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Abstract: The overarching goal of this research was to develop and demonstrate an
automated Cropland Classification Algorithm (ACCA) that will rapidly, routinely, and
accurately classify agricultural cropland extent, areas, and characteristics (e.g., irrigated vs.
rainfed) over large areas such as a country or a region through combination of multi-sensor
remote sensing and secondary data. In this research, a rule-based ACCA was conceptualized,
developed, and demonstrated for the country of Tajikistan using mega file data cubes
(MFDCs) involving data from Landsat Global Land Survey (GLS), Landsat Enhanced
Thematic Mapper Plus (ETM+) 30 m, Moderate Resolution Imaging Spectroradiometer
(MODIS) 250 m time-series, a suite of secondary data (e.g., elevation, slope, precipitation,
temperature), and in situ data. First, the process involved producing an accurate reference (or
truth) cropland layer (TCL), consisting of cropland extent, areas, and irrigated vs. rainfed
cropland areas, for the entire country of Tajikistan based on MFDC of year 2005
(MFDC2005). The methods involved in producing TCL included using ISOCLASS
clustering, Tasseled Cap bi-spectral plots, spectro-temporal characteristics from MODIS 250
m monthly normalized difference vegetation index (NDVI) maximum value composites
(MVC) time-series, and textural characteristics of higher resolution imagery. The TCL
statistics accurately matched with the national statistics of Tajikistan for irrigated and rainfed
croplands, where about 70% of croplands were irrigated and the rest rainfed. Second, a
rule-based ACCA was developed to replicate the TCL accurately (80% producer’s and
user’s accuracies or within 20% quantity disagreement involving about 10 million Landsat
30 m sized cropland pixels of Tajikistan). Development of ACCA was an iterative process
involving series of rules that are coded, refined, tweaked, and re-coded till ACCA derived
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croplands (ACLs) match accurately with TCLs. Third, the ACCA derived cropland layers
of Tajikistan were produced for year 2005 (ACL2005), same year as the year used for
developing ACCA, using MFDC2005. Fourth, TCL for year 2010 (TCL2010), an
independent year, was produced using MFDC2010 using the same methods and approaches
as the one used to produce TCL2005. Fifth, the ACCA was applied on MFDC2010 to derive
ACL2010. The ACLs were then compared with TCLs (ACL2005 vs. TCL2005 and
ACL2010 vs. TCL2010). The resulting accuracies and errors from error matrices involving
about 152 million Landsat (30 m) pixels of the country of Tajikistan (of which about 10
million Landsat size, 30 m, cropland pixels) showed an overall accuracy of 99.6%
(khat = 0.97) for ACL2005 vs. TCL2005. For the 3 classes (irrigated, rainfed, and others)
mapped in ACL2005, the producer’s accuracy was >86.4% and users accuracy was >93.6%.
For ACL2010 vs. TCL2010, the error matrix showed an overall accuracy on 96.2% (khat =
0.96). For the 3 classes (irrigated, rainfed, and others) mapped in ACL2010, the producer’s
and user’s accuracies for the irrigated areas were ≥82.9%. Any intermixing was
overwhelmingly between irrigated and rainfed croplands, indicating that croplands (irrigated
plus rainfed areas) as well as irrigated areas were mapped with high levels of accuracies
(90% or higher) even for the independent year. The ACL2005 and ACL2010, each, were
produced using ACCA algorithm in 30 min using a Dell Precision desktop T7400 computer
for the entire country of Tajikistan once the MFDCs for the years were ready. The ACCA
algorithm for Tajikistan is made available through US Geological Survey’s ScienceBase:
http://www.sciencebase.gov/catalog/folder/4f79f1b7e4b0009bd827f548
or
at:
https://powellcenter.usgs.gov/globalcroplandwater/content/models-algorithms. The research
contributes to the efforts of global food security through research on global croplands and
their water use (e.g., https://powellcenter.usgs.gov/globalcroplandwater/). The above results
clearly demonstrated the ability of a rule-based ACCA to rapidly and accurately produce
cropland data layer year after year (hindcast, nowcast, forecast) for the country it was
developed using MFDCs that consist of combining multiple sensor data and secondary
data. It needs to be noted that the ACCA is applicable to the area (e.g., country, region) for
which it is developed. In this case, ACCA is applicable for the Country of Tajikistan to
hindcast, nowcast, and forecast agricultural cropland extent, areas, and irrigated vs.
rainfed. The same fundamental concept of ACCA applies to other areas of the World
where ACCA codes need to be modified to suite the area/region of interest. ACCA can also
be expanded to compute other crop characteristics such as crop types, cropping intensities,
and phenologies.
Keywords: automated cropland classification algorithm (ACCA); truth or reference
cropland layer (TCL); ACCA generated cropland layer (ACL); mega file data cube
(MFDC); croplands; remote sensing; MODIS; Landsat; classification accuracy; Tajikistan
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1. Introduction
Pressure to grow more and more food in a world where population is increasing by about 80 million
per year, nutritional demands are swiftly increasing in the developing world, and climate models are
predicting that the hottest seasons on record will become the norm by the end of the century—an
outcome that bodes ill for feeding the world [1,2]. Yet, cropland areas have either stagnated or even
decreased in many parts of the world due to increasing demand of these lands for alternative uses such
as bio-fuels, urbanization, and industrialization. Furthermore, ecological and environmental imperatives
such as biodiversity conservation and atmospheric carbon sequestration have put a cap on the possible
expansion of cropland areas to other lands such as wetlands and forests. Also, of great importance is to
take note that food production requires large quantities of water. Indeed, nearly 70–92% of all human
water use currently goes towards food production in most Countries [3]. A combination of above
issues requires us to produce precise, rapid, and routine mapping of croplands over large areas such as
a country, region, and world which in turn will help us accurately assess, allocate, and save water from
agriculture for alternative uses such as industrial, recreational, domestic, and environmental. These
cropland and water use products will support food security analysis and planning.
There is growing literature on cropland (irrigated and rainfed) mapping across resolutions [4–15].
These methods include: (a) supervised classification methods such as the maximum likelihood
classification [16], (b) spectral matching techniques (SMTs) [11], (c) decision tree
algorithms [10,17,18], (d) neural network methods[19,20], (e) support vector machine [21], (f) spectral
unmixing techniques [22–24], (g) tasseled cap brightness-greenness-wetness [25–28], (h) space-time
spiral curves, Change Vector Analysis (CVA)[27], (i) phenology [4,8], (j) fusing climate data with
MODIS time-series spectral indices and using algorithms such as decision tree algorithms, image
mosaicking using climate data, and sub-pixel calculation of the areas [7,29], and (k) spectral angle
mapper [15]. However, most of these methods rely extensively on the human interpretation of spectral
signatures, making the process resource-intensive, time-consuming, and difficult to repeat over space
and time.
Thereby, the urgent need of the cropland mapping in order to address food and water security
scenarios will require the methods to be automated, accurate, and able to provide cropland maps,
statistics, and their characteristics (e.g., irrigated vs. rainfed, crop types, cropping intensities) rapidly
(e.g., producing maps within few hours) year after year (hindcast, nowcast, forecast) over space and
time once the MFDCs for the years are ready through automated methods using automated cropland
classification algorithms (ACCAs). Fully automated methods do not exist, especially over large areas.
The best of existing methods are semi-automated, requiring substantial human interaction, and have
large uncertainties when working with independent datasets. These semi-automated methods include:
(a) spectral matching techniques (SMTs), (b) ensemble of machine learning algorithms (EMLAs) (e.g.,
decision trees, neural network), and (c) Classification and Regression Tree (CART). The principle of
SMTs [30] is to match the shape, or the magnitude (preferably) both to an ideal or target spectrum
(pure class or “end-member”). EMLAs include decision tree algorithms and neural networks [5,31],
which are computationally fast to implement. CART is a data mining decision-tree that takes spectral
and ancillary data and recursively splits it until ending points or terminal nodes are achieved [32,33].
These methods are powerful, and have shown potential for automation. Nevertheless, the limitations of
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implementing these algorithms include complexity of methods, inability to demonstrate repeatability
of algorithms to produce accurate cropland mapping over time, and the substantial expert interaction
required to run the algorithms successfully and accurately when applying them for different time
periods such as, for example, for years other than for which the algorithm is developed. Furthermore,
the need for new perspectives and concepts for developing simple algorithms, yet powerful and
accurate year after year is urgent in the present food security scenario. Given the above background,
the overarching goal of this study was to develop an automated cropland classification algorithm
(ACCA) that will replicate\reproduce cropland characteristics (e.g., cropland extent, area, geographic
specificity, and irrigated vs. rainfed using mega file data cube (MFDC) accurately when it is compared
with a reference\truth cropland layer (TCL). The goal will lead to accurately map cropland from other
land uses and to accurately distinguish between rainfed vs. irrigated crop types. For the purpose, the
Country of Tajikistan was selected randomly since it was one of the countries of interest for United
States Geological Survey (USGS) and United States Agency for International Development (USAID).
Two truth\reference cropland layers were produced for Tajikistan: one for year 2005 (TCL2005) and
another for the year 2010 (TCL2010). ACCA was developed based on mega file data cube of year
2005 (MFDC2005) which involved multi-sensor remote sensing data and secondary data. The ACCA
rules were written based on knowledge base and tweaked till cropland extent, area, geographic
specificity of croplands and other required cropland characteristics (e.g., irrigated vs. rainfed) in
ACL2005 accurately (80% of producer’s and user’s accuracies or within 20% quantity disagreement)
matched with TCL2005. The strength of ACCA algorithm was tested by applying it on data from
independent years to produce cropland extent and their characteristics (e.g., irrigated vs. rainfed) year
after year (hindcast, nowcast, forecast).
2. Methods
2.1. Study Area
ACCA was developed for Tajikistan in Central Asia (Figure 1). Tajikistan is well suited for ACCA
development since the country has minimal outside access, landlocked, about 60% of the country’
population depends on agriculture, and irrigation and rainfed agriculture are the backbone of the
national economy and livelihood of its people. The total area of Tajikistan is 143,100 Square
Kilometers, with elevation ranging from 300 to 7,495 m. The temperature varies between
20–30 °C in spring (March–May) and autumn (September–November), but can exceed 40 °C during
summer. The average annual precipitation for most of the republic ranges between 700 and 1,600 mm.
The heaviest precipitation falls are at the Fedchenko Glacier, which averages 2,236 mm per year, and
the lightest in the eastern Pamirs, which average less than 100 mm per year. Main crops are: cotton,
wheat, potatoes, rice, onions, tomatoes, and fruits. Within the United States Famine Early Warning
System Network (FEWSNET), Tajikistan is considered as one of the “non-presence” countries, which
means that United States does not have an adequate ground presence in the country to understand its
systems, especially understanding agriculture. The country is susceptible to famines and is one of the
economically poorest nations of the world. In such a scenario, the best and rapid means to gather
information for a thorough understanding of food security scenarios is by developing an ACCA
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applied on fusion of remotely sensed data in order to generate cropland statistics and monitor their
progress remotely from space.
Figure 1. Mega-file data cube (MFDC) of Tajikistan using Landsat ETM+, MODIS images,
and secondary data as described in Section 2.2. Illustrated for MFDC2005. The time-series
NDVI profiles of MODIS for 4 land cover types from typical pixels are illustrated.

