of coefficients are estimated as negative
values, most of the values are close to zero. The majority of the negative coefficients are
less than 0.05 and it means that their contributions to the model estimation are relatively
small.

In order to resolve the problem of the negative coefficients, the CMO
optimization regression algorithm is used so the constraints of the condition can be
applied in the development of the model.

In the next step, the optimization regressions described in Equations (7) and (8)
are used to first constrain the estimated coefficients to a value ranged from 0 to 1 when
developing the model. In addition, the sum of the total teff physical area in a woreda
cannot exceed the physical area of the crop land in the woreda. With these two
constrained conditions, the goal is to minimize the errors between the estimated teff area
and the observed teff area. Similar to the approach adopted in the development of the
linear relationship, the same training datasets are used to develop the CMO model. The
testing dataset that is prepared in the previous step is used to evaluate the performance of
the model. The coefficients that estimated from the CMO optimization are listed in Table
2.
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Table 2. The coefficients estimated from CMO optimization model

NDVI
clusters
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Coefficients
0.216970859
0.25129438
0.000259288
0.003542801
0.193512484
0.004659234
0.300139053
0.003113546
0.120007024
0.000369373
0.001827528
0.004460127
0.172512721
0.00099618
0.000995035
1.53E-05
0.001731794
0.140314256
0.017788854
0.414149872
0.005017818
0.377730092
0.285882952
2.00E-06
0.00490291
0.003045102
0.006306702
0.002527916
0.013313723
0.021605389
0.002094694

NDVI
clusters
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32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62

Coefficients
0.001671302
0.009347464
0.011712364
0.002934799
0.001709398
0.344253004
0.001562815
0.217544016
0.029784275
8.97E-06
0.004167815
0.047965038
0.325721189
0.521365075
0.000940249
0.015093412
0.00337324
0.061474003
0.003087029
0.146303885
0.032511593
0.10160929
0.097918258
0.000338227
9.49E-05
0.087816991
0.002556247
0.000388361
0.004001891
0.002046511
0.002482544

In the constrained optimization regression model, the coefficients are limited in
the range from 0 to 1 which is more desirable to this application since the area share
ratios have to be less than 1. At the same time, no negative values are observed in the
estimation and the results are more suitable to be used as of the teff area shares.

The R squared value between the observed y and the predicted y in the training
datasets using the constrained optimization regression model is calculated first. The Rsquared value of 0.7585 is slightly higher than that of the linear regression model. The
constrained optimization algorithm has a better performance and it fits better to the data.
Figure 17 shows the plot between the observed y and the predicted y using the training
dataset.
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Figure 17. Plot of the observed teff area vs predicted teff area in optimization model using the training data.

After the model is developed using the training datasets, the performance of the
model is validated using the testing datasets. The pixel level teff area are estimated using
the model. The total teff area of the woreda in the testing datasets are calculated by
aggregating pixel area into woreda level. The observed teff area and the predicted area in
the testing datasets are used to calculate the R squared value. The R squared value is 0.66
which is slightly higher than the value in the regression approach.

The scatter plot between the predicted teff area and the observed teff area in the
CMO optimization regression model are displayed in figure 18.
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Figure 18. Plot of the observed teff area vs predicted teff area in optimization model using the testing data.

The results show that more than half (66%) of the variations of the teff area are
explained by the optimization model. The scatter plot of teff area between model results
and subnational statistics at woreda level show a relatively strong correlation. The R
squared value between the prediction and observation are relatively high. Meanwhile,
there are about 33% of the variances that cannot be explained by the model. They are
potentially caused by the complex farming system of rural smallholder in Ethiopia. With
majority of smallholders under subsistence farming practice, human behaviors and
activities that are hardly captured in the allocation model have extensive influences on
crop selection and spatial distribution of the teff. Another explanation is spatial resolution
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of the input data. The MODIS vegetation index has a spatial resolution of 250 meters. In
Ethiopia, the cultivated land is very fragmented with an average of the plot size less than
2 hectares. The teff pixels are most likely to be mixed with other land cover types such as
forest and pasture land even with other crops or fallow land which will introduce more
noise in the analysis.

