GEOCARTO INTERNATIONAL Tavior & F .
2023, VOL. 38, NO. 1, 2186493 e aylor & Francis
https://doi.org/10.1080/10106049.2023.2186493 Taylor & Francis Group

8 OPEN ACCESS ‘ ) Checkforupdates‘

Impacts of irrigation tank restoration on water bodies
and croplands in Telangana State of India using Landsat
time series data and machine learning algorithms

Murali Krishna Gumma® (®, Pranay Panjala® (®, Kumara Charyulu Deevi® (®,
Pavan Kumar Bellam? @), Venkateswarlu Dheeravath® and Ismail
Mohammed?

3International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), Patancheru, India; "UN
World Food Pragramme, NORCAP, Manila, Philippines

ABSTRACT ARTICLE HISTORY

In 2014, the State of Telangana in southern India began repairing Received 30 September 2022
and restoring more than 46,000 irrigation water tanks (artificial Accepted 26 February 2023
reservoirs) under the Mission Kakatiya project with an investment
in excess of USD 2 billion. In this study, we attempted to map the
temporal changes that have o'ccurred'in cropland areas an'd water areas; Mission Kakatiya:
bodies as a result of the project, using remote sensing imagery Telangana; Landsat;
and applying land use/land cover (LULC) mapping algorithms. We irrigation tanks and NDVI
used 16-day time series data from Landsat 8 to study the spatial

distribution of changes in water bodies and cropland areas over

the 2013-18 period. Ground survey information was used to

assess the pixel-based accuracy of the Landsat-derived data. The

areas served by these tanks were identified on the basis of train-

ing data and Random Forest algorithms using Google Earth

Engine. Our spatial analysis revealed a substantial increase in

cropped area under irrigation and expansion of water bodies over

the study period. We observed a 20% increase in total tank area

in 2017-18 and total cropland and irrigated area expansion of the

order of 0.6 M ha and 0.2M ha, respectively. A comparison of

ground survey data and four LULC classes derived from Landsat

temporal imagery showed an overall accuracy of 87%, signifi-

cantly correlated with national agriculture statistics. Periodic moni-

toring based on remote sensing has proved to be an effective

method of capturing LULC changes resulting from the Mission

Kakatiya interventions. Higher-resolution satellite data can further

improve the accuracy of estimates.
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Land use change; irrigated

1. Introduction

Artificial water bodies, called irrigation tanks, are a significant source of irrigation in
southern India, particularly Telangana State (Got 2021). These are large rainwater
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harvesting ponds that cater to the irrigation needs of croplands downstream. They pro-
vide multiple services such as irrigation of croplands, drinking water supply to rural and
urban communities and livestock, fisheries, recharge of groundwater and flood control, to
name a few (Renault et al. 2013). The benefits of irrigation tanks have been known in
Telangana since the Kakatiya dynasty (1000-1323 AD) which built some of the oldest
tanks in the region (Rao 1995, Kadapala et al. 2020). In addition to irrigation and drink-
ing water supply, they also serve as flood moderators when there is heavy rainfall and as
a mitigating mechanism during droughts (Davenport et al. 2020). Tanks also play a sig-
nificant role in the sociocultural fabric of village communities; they are less capital-inten-
sive and more widely distributed geographically than large irrigation projects and are
more suitable for decentralized water management.

However, over time, the capacity of many of these irrigation tanks, especially the
smaller and medium-sized ones, to provide these services dwindled due to poor mainten-
ance, misuse and urbanization (Nag 2011). In 2014, the Government of Telangana (GoT)
took up a State-led initiative named Mission Kakatiya to restore 46,531 tanks in 5 years,
at the rate of 9,350 a year (Mkp 2021). The overall objective of Mission Kakatiya is to
conserve water, enhance minor medium-sized irrigation infrastructure and strengthen
community-based irrigation management.

Agricultural land use is dependent on the spatial distribution and performance of irri-
gation tanks located in the region. Conventional surveys and management of tanks and
associated agricultural practices in the command area have made a technological leap to
help decision-makers take quick action and prevent losses (Thiruvengadachari 1981,
Shoushtarian and Negahban-Azar 2020, Van Vliet et al. 2021). Studies have reported effi-
cient use of multi-spectral and multi-temporal data to map irrigated areas, LULC classes
and crop types across diverse locations (Thenkabail et al. 2005, Velpuri et al. 2009, Qiu
et al. 2017). Remote sensing is one such technology-driven tool that can produce accurate
results economically. Satellite imagery, available at high temporal and spatial resolution, is
specifically well-suited to application in agriculture (Atzberger 2013, Inglada et al. 2015).
Information on spatial distribution of irrigation tanks and temporal changes in land-use
can help decision-makers in preparing efficient plans for sustainable tank irrigation
management.