2.2. Data Fusion and Mega File Data Cubes (MFDC) Involving MODIS, Landsat, and Secondary
Data
Two mega file data cubes (MFDCs), one for year 2005 (MFDC2005) and another for year 2010
(MFDC2010), of Tajikistan were constituted using remote sensing data (Table 1) and other data
(Figures 1 and 2). Overall, there are 44 bands of data in each MFDC: MFDC2005 (e.g., Figure 1,
Table 1) and MFDC2010 (e.g., Table 1), as explained below. The 44 bands in a single file MFDC2005
for Tajikistan is constituted involving following multiple sources of data, all re-sampled to 30 m
resolution. These bands are: (a) Landsat Global Land Survey 2005 (GLS2005) 30 m images for year
2005 (derived from red and near infrared bands: total 2 bands from a single date); (b) MODIS 250 m
monthly normalized difference vegetation index (NDVI) maximum value composites
(MVCs) [27] (derived from red and near infrared bands: 1 for each month and total 12 bands for the
year); (c) MODIS red and near infrared bands (2 bands per month and total 24 bands for the year);
(d) Space Shuttle Radar Topographic Mission (SRTM) 90 m elevation and slope (total 2 bands), and
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(e) Landsat GLS2005 derived data such as biomass and LAI (inferred from band 4), chlorophyll
(band 3), moisture sensitivity (band 5), and thermal emissivity (band 6) (total 4 bands). The
MFDC2010 also has 44 bands and was composed using similar approach as described above for
MFDC2005, but using images of year 2010. All of these bands were used either in classification or
ACCA algorithm development (Section 2.4). The MODIS band 1 and 2 are used as a proxy through
computation of NDVI from these bands.
Figure 2. Data layers of Tajikistan in the mega file data cube of independent year 2010
(MFDC2010). Data layers illustrated here are: (a) Landsat scaled NDVI, representing
biomass and the leaf area index (LAI); (b) Landsat band 3 reflectance, representing
chlorophyll absorption; (c) Landsat band 5 reflectance, representing moisture sensitivity;
(d) Landsat band 6 digital number (DN), representing thermal emissivity; (e) SRTM-derived
elevation; (f) SRTM-derived slope; and (g) MODIS NDVI monthly MVC for the
independent year 2010.
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Table 1. Characteristics of image datasets used in creating mega-file data cube for year
2005 (MFDC2005) and for the year 2010 (MFDC2010). The Landsat Global Land Survey
(GLS2005) data is fused with MODIS 250m NDVI (derived from band 1 and band 2)
monthly maximum value composite (MVC) data for year 2005 (see Figure 1, Section 2.2)
in MFDC2005. The Landsat ETM+ 30 m data of 2010 is fused with MODIS 250m NDVI
(derived from band 1 and band 2) monthly maximum value composite (MVC) data for year
2010 (see Figure 2, Section 2.2) in MFDC2010.
Satellite