The coefficients estimated from the optimization process using CMO algorithm
have value ranged from 0 to1. The cluster with the highest teff density is cluster 45. The
teff area share is over 50%. The pixels in cluster 20 have the second highest teff area
share. The density of teff physical area is 41.4%. The pixels in cluster 41 and cluster 24
have the lowest teff area share. The values are less than 0.1% which mean most of the
plot is not covered by teff during the growing seasons.

The teff area share estimated from the coefficients of the CMO model is displayed
in Figure 19. The distribution of teff area shows strong spatial heterogeneity as pixels
with higher share of teff area are concentrated in the central highland area, which is
considered as the breadbasket area of teff production in the nation. The teff density is also
high in Southern of the Addis Ababa, the capital of Ethiopia. These areas are traditional
cropping regions and produces considerable amount to teff to the residents of the capital.
If we look at the administrative boundary, the Amhara and Oromia region has the high
teff density and the two regions account for significant amount of the teff production.
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Besides the high teff density in the breadbasket area in the country, the map also
shows that the teff is broadly planted in the nation. The coverage includes almost all the
cultivated regions in the country. It also matches the knowledge from the studies in the
past. Teff is a popular staple crop and over 12 million of the smallholder farmers are
growing it in their plots.

Lastly, the farm plots are fragmented, and mechanization is almost absent.
Although there are some woredas having teff planted extensively, the densities of the teff
area in most of the woredas are relatively low compared to density in the highland region.
The eastern regions show almost no teff production due to the unfavorable and
constrained natural conditions. In the northern area, most of the pixels have very low teff
density except the area around the lakes.
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Figure 19. The estimated teff density map over Ethiopia.

The spatial variation within the woreda is also captured by the models. It is clear
to see that even in the woredas with dominant teff production, the spatial distribution of
teff density are not homogeneous with teff density ranged from no teff to over 50%. The
relative low crop density means that the majority of the pixels are mixed with other land
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cover types or cropping system. It also proves the conclusion from many other
researchers that the farmland parcels are small (< 2 ha on average) and fragmented in
Ethiopia (FAO, 2001). Since the pixel with the highest teff density is below 60%, it
means most of the pixels are a mixture of farming systems. The pure pixels with 100%
teff production is rare to see. It also explains the reasons why it is extremely challenging
to develop crop type maps by simply adopt the algorithms that are implemented
successfully in developed countries. It is not appropriate to ignore the sub-pixel issues
and only assigns one land cover type to a pixel at 250-meters resolution as having been
done in many of the studies in supervised classification practice. The distribution of the
teff land is very sparse.

In addition to the fragmentation, the variations of the teff area density are also
apparent. It reflects the huge changes of the landscape within a small area. For example,
in most of the woredas in the north area, the pixels are dominated by the low teff density.
But in between the pixels with low density teff area, there are some pixels with high teff
density. In the map, many green pixels representing high teff density are observed in
northern Ethiopia.

The shapes or patterns of the NDVI time series of the clusters are used to partition
the pixels into homogeneous groups. It would be necessary to examine the NDVI profiles
of the clusters especially after the densities of the teff area are identified to the clusters.
Although it is hard to plot all the NDVI profiles due to the limitation of the space, some
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of the typical patterns are selected and displayed in the next session. The centroids of the
selected clusters are plotted in the following pages. A wide range of clusters from very
low teff density to very high density is selected, and the shapes are interpreted
individually.

Figure 20. The NDVI profiles of the centroids of a typical double cropping cluster (cluster 10).