Sensor

no unit

no unit

Landsat

ETM+

Year of

Spatial

Spectral

Radiometric

Band Range

Band Widths

Irradiance

no unit

m

#

bit

µm

µm

W·m−2·sr−1·µm−1

GLS2005

30

8

8

0.45–0.52

0.07

1,970

0.52–0.60

0.08

1,843

0.63–0.69

0.06

1,555

0.75–0.90

0.15

1,047

1.55–1.75

0.2

227

10.4–12.5

2.1

0

0.62–0.67

0.05

Image

MODIS

Terra

2005

250

36

12

Landsat

ETM+

2010

30

8

8

MODIS

Terra

2010

250

36

12

Same as

Same as

GLS2005

GLS2005

Data

Frequency of

Points

Revisit

# per
hectares

days

11.1

16

1,528

0.16

1

Same as GLS2005

11.1

16

0.16

1

Same as

Same as

Same as

MODIS2005

MODIS2005

MODIS2005

Usage

no unit
In
MFDC2005

In
MFDC2005
In
MFDC2010

In
MFDC2010

One of the first steps was creating country mosaics and normalizing all the data to surface
reflectance. First, GLS2005 and Landsat ETM+ 2010 data were converted to at-sensor reflectance
(see [34,35]) using an in-house model written in ERDAS Imagine modeler module, and then to surface
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reflectance using the Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS)
processing system rules [28], followed by mosaicking all the Landsat scenes of GLS2005 and Landsat
ETM+ 2010 into a country mosaic (e.g., Figure 1).
2.3. In situ Data
In situ field plot data were collected from numerous sources. The main source was very high
resolution imagery (VHRI, sub-meter to 5 m, e.g., Figure 3(a)) of the country available from either
United States Geological Survey (USGS) or Google Earth sources. USGS has free access to the entire
archive of commercial sub-meter to 5 m high resolution imagery (e.g., Quickbird, IKONOS, Geoeye-1)
through two US government sources: (a) Commercial Imagery Derived Requirement (CIDR) Database
of USGS, and (b) National Geospatial Intelligence Agency (https://warp.nga.mil/). These imagery
were used to determine cropland vs. non-croplands, fractional area calculations, detecting irrigation
canals, and accuracy assessments. Other sources of in-situ data include nationally produced maps [36],
United Nations Food and Agricultural Organization (FAO) reports and maps (http://faostat.fao.org/
site/377/default.aspx#ancor) for the country, field photos from specific locations from national sources
(e.g., see Figure 3(d)), photos from precise location from the degree confluence project
(http://confluence.org/) and geo-wiki (http://www.geo-wiki.org/login.php?ReturnUrl=/index.php,
http://waterwiki.net/index.php/Tajikistan). The nationally produced maps [36], and the FAO maps
(http://www.fao.org/nr/water/aquastat/maps/index.stm) were used mainly for ensuring that the
croplands and their watering source (irrigated or rainfed) mapped by us were geographically
consistent, as well as a source of reference. The field photos from different sources provided precise
locations of irrigated and rainfed croplands. For example, the VHRI clearly showed irrigated canals
which provided additional assistance in detecting irrigated areas along with other datasets mentioned
above. From all these data sources, 1,770 data points (Section 2.3, Figures 3 and 4), of irrigated or
rainfed croplands from precise locations in Tajikistan were used in producing TCL and assessing its
accuracy. The ACCA derived cropland layers (ACL, Section 2.4) were then compared with
reference/truth cropland layers (TCLs).
2.4. Algorithm Development Methods
The automated cropland classification algorithm (ACCA) is central to this paper and is described in
detail in this section. The goal of ACCA is to rapidly and accurately produce croplands and their
characteristics (e.g., irrigated vs. rainfed) using fusion of remote sensing and secondary datasets. The
ACCA rules are coded with the goal of producing an ACCA generated cropland layer (ACL) that is
within 20% quantity disagreement or 80% user’s and producer’s accuracies [1,37] when compared with
reference/truth cropland layer (TCL).The process of ACCA development involves the following steps:
1. Generate/obtain truth/reference cropland layer (TCL): TCL can be obtained from secondary
sources (e.g., from a reliable national institute such as the cropland data layer from United States
Department of Agriculture). In absence of such a layer, TCL is generated using remote sensing
data (see Section 2.4.1). In this study, TCLs for Tajikistan were produced for the year 2005
(TCL2005) as well as for the year 2010 (TCL2010) as described in detail in Section 2.4.1.
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2. ACCA rules and coding leading to ACCA derived cropland layer (ACL): ACCA rules are
written for mega file data cube (MFDC, Section 2.2) in order to produce ACCA generated
cropland layer (ACL) products that accurately replicate or come very close to replicating TCLs
(within 20% quantity disagreement amongst 80% user’s and producer’s accuracies). The
ACCA was developed for Tajikistan for the year 2005 using MFDC2005 and then applied for
the year it was developed (year 2005) as well as for another independent year (year 2010). The
ACCA coding process is described in detail in Section 2.4.2.
3. Difference between the methods for generating TCL and ACL to demonstrate the
advantage of ACL: The process of generating TCL is time consuming. For example, it involves
image classification, class identification, and accuracy assessment and so on. Typical methods and
approaches of generating TCLs are explained in Thenkabail and others [11]. TCLs can also be
obtained from secondary sources, but they too go through time-consuming and resource-intensive
processes [11]. In contrast, ACL only requires time and resource to develop the ACCA for the
first year. After that the ACCA can be routinely applied for the area for which it is developed
year after year to produce ACLs.
4. Testing ACCA on independent data layers, comparing ACLs vs. TCLs: For Tajikistan,
ACCA was developed (Section 2.4.2) using mega file data cube for year 2005 (MFDC2005).
This resulted in ACCA generated cropland layer (ACL2005). ACCA is then applied to produce
cropland data layers for the year for which it was developed, 2005, and for another independent
year, 2010. This resulted in two ACCA generated cropland layers: ACL2005 and ACL2010.
The ACLs were then tested for accuracies and errors against reference/truth cropland layers
(TCLs) of corresponding years: TCL2005 and TCL2010. First for the year for which it was
developed (year 2005) and then for another independent year (year 2010). This process is
discussed in Section 2.4.3.
Multiple-resolution data fusion has been used successfully in cropland mapping to improve
classification accuracy [38]. The fusion or combination of MODIS time-series, higher spatial
resolution Landsat, and secondary data used in this study is considered ideal for cropland classification
and assessments [9,22,39–43]. Remote sensing imagery derived vegetation indices such as the
Normalized Difference Vegetation Index (NDVI) profile time series are commonly used in
indentifying croplands. Because of the distinct crop phenology compared to other land use and land
cover types, using temporal signatures can largely improve the accuracy of cropland classification [44].
Overall accuracy of some existing regional cropland classification at 250 m-pixel scale ranged from
84% to 94% [10,43], leaving great potential for producing higher resolution cropland dataset, such as
using multi-temporal and multi-sensor remote sensing data via a algorithm.
Some progress has been made in automated land cover classification techniques such as an
unsupervised algorithm called independent component analysis [45] and a modified subspace
classification method [46]. The advantage of automated algorithm is to avoid time-consuming and
laborious manual interpretation and processing. A rule-based decision tree classifier can take
advantage of multiple data sources with various resolutions and perform supervised classification in a
logical fashion and repeated over time.
Overwhelmingly, the current global agricultural land use information is usually obtained through
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farmer communications and inspection by authorities (e.g., agricultural extension officers, analysts)
through field visits, which may not be accurate or representative at national or global level due to the
subjective nature of eye observation involving numerous different field inspectors, and also is
labor-extensive, time-consuming and expensive. As a result, few global cropland datasets derived from
remote sensing imageries exist [11,47]. The freely available MODIS and Landsat data make it possible
to expand the automated algorithms to more accurate and reliable cropland mapping over large areas
such as country, regional, and even global scale. The classification outcome can also serve as an
independent cropland dataset for national and international agricultural census data, and facilitate food
security monitoring and agrarian decision-making.
2.4.1. Producing Truth/Reference Cropland Layer (TCL)
The truth/reference cropland layer (TCL) is the most accurate possible map of croplands (e.g.,
extent, area) and their characteristics (e.g., irrigated vs. rainfed, crop types, cropping intensities) for the
area of interest. The TCL can either be obtained from a reliable secondary source (e.g., national
sources) or can be produced by us. The TCL is similar to a reference data layer. However, TCL is the
“most accurate possible” (MAP). That means that even when a reference data is available, attempt is
made to assess its quality, improve it, and bring it to MAP quality.
For Tajikistan, only very coarse resolution cropland products were available [11,12,15], or national
statistics and geospatial techniques [36,48]. These products are useful, but do not have sufficient
resolution of nominal 30 m required for this study. Thus, a decision was made to first produce a TCL
using MFDC2005 (see Section 2.2). As a start an unsupervised classification lead to initial 199 classes
(Figure 3(a)). The process of identifying these classes, labeling and producing the TCL involved 5
key steps:
A.
B.
C.
D.
E.

bispectral plots (e.g., Figure 3(a)),
secondary data and decision trees (e.g., Figure 3(b)),
textural characteristics (e.g., Figure 3(c)),
spectro-temporal characteristics (e.g., Figure 3(d)), and
field-plot data (e.g., Figure 3(d)) and very high resolution imagery (e.g., Figure 3(a)) involving
a total of 1,770 points from precise locations (Section 2.3).

The MFDC2005 that has 44 data layers (see Section 2.2) including fusion of Landsat 30 m with
MODIS 250 m and numerous secondary data, covering the entire country of Tajikistan. An unsupervised
ISOCLASS classification (ERDAS, 2011) was performed on MFDC2005 resulting in 199 classes
(Figure 3(a)) for the entire country of Tajikistan. These classes were identified and labeled using well
known protocols [27,30,49].Further irrigated areas were distinguished from rainfed croplands using
numerous distinct data types (Figure 3(b–d)) and methods described in Thenkabail et al. [11]. The
process leads to the production of TCL which is discussed in the results section of this paper.
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Figure 3. Knowledge capture for producing the truth layer of croplands. (a) Step 1:
bispectral plots. Cropland vs. non-cropland identification and labeling based on tasseled
cap bi-spectral plots of unsupervised classes using Landsat red vs. near infrared bands and
very high resolution imagery (sub-meter to 5 m data) snap-shots as in-situ data. (b) Step 2:
secondary data and decision trees. Watering method (e.g., irrigated or rainfed) and crop
type determination using temporal characteristics of MODIS 250 m NDVI, Crop Water
Requirement (CWR), secondary data, and irrigation structure. (c) Step 3: textural
characteristics using spatial data. Looking at spatial extent to identify and label classes
based on large scale (i.e., contiguous) vs. small scale (i.e., fragmented) established using very
high resolution (sub-meter to 5 m) data. (d) Step 4: spectro-temporal characteristics using
MODIS time-series. MODIS NDVI temporal profile to identify and label cropping
intensities. Illustrated here for irrigated vs. rainfed.