One of the advantages of time series analysis is that it is powerful to differentiate
mono-cropping systems from double, or intercropping systems since it allows the
observation of the ground multiple time during the growing seasons. Among all the plots
of the clusters’ centroids, a few of them are recognized as double cropping systems.
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Figure 20 shows a typical double cropping profile (cluster 10). The time series of the
NDVI profile shows two peak time during the year. One is around the Julian date of 145
which is the minor growing season in Ethiopia. The other peak exists around the Julian
date of 289 which is the major growing season of the nation. Since teff is a typical monocrop in the country and it can neither grows two times a year nor intercropping with any
other crops. A double cropping profile should be identified with no teff area or very low
teff area in the cluster. The teff density of the cluster 10 is less than 0.04% of the pixel
area. In addition, among all the clusters, there are only three clusters that are identified as
double cropping profiles (cluster 10, 25, and 27) which also matches the knowledge from
previous studies that most of the land in Ethiopia is under mono-cropping systems and
the major growing seasons contribute to about 90% of the total production.

The cluster 3 and cluster 59 have relatively low NDVI values throughout the year.
The changes of the NDVI values during the growing season are also very small. There is
roughly 0.2 difference between the peak value and minimum values in each plot. The
maximum NDVI value in cluster 3 is lower than 0.4 and the values are lower than 0.5 in
cluster 59. Figure 21 and Figure 22 show the patterns of cluster 3 and cluster 59,
respectively. The low NDVI values indicate very low vegetation coverage throughout the
year. Since these pixels are located at the cultivated land area, they are most likely to be
recognized as the fallow land in the country. The NDVI values get slightly higher during
the major growing seasons, it could reflect the growth of grass or weeds in the field since
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it is also the major raining season in the nation. The biophysical conditions are favorable
for vegetation growth during the raining season.

Figure 21. The NDVI profile of the centroids of cluster 3.

The density of the teff area in cluster 3 is 0.00025 which is less than 1% and the
density of cluster 59 is 0.000388 which is also very close to 0 percent. The modeled
results match the visual interpretation of these NDVI profiles. The model has
successfully differentiated cultivated area of teff and the fallow land with little vegetation
coverage during the year.
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Figure 22. The NDVI profile of the centroids of cluster 59.

Besides the clusters that represent fallow land, some of the clusters show very
high NDVI values throughout the year. The cluster 8 and cluster 32 falls into this
category and they are displayed in Figure 23 and Figure 24. The average of the NDVI
values are over 0.65 in the entire year. The values are higher during the time spanned
from the minor growing season to the major growing season. There is no ditch observed
between the two-growing season. The figure shows strong résistance to the drop of the
NDVI especially during the two growing seasons. It means the vegetation in the clusters
are less sensitive to rainfall seasonality and the NDVI only drop a little bit during the dry
season of the year which is the beginning of the year. Most likely, the clusters are
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dominated by tree type of crops or plantation in the regions. The greenness of the plant is
less variated during the time.

Figure 23. The NDVI profile of the centroids of cluster 8.

Both clusters have distinct profiles of the NDVI time series compared to NDVI
time series in the teff dominated clusters. Cluster 8 has teff density around 0.3%, cluster
32 has a teff density of 0.1%, and both have very low teff density from the model. It
shows a great match with the knowledge of vegetation profiles from previous studies.
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Figure 24. The NDVI profile of the centroids of cluster32.

Figure 25 and Figure 26 below shows another type of profiles with low teff
density. The NDVI time series have two peaks but unlike the previous examples, the first
peak has a higher value compared to the second peak. Since teff cannot be double
cropped or intercropped. The shapes of the profiles would indicate low teff density in
these pixels. The shapes of the NDVI profiles indicate that the crop other than teff are
planted in these pixels and they grow mainly in the minor season. It is probably that no
crops are planted in the major season since the NDVI values in the second season are
around 0.4-0.5 at the peak time.
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Figure 25. The NDVI profile of the centroids of cluster25.

From the results of the CMO regression, the densities of the teff physical area are
very low in these clusters. Cluster 25 has a teff density of 0.5% and cluster 47, 1.5%.
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Figure 26. The NDVI profile of the centroids of cluster 47.