(a)

(b)
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(c)

(d)

2.4.2. Automated Cropland Classification Algorithm (ACCA) Derived Cropland Layer (ACL)
The goal of ACCA is to write series of rules or codes based on extensive knowledge of the area
(e.g., Section 2.3) that makes use of a reference mega file data cube (MFDC) leading to rapidly and
accurately producing a ACCA derive cropland layer (ACL) that accurately (e.g., within 20% quantity
disagreement amongst a large number of pixels or 80% producer’s, user’s, and overall accuracies)
matches the TCL (Section 2.4.1). The process of developing ACCA in Tajikistan involved: (1) making
use of a reference mega-file data cube (in this case we used MFDC2005 as reference; Section 2.2) that
consists of fusion of Landsat data, MODIS monthly maximum value composite (MVC) NDVI
time-series data, and secondary data; (2) intelligently writing rules/codes (e.g., Figure 4 based on
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MFDC2005 that will help separate croplands from non-croplands and irrigated from rainfed;
(3) segmenting the MFDC based on SRTM derived elevation and/or SRTM derived slope data in
coding (Figure 4) to delineate non-croplands from croplands, typically, in conjunction with other
remote sensing data in MFDC2005, and (4) highlighting and discerning specific crop features to
separate croplands from non-croplands and/or distinguish cropland watering sources (e.g., irrigated vs.
rainfed) by making use of specific bands such as: (i) chlorophyll absorption (Landsat red band),
(ii) moisture sensitivity (Landsat SWIR band), and (iii) irrigated vs. rainfed through temperature
variability (Landsat thermal band). By writing a series of rules or codes (e.g., Figure 4) through
intelligent use of various types and characteristics of MFDC2005 data layers discussed above, we will
separate croplands from non-croplands using ACCA.
The process of developing the ACCA will have to go through numerous iterations. It involves
writing hundred of simple rules (few illustrated in Figure 4). Typically, every rule such as the one
illustrated in Algorithm 1(a,b,c) in Figure 4, captures certain percentage of total cropland area and its
characteristics (e.g., irrigated vs. rainfed) in TCL. The process is repeated with numerous additional
rules (e.g., Algorithms 2–4, Figure 4) applied on MFDC2005 that were written based on all available
knowledge (or through trial and error) to capture as much cropland area and as many characteristics as
possible. If the rule captures non-croplands then the iteration is repeated by tweaking the rule till we
are able to precisely (or near precisely) capture croplands, distinguish them from non-croplands, as
well as differentiate irrigated croplands from rainfed croplands.
The key to developing ACCA was multiple fold and iterative. For example, areas with SRTM
slopes ≤ 1.5% and cumulative MODIS yearly NDVI > 1,920 (see Algorithm 1(a) in Figure 4) was pure
(100%) irrigated areas in Tajikistan as we determined by comparing the ACCA derived result with
TCL. The precision in the delineated irrigated areas through a rule or set of rules is established by
comparing the ACCA derived croplands through these rules/codes with the TCL (Figure 5(b)). If the
ACCA derived cropland did not perfectly match with the TCL then the coding was tweaked till we got
the perfect (or nearly perfect) match. Once these pure areas were separated from the rest of the area,
further coding to delineate irrigated and rainfed croplands was applied to the remaining area of the
country. As the algorithm is further developed, greater complexity in rules/codes and larger number of
datasets are involved in further delineating pure cropland areas from non-croplands. For instance, in
Algorithm 1(c) (Figure 4), when combination of factors match, for example, when SRTM derived
slope > 2.5 but ≤ 7.0 and MODIS yearly cumulative NDVI ≥ 2,000 and elevation ≤ 510 then the areas
mapped by these factors are pure irrigated. Algorithm 1(a) through 1(c) (Figure 4) involve SRTM
elevation and slope data along with MODIS yearly cumulative NDVI data. Algorithms in Figure 4,
involve combinations of Landsat bands, SRTM data, and MODIS monthly data. Coding of
Algorithm 1–3 in Figure 4 highlight the rules for mapping irrigated areas and separating them from
non-irrigated areas and non-croplands. Coding of Algorithm 4 in Figure 4 highlight the rules for
mapping rainfed areas and separating them from non-rainfed areas and non-croplands.
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Figure 4. Automated cropland classification algorithm (ACCA). Sample illustrations of irrigated (Algorithm 1(a,b,c), Algorithm 2(a,b,c), and
Algorithm 3) and rainfed (Algorithm 4(a,b,c,d,e)) algorithms. Numerous such algorithms are written, based on knowledge capture, to finally
complete ACCA.
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Figure 5. Landd cover classificcation (16 classees, (a)) and trutth cropland lay
yer (2 classes, (b))
(
for Tajikisstan for year 2005 (TCL2005))
generated usingg mega-file data cube
c
of year 20005 (MFDC2005,, Figure 1, Tablee 1). Detailed im
mage interpretatio
on techniques inv
volved bispectral
plots (e.g., Figure 3(a)), secon
ndary data (e.g.., Figure 3(b)), decision trees (e.g., Figure 3((b)), textural ch
haracteristics (e.g
g., Figure 3(c)),
spectro-temporaal characteristicss (e.g., Figure 3((d)), and field-pllot data (e.g., Fig
gure 3(d)).

(a)

(b)
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The process was continued until when numerous algorithms put together to produce an
ACCA derived cropland layer of Tajikistan for year 2005 (ACL2005) accurately (within 20%
quantity disagreement amongst a large number of pixels or 80% producer’s, user’s, and overall
accuracies) matched with TCL of Tajikistan for year 2005 (TCL2005). The ACL2005 was compared
with TCL2005 to assess accuracies and errors. The ACL2010 was then compared with TCL2005 to
assess accuracies and errors. In Tajikistan, accuracies and errors involved about 10 million cropland
pixels of Landsat (30 m) resolution. The ACCA algorithm and the associated MFDC2005 data are
made available on US Geological Survey’s (USGS) Powell Center Global Croplands
(https://powellcenter.usgs.gov/globalcroplandwater/) ScienceBase for others to download and test:
http://www.sciencebase.gov/catalog/folder/4f79f1b7e4b0009bd827f548.
2.4.3. Applying ACCA on Independent Years
The ACCA developed for Tajikistan in this study was based on the MFDC2005. Then the ACCA
was applied on mega file data cube of Tajikistan for the year 2010 (MFDC2010). The MFDC2010 had
similar data layers as MFDC2005 (Section 2.2), except that the years of image data were different. The
ACCA generated cropland layer for year 2010 (ACL2010) was then compared with TCL for year
2010 (TCL2010).
3. Results and Discussions
First, we present and discuss the production of TCL2005 for the country of Tajikistan. The process
involved in producing TCL2010 is similar to TCL2005 and hence won’t be discussed. Second, we
present and discuss the results of the automated cropland classification algorithm (ACCA) derived
croplands (ACL) of Tajikistan for the year 2005 (ACL2005) and the year 2010 (ACL2010). Third, we
compare ACL2005 with TCL2005 and ACL2010 with TCL2010, and assess accuracies and errors of
ACLs relative to TCLs.
3.1. Truth/Reference Layer of Croplands for Tajikistan Based on Data for Year 2005
First, the truth/reference cropland layer (TCL) of the entire country of Tajikistan was produced for
year 2005 (TCL2005; Figure 5(a,b)) based on the datasets and methods described in Section 2.4.1.
Figure 5(a) has 6 cropland classes, of which classes 1 to 3 are irrigated croplands and classes 4 to 6 are
rainfed croplands. The rest are non-cropland classes. The irrigated classes are grouped together as one
irrigated class, and so are the rainfed classes, with the resulting map (Figure 5(b)) showing only
cropland areas of Tajikistan, masking out all non-cropland areas. The cropland and non-cropland
statistics are provided in Table 2. The total country area is 14,218,169 ha, of which the irrigated areas
(as of year 2005) was 711,000 ha (5% of the country area) and rainfed croplands 270,000 ha (1.9%
of the country area). Therefore, the total cropland area is 981,000 ha (Table 2). This is almost the same
as 984,000 ha reported by the State Statistical Committee of the Republic of Tajikistan [36]. The same
source reports irrigated areas as 724,000 ha in year 2006, again almost the same as determined in this
study. Overall, the irrigated vs. rainfed areas of Tajikistan is roughly 70% vs. 30%, respectively. This
is true for year 2010 and 2005 (http://www.stat.tj/en/, http://www.mongabay.com/history/tajikistan/
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tajikistan-climate.html, http://www.fao.org/nr/water/aquastat/maps/index.stm). The results in Table 2,
provide statistics for year 2005.
Table 2. Truth cropland layer (TCL) of Tajikistan statistics (see related maps in
Figure 5(a,b)). Class characteristics include the full pixel areas (FPAs), Landsat GLS 2005
and MODIS 2005 NDVI.
%
Class

MODIS NDVI Profile

Landsat
Class Name

Area

Total

#

NDVI
Area
no
ha

1

2

3

4

5

6

7

8

9

10

11

12

no

no

no

no

no

no

no

no

no

no

no

no

units

units

units

units

units

units

units

units

units

units

units

units

no units
units

01 Irrigated, conjunctive use,
1

cotton-wheat-rice-dominant,

710,166

5

0.36

0.09

0.19

0.28

0.36

0.37

0.33

0.36

0.41

0.39

0.35

0.28

0.15

273,188

1.9

0.18

0.05

0.00

0.31

0.42

0.47

0.33

0.26

0.24

0.22

0.20

0.18

0.03

470,037

3.3

0.20

0.01

−0.01

0.22

0.38

0.39

0.37

0.29

0.26

0.23

0.21

0.09

0.01

3,384,129

23.6

0.16

0.02

0.03

0.12

0.24

0.24

0.24

0.21

0.20

0.18

0.16

0.07

0.03

70,554

0.5

0.21

0.01

0.02

0.20

0.33

0.34

0.34

0.29

0.26

0.24

0.22

0.16

0.09

large scale, double crop
02 Rainfed,
2

wheat-barley-dominant, large
scale, single crop
03 Shrub/rangeland dominate

3
with rainfed croplands
4

04 Shrublands-grasslands
05 Mixed, shrublands,

5
grasslands, urban built-up
6

06 Forest

835,732

5.8

0.20

0.00

−0.01

0.02

0.12

0.16

0.28

0.28

0.25

0.22

0.18

0.02

−0.01

7

07 Tundra

3,596,562

25.1

0.20

−0.02

−0.03

−0.04

−0.05

−0.05

0.01

0.14

0.20

0.17

0.09

−0.02

−0.02

8

08 Wetlands

116,386

0.8

0.21

0.01

0.02

0.02

−0.05

0.02

0.15

0.26

0.25

0.23

0.20

0.12

0.00

9

09 Barren or sparcely vegetated

3,380,265

23.6

0.11

−0.01

−0.03

−0.02

−0.01

−0.02

0.02

0.08

0.10

0.09

0.05

−0.01

−0.01

10

10 Snow

1,381,150

9.7

0.05

−0.03

−0.03

−0.04

−0.14

−0.25

−0.08

−0.08

−0.05

−0.04

−0.03

−0.03

−0.03

11

11 Waterbodies

91,831

0.6

−0.11

−0.15

−0.17

−0.18

−0.23

−0.11

−0.06

−0.05

−0.07

−0.12

−0.13

−0.23

−0.17

14,218,169

100

Total

3.2. ACCA Generated Croplands (ACLs) for Tajikistan for the Same Year (2005) as That of the Truth
Cropland Layer (TCL, Year 2005)
Figure 6 shows the ACCA generated cropland data layer of Tajikistan for the year 2005
(ACL2005). Once the mega file data cube (Section 2.2) for year 2005 (MFDC2005) was ready,
ACL2005 (Figure 6) for Tajikistan took 30 min to generate on a Dell Precision desktop T7400
computer using ACCA algorithm (Section 2.4.2).
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Figuree 6. Autom
mated Croplland Classiification Allgorithm (A
ACCA) deriived croplaands of
Tajikisstan for yeaar 2005 (AC
CL2005) ussing the sam
me data (MF
FDC2005). This is com
mpared
with C
CTL (Figuree 5). The ressult matrix iis in Table 3(a).
3

3.3.
3 Truth/R
Reference Laayer of Crop
plands for T
Tajikistan Based
B
on Da
ata for Yearr 2010
TCL20100 (Figure 7((a)) for Tajiikistan was generated using
u
exacttly the samee approach and methodds
used
u
to prodduce TCL2005 (Sectio
on 3.1). Thee only diffeerence bein
ng that the m
mega file data
d
cube foor
year
y 2010 (M
MFDC20100) was used to produce TCL2010 instead
i
of MFDC2005.
M
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Figuree 7. TCL20010 (a) vs. ACL2010 (b). Autom
mated Cropland Classiffication Alg
gorithm
(ACCA
A) derived croplands of
o Tajikistaan for year 2010 (ACL
L2010, (b)) is compareed with
the truuth croplannd layer fo
or Tajikistaan for yeaar 2010 (T
TCL2010, ((a)). TCL2
2010 is
generaated using the indepeendent dataa layer (M
MFDC2010).. ACL20100 is producced by
applying ACCA algorithm
a
on
n MFDC20010. The ressult matrix is in Table 33(b).

3.4.
3 ACCA G
Generated Croplands
C
for
f Tajikistaan for the In
ndependent Year of 20110
ACL20100 (Figure 7(b)) for Tajikistan
T
was produ
uced by ap
pplying AC
CCA on daata from an
a
in
ndependentt year (yearr 2010) usin
ng MFDC20010. Once the
t mega fiile data cubbe (Section 2.2) for yeaar
2010
2
(MFDC2010) waas ready, AC
CL2010 (Fiigure 6) forr Tajikistan took 30 m
min to geneerate, using a
Dell
D Precisioon desktop T7400 com
mputer.
3.5.
3 Accuraccies and Errrors
The accuuracies and errors
e
were establishedd by creating
g an error matrix
m
of Tajjikistan involving:
1.
2.