Figure 27 and Figure 28 below show the different patterns of NDVI time series
profiles. Figure 26 is for cluster 50 and Figure 27 is for cluster 56. The shapes of the
profiles have similarity compared to the profiles of teff. The plots show one peak in the
entire year and the changes of NDVI values over time represent a typical crop growth
profile. The maximum NDVI values are very high in both plots. The plot 50 has the peak
value over 0.8 and the plot 56 has the peak value over 0.75. Both of the values are higher
than the typical peak values of the teff pixels. More importantly, the profiles of the NDVI
time series in both plots have a clear plateau shape during the peak time. The NDVI
values are saturated after it reaches 0.7-0.8 and the profiles do not reflect the growth of
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the teff on the ground. Based on the previous studies, this situation of saturation of NDVI
values mostly occurs to the maize pixels and soybean pixels. In addition, the curves also
indicate that the crops have a longer growth period which matches the length of the
growth period of maize and soybean in Ethiopia.

Figure 27. The NDVI profile of the centroids of cluster 50.

Both cluster 50 and cluster 56 also have a very low density of the teff physical
area regardless of the profiles of both are similar to the profiles of teff. The density of
cluster 50 is around 0.3% and the density of cluster 56 is close to 0% from the estimation
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of the model. It proves that the model is capable of not only distinguishing teff with
fallow land but also crops with very similar patterns such as maize and soybeans.

Figure 28. The NDVI profile of the centroids of cluster 56.

Lastly, the NDVI profiles with dominant teff physical area are examined in order
to see the shape of the teff profile. Time series of NDVI from the centroids of the cluster
45 is plotted in Figure 29. The cluster has the highest density of teff physical area based
on the model results. Compared to profiles mentioned above, the teff profile has only one
peak period and the peak period does not last very long compared to the profile of maize.
The slope before the peak time is relatively less steep compared to the slope of post-peak
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period. At the same time, even though cluster 45 has the highest teff density, the
maximum value of the NDVI is still less than 0.7. The plateau shape during the peak
period is not observed in the profile. Despite of the shape of the profile, the peak time of
the teff is around Julian date of 257 or later. Since in Ethiopia, the planting seasons of teff
is typically later than other crops such as maize and soybeans. Compared to the profiles
of cluster 50 and 56 which the NDVI reaches their peak value around Julian date of 225
or before, the late of teff growing season are correctly captured by the model.

Figure 29. The NDVI profile of the centroids of cluster 45.
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Figure 30. The NDVI profile of the centroids of cluster 44.

Additionally, figure 30 and figure 31 also display the NDVI profiles of the
clusters which also have high density of teff physical area. Figure 30 has the plot of
cluster 44 and Figure 31 has the plot of cluster 2. They have teff density of 32.5% and
25.1%, respectively. As we can see from the two figures, the shapes of the profiles are
very similar to shapes of NDVI profile in the teff cluster 45 in Figure 29. Both of them
have single peak but the NDVI values at the peak time are slightly smaller compared to
the maximum NDVI values in cluster 45. Since teff can only grow in one season during
the year and the parcels with the teff production cannot be used for other crops. The
smaller NDVI values can be treated as low density of the teff physical area in the pixels.
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Figure 31. The NDVI profile of the centroids of cluster 2.
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5. CONCLUSIONS

The non-linear constrained minimization optimization model integrated with
unsupervised clustering algorithm is proposed in this study to estimate the density of teff
physical area at pixel level. The approach utilizes information from various sources
including time series of NDVI data, cropland mask, and sub-national statistics in order to
generate the teff density map on a pixel basis. The teff density map is produced at 250
meters by 250 meters spatial resolution in Ethiopia.

The time series of the NDVI pixel data are first partitioned using the k-mean
clustering algorithm in order to group the pixels based on the shape of the time series
profiles. The pixel level outputs of the clustering results are evaluated using SSE, AIC,
and KCL criterion. The criterions can help to evaluate the performances of each of the
clustering models. The KCL criterion shows that the optimal number of the clusters is 62
clusters and all the pixels are classified into 62 clusters based on their NDVI profiles.