TCL
L2005 (Figuure 5(b)) vs. ACL2005 (Figure 6); and
TCL
L2010 (Figuure 7(a)) vs. ACL2010 ((Figure 7(b)).

The resullts are preseented in Tab
ble 3(a,b). T
The overall accuracy off the ACCA
A derived crropland layeer
for
f 2005 (A
ACL2005) was
w 99.6% (khat = 0.997) (Table 3(a);
3
Figuree 5(b), Figuure 6). Witth about 1552
million
m
pixeels (each of 30 m resolution) for thhe country of Tajikistaan, and suchh high levell of accuraccy
shows
s
the vvery high degree
d
of performance
p
e of the AC
CCA algoriithm. For tthe 3 classees (irrigatedd,
rainfed, andd others) maapped, the producer’s
p
aaccuracy was
w > 86.4%
% and users accuracy was
w > 93.6%
%.
Errors
E
of om
missions andd commissiions for irriigated areass were negligible. The overall acccuracy of thhe
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ACCA
A
deriived croplaand layer for
f indepenndent year 2010 (ACL2010) waas 96.2% (k
( hat = 0.966)
(Table 3(b);; Figure 7(aa,b)). Again
n, it showedd very high degree of accuracy evven for the independennt
year.
y
For thee irrigated areas
a
the prroducer’s acccuracy waas 90.8% an
nd user’s acccuracy wass 82.9%. Thhe
ACL2005
A
vvs. TCL2005 and ACL
L2010 vs. T
TCL2010 are
a shown in
i Figure 88. Howeverr, the rainfeed
croplands
c
hhad significant uncertaainties. Thiis implies that
t
it is feeasible to cclassify tottal croplandds
(irrigated + rainfed) as well as irrig
gated cropl ands accuraately using ACCA
A
algoorithm, but uncertaintiees
for
f rainfed croplands were
w
signifficant and needs furth
her investig
gation. In aall likelihoo
od, resolvinng
rainfed cropplands will require
r
greaater knowleddge base thrrough field visits and a better undeerstanding of
o
th
he rainfed system. This
T
would potentiallyy lead to a need for additionaal data lay
yers such as
a
evapotransp
e
iration and additional temporal
t
higgh resolutio
on imagery.
ween truth cropland laayers (TCL)) of 2005 ((a) / 2010 (b)
( and
Figuree 8. Compaarisons betw
ACCA
A-derived crropland layeers (ACL) oof 2005 (c) / 2010 (d). Specificallly, comparisons of
TCL22005 (a) vs. ACL2005 (c), and TC
CL2010 (b)) vs. ACL20
010 (d). Auutomated Crropland
Classiffication Algorithm (ACCA) deerived crop
plands of Tajikistan for yearss 2005
(ACL22005) and 2010 (AC
CL2010) arre compareed with the truth croopland layeers for
Tajikisstan for yeaar 2005 (TC
CL2005) annd year 2010
0 (TCL2010). The resuult matricess are in
Table 3(a,b).
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Table 3. Accuracies and errors of irrigated and rainfed classes of Tajikistan established
through an error matrix by comparing the cropland truth layer (CTL; Figure 5(b)) (x-axis)
with: (a) ACCA derived cropland layer (Figure 6) using mega file data cube for year 2005
(MFDC2005), and (b) ACCA derived cropland layer (Figure 7) using mega file data cube
for year 2010 (MFDC2010).
a.
T
R
U
T
H

L
A
Y
E
R
YR

ACCA Algorithm Derived Data for Year 2005
Irrigated areas

Rainfed areas

All other LCLU
classes

Row total

Producer’s
accuracy

Errors of
Omissions

Irrigated areas

7,398,009

152,082

30,326

7,580,417

97.6

2.4

Rainfed areas

143,585

2,519,546

252,914

2,916,045

86.4

13.6

All other LCLU
classes

24,215

20,577

142,205,696

142,250,488

99.97

0.03

Column total

7,565,809

2,692,205

142,488,936

152,123,251

User's accuracy

97.8

93.6

99.8

152,746,950

Errors of
Commission

2.2

6.4

0.2

2
0
0
5

b.
T
R
U
T
H

L
A
Y
E
R
YR

Overall accuracy

99.6

Khat

0.97

ACCA Algorithm Derived Data for Year 2010 (Landsat ETM+ 2010 and MODIS 2010)
Irrigated areas

Rainfed areas

All other LCLU
classes

Row total

Producer’s
accuracy

Errors of
Omissions

Irrigated areas

7,258,443

412,788

325,116

7,996,347

90.8

9.2

Rainfed areas

882,856

2719,506

3,917,696

7,520,058

36.2

63.8

All other LCLU
classes

618,103

1,255,142

178,375,106

180,248,351

99.0

1.0

Column total

8,759,402

4,387,436

182,617,918

188,353,055

User's accuracy

82.9

62.0

97.7

195,764,756

Errors of
Commission

17.1

38.0

2.3

2
0
1
0
Overall accuracy

96.2

Khat

0.96
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4. Uniqueness, Importance, Impact and Limitations of ACCA
4.1. The Uniqueness of ACCA Algorithm
The uniqueness of ACCA is 3 fold. First, The ACCA algorithm is able to retain the spatial location
of 7 million irrigated cropland pixels and 3 million rainfed cropland pixels within 20% quantity
disagreement (80 producer’s and user’s accuracies) for the year for which the model was developed
(Table 3(a); Figures 5(b) and 6) as well as for the independent year of 2010 (Table 3(b); Figure 7)
clearly implies the robustness of the model. The ACL2005 vs. TCL2005 and ACL2010 vs. TCL2010
are shown in Figure 8. The ACCA algorithm concept is also adopted in a separate study for the state of
California by Wu and Thenkabail [50], where we successfully tested ACCA for 3 independent years
and obtained an accuracy of within 10% quantity disagreement (90% producer’s and user’s
accuracies). Comparing ACL with TCL also means comparing ACL with other classification methods
because TCL by nature involves other classification methods as espoused in Section 2.4.1.
Second, the concept of ACCA is ideally suited for development and application over large areas
such as a country, or a region or a state or a specific agroecosystem. Knowledge is captured and
automated in the algorithm and is primed to be used on a standardized MFDC for any year, requiring
very minimal human interaction. ACCA is automated to rapidly compute cropland areas year after
year once the mega file data cube (MFDC) for the year in question is set up. For example, ACL2010
was then produced for Tajikistan by ACCA within 30 min using Dell Precision T7400 computer once
the MFDC2010 was ready.
Third, ACCA algorithm is built based on mega file data cube (MFDC) concept involving
multi-sensor data fusion along with secondary data. In the case of Tajikistan, we used 44 bands (see
Section 2.2) in the development of ACCA involving Landsat ETM+ bands, MODIS 250 m monthly
MVC NDVI time-series, bands 1 and 2, and SRTM elevation and slope. Other powerful classification
methods such as the spectral matching techniques (SMTs), ensemble of machine learning algorithms
(EMLAs) (e.g., decision trees, neural network), and Classification and Regression Tree (CART) all
require substantial human interactions and\or significantly greater training data in order to develop
robust cropland algorithms that can successfully run on independent data sets and are not automated
like ACCA.
4.2. Limitations of ACCA and the Way forward to Developing a Global ACCA
There is one significant limitation of ACCA that needs to be noted. The concept of ACCA for cross
site application remains the same. However, specific regions will have to have their own ACCA
algorithms to account for unique cropland characteristics of the regions. Further, the ACCA algorithm
works on specific MFDC data types used in coding. When these data types are changed (e.g., data for
other sensors, additional secondary data), ACCA requires to be modified to take into consideration
these additional datasets. The ACCA developed here contributes towards that goal by implementing
such a vision for a country. Given the complexity of global agriculture, there will not be a single global
algorithm at such high spatial resolution like 30 m that can produce croplands accurately year after
year, using multi-sensor remote sensing data fusion along with data integration from other sources,
leading to standard mega file data cubes (MFDCs) discussed in this paper.
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However, the way forward is to develop ACCA-like algorithms for individual countries, or
sub-nations in case of very large nations with complex agro-ecosystems. One can then integrate these
different ACCA algorithms, each working on specific areas, and run them together to get the croplands
of the entire larger area.
4.3. Implications and Applications of ACCA in Global Cropland Mapping
Even though cropland mapping using remote sensing has been in existence for several decades
now [3,29], none of them are fully automated. There are some semi-automated algorithms [5,15,31,32].
However, the need for automated cropland classification algorithm like ACCA presented in this paper
is more urgent given the need to address the global food security issue in the twenty-first century. The
importance of this need is highlighted by the efforts of Group on Earth Observing (GEO) agricultural
initiative (http://www.earthobservations.org/cop_ag_gams.shtml) such as GEO global agricultural
monitoring (GEO GLAM). Remote sensing data fusion and automated cropland classifications are a must
to address the bleak scenario of global food and water security [1,2].
Uncertainty in global cropland mapping and global cropland water use assessments continues to be
high [3]. Reducing this uncertainty will require Earth Observation data from multiple sensors routinely
and frequently during the crop growing season. Acceptable overall accuracies [51] should be greater
than 85% along with equally high levels of producer’s and user’s accuracies. Further, global food
security analysis will require multiple cropland parameters: cropland areas, cropland watering method
(irrigated vs. rainfed), cropping intensities, and crop types. In addition, the cropland characteristics of
one year are best studies when they are compared with long-term means. Continuous satellite sensor
data records are now available, for example, from 1972 onwards from Landsat, 1982 onwards from
AVHRR, and 2000 onwards from MODIS to enable such comparisons.
5. Conclusions and Way Forward
The paper presents the development and implementation of an Automated Cropland Classification
Algorithm (ACCA) for a country. Specifically, the study demonstrated the ability to compute ACCA
algorithm-derived cropland layers (ACLs) for the Country of Tajikistan automatically and accurately
once the mega file data cubes (MFDCs), involving combination of Landsat ETM+ 30 m, MODIS 250 m
monthly NDVI maximum value composite time-series, and secondary data, were ready. This lead to
ACCA computed cropland layer of Tajikistan for the year: (A). 2005 (ACL2005), a non-independent
year, derived using MFDC for the year 2005 (MFDC2005), and (B). 2010 (ACL2010), an independent
year, derived using MFDC2010. The ACLs were then compared with the truth\reference cropland layers
(TCLs). When compared with: 1. TCL2005, the ACL2005 provided an overall accuracy of 99.6%
(khat = 0.97); and 2. TCL2010, the ACL2010 provided an overall accuracy of 96.2% (khat = 0.96). The
producer’s and user’s accuracies for the total croplands (irrigated plus rainfed) as well as for irrigated
classes were above 82.9%, but typically over 90% in most cases. The ACCA algorithm and associated
files for Tajikistan are made available through US Geological Survey’s (USGS) Sciencebase:
http://www.sciencebase.gov/catalog/folder/4f79f1b7e4b0009bd827f548 and the USGS Powell Center:
https://powellcenter.usgs.gov/globalcroplandwater/content/models-algorithms.
The results clearly demonstrated the ability of ACCA algorithm to compute total cropland areas as
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well as irrigated cropland areas consistently, as illustrated for the country of Tajikistan in this study,
rapidly and accurately, year after year. Thus, ACCA has the ability to hindcast, nowcast, and futurecast
total cropland areas and irrigated areas accurately and automatically for the region for which it was
developed. Further development of the algorithm should consider generating rainfed croplands with
greater certainty as well as generating crop types and cropping intensities. The ACCA developed in
this study is applicable to the area for which it was developed (i.e., Tajikistan). For other cropland
areas of the World, the ACCA concept remains the same. However, the codes (Figure 4) need to be
modified to suite the regions of interest. Also, the ACCA concept can be further expanded to derive
other crop characteristics (e.g., crop types, cropping intensities, and crop phonologies). The MFDC
data requirements for other regions will vary depending on the complexity of the agricultural systems
of the regions of interest. For example, additional remote sensing (e.g., non-optical, thermal) or
secondary (e.g., soils) data may be required to better code and train ACCA to accurately compute
croplands extent, areas, and characteristics in complex agroecosystems of the World. However, once
the ACCA algorithm is developed for a region taking all the needed datasets and factors into
consideration, it can then be applied to hindcast, nowcast and futurecast over the region for which it is
developed. The ultimate goal is to combine these series of regional ACCA algorithms into a single
global ACCA algorithm.
This research is expected to make significant contributions to global cropland mapping efforts such
as the one proposed by the Group on Earth Observation Global Agricultural Monitoring (GEO GLAM)
and other similar regional and national initiatives where accurate, reliable, consistent, rapid, and
routine cropland mapping is expected year after year, which in turn will contribute to food and water
security analysis and decision making. The study will also contribute to the efforts of global food
security through research on global croplands and their water use (e.g., https://powellcenter.usgs.gov/
globalcroplandwater/).
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