The pixel level results are linked with subnational agriculture statistics and a nonlinear constrained minimization optimization model is developed to estimate the teff
density at disaggregated level. The performance of the model is evaluated using the
randomly selected testing datasets. The correlation between the predicted teff area and
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observed teff area is measured by R-squared values. The R-squared value is 0.76 using
the training datasets and a slightly lower R-squared value of 0.66 is observed when using
the testing datasets. The R-squared values indicate that the model can be used to estimate
and explain the spatial distribution of the teff area.

In addition, the random selections of the training datasets and testing datasets are
iterated 100 times in order to test the sensitivity of the model to training and testing
datasets. The same procedure is implemented 100 times independently. In each time, the
model is evaluated by R-squared values between the predicted physical teff area and
observed physical teff area. The histogram of the distribution of these values shows that
the R-squared values are stabilized at 0.6- 0.7 on average.

The shapes of the NDVI centroids in the clusters are discussed. Variously NDVI
time series curves are selected and interpreted individually. We found that there is a great
match between the teff density and identified shapes of the NDVI profiles.

It has been very challenging to develop land cover or crop type mapping products
in Africa at large scale especially using data of moderate resolution. The constraints lie in
two aspects. One is the limited resources to collect ground truth data for supervised
classification due to the high cost of labors and transportation. The second is the
fragmented farming system in Ethiopia. With an average farmland size less than 2 ha, it
is inappropriate to classify 250m by 250m pixels by assigning a single land cover or crop
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type. This paper presents a novel method to integrate pixel-based time series remote
sensing data with subnational statistic data to develop subpixel land classification in a
cost effective manner. The model successfully captures the spatial heterogeneity of teff
distribution at pixel level with high teff density are located at the highland area in
Ethiopia, which is consistent with findings from other researchers. The share of teff area
within a woreda remains large difference which indicates that agriculture statistics that
reported at woreda level are not accurate enough to capture the spatial variation of teff
density in the field.

The results proved and confirmed that the crop land in Ethiopia is highly
fragmented. The highest proportion of teff area in a pixel is around 51%. The method
demonstrates high potentials in application of developing crop type maps using multiple
scale datasets.

This study introduced a promising approach to map teff density in Ethiopia. More
studies are needed in order to improve model performance. First, the performance of the
model is currently validated using randomly selected training data and testing data
approach at woreda level due to the lack of availability of ground truth data at pixel level
in the nation. Although both the R squared values and the profile analysis provide
evidence that the model can be used successfully to map the distribution of teff density at
large scale, it is also important to validate results at pixel level in the next steps when
ground truth data are collected or available. Furthermore, the studies are focused on the
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disaggregating existing subnational agricultural statistics into pixel level units. Since the
clusters are developed based on the shapes of the NDVI profiles and the same clustering
model can be applied to NDVI profiles annually in order to investigate the shift of the
clusters in space over time. The application will provide meaningful insights on how crop
types changes spatially and potential drivers of these changes. In addition, from the data
point of view, using more existing biophysical variables may improve the estimation. 1.
Additional ancillary geospatial data such as precipitation, temperature, elevation, and
slope may capture more variations and improve the clustering results. 2. The time interval
of 16 are relatively coarse and may lead to omitting observations of some key crop
growth period. It is helpful to use data with short composite time such as 8-day
composite. 3. Finer spatial resolution. Remotely sensed data with the finer spatial
resolution are made available in the recent year such as Sentinel data from European
Space Agency (ESA). Lastly, from the model side, the potential improvements could be:
1. adding more crops to the model. Currently, the model is developed and tested with teff
only. Since the optimization can handle multiple crops, the framework can be potentially
implemented to map density of multiple crops. 2. A two or multiple tier hierarchy model
structure instead of currently one tier model structure may improve the accuracy of the
estimation. The current algorithm maps teff area using the pixels that are within the
content of the cropland from the predefined land cover product. In the future, the model
should be designed to estimate the distribution of land cover types first such as cropland,
forest, grassland, urban, and waterbodies. Once the land cover types are identified by the
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model, the model will go further to estimate the area of the specific crops or crop groups
with the spatial extent of the cropland area.
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