Periodic monitoring of croplands is important for sustainable agricultural development
and food security (Belgiu and Csillik 2018). Researchers have used the MODIS normalized
difference vegetation index (NDVI), the land and surface water index (LSWI), the
enhanced vegetation index and time series satellite data to map agricultural areas (Boken
et al. 2004, Biggs et al. 2006, Gaur et al. 2008, Pervez and Brown 2010, Gumma et al.
2011, Murthy Reddi et al. 2017, Chen et al. 2018, Xiang et al. 2019) and seasonal changes
in cropped area (Sakamoto et al. 2005). Some studies have used radar satellite imagery,
both optical and radar satellite imagery, to map irrigated areas by identifying backscatter-
ing signals (Bousbih et al. 2018, Gao et al. 2018, Bazzi et al. 2019, Demarez et al. 2019,
Orynbaikyzy et al. 2019, Pageot et al. 2020). Several cropland studies have successfully
used time series satellite imagery with automated and semi-automated techniques at large
scale over different time periods (Begue et al. 2014, Xiong et al. 2017, Gumma et al.
2022a). Data on land-use changes are important to understand and make decisions on
cropping patterns and crop types (Singh 1989, Lu et al. 2004, Midekisa et al. 2017, Xiong
et al. 2017). Many techniques and methods have been used to map irrigated areas, mainly
index-based decision-tree irrigation models (Meier et al. 2018) and machine learning algo-
rithms (Ferrant et al. 2017) as well as soil moisture signals (Kerr et al. 2016).
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Figure 1. A map of Telangana showing the major rivers, districts and ground survey data.

The present study proposes to map LULC changes in Telangana due to expansion of
water bodies and irrigated areas during the 2013-2018 period, using 16-day time series
imagery from Landsat 8. It would be interesting to understand the impact of Mission
Kakatiya over this period. We made a systematic effort to map changes using high-
throughput RS/GIS tools. Further, accuracy assessment was carried out using available
ground survey data. The results were also compared and validated with subnational statis-
tics provided by the Directorate of Economics and Statistics (DES) of the Government of
Telangana.

2, Study area

Telangana is the 12t largest state in India in terms of both geographical area and popula-
tion. It lies between 15°46" and 19°47' N latitude and 77°16’ and 81°43’ E longitude, and
shares borders with the state of Maharashtra to the north and northwest, Karnataka to
the west, Chhattisgarh to the northeast and Andhra Pradesh to the south and east. The
State is located in a semi-arid zone of the Deccan Plateau in southern India (Figure 1).
The net agricultural cropped area occupies about 39.1% of the total geographical area of
Telangana (Table 1). The long-term average annual rainfall is 713 mm, falling in a range
of 700 mm to 1500 mm, 80% of which comes from the southwest monsoon and the rest
from the northeast monsoon (Mospi 2016). The State has a tropical climate with slight
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Table 1. Details of land use/land cover and irrigation tanks in Telangana, 2018.

Land use/land cover class Area (ha) Percentage of GA
Forests 2,540,000 22.7
Barren and uncultivable land 607,000 54
Land put to non-agricultural use 892,000 7.9
Cultivable waste 183,000 1.6
Permanent pastures and other grazing lands 299,000 2.7
Land under misc. tree crops and groves not included in net area sown 112,000 1.0
Current fallows 1,578,000 12.5
Other fallow lands 822,000 7.2
Net area sown 4,175,000 39.1
Total geographical area (GA) 11,208,000 100.0
Gross cropped area 4,893,000 43.66
Net irrigated area 1,486,000 13.26
Gross irrigated area 2,028,000 18.09
Gross irrigated area to gross cropped area (%) 41.45

Source: https://www.telangana.gov.in

Table 2. Satellite image characteristics, image acquisition date and secondary data.

Sensor/image Spatial No. of Band range Irradiance
acquisition date (m)  bands (um) W-m2sr"-mm™") Potential application
Landsat 8 30 1 0.43-0.45 555 Water bodies; also capable of differentiating
2013-2018 2 0.45-0.51 581 soil and rock surfaces from vegetation
3 0.53-0.59 544 Sensitive to water turbidity differences
4 0.64-0.67 462 Sensitive to strong chlorophyll absorption
region and strong reflectance region for
most soils
5 0.85-0.88 281 Especially important for ecology because
healthy plants reflect it
6 1.57-1.65 713 Particularly useful for telling wet earth from
7 2.11-2.09 243 dry earth, and for geology: rocks and soils
that look similar in other bands often have
strong contrast in SWIR
Agriculture census Irrigated and cropland areas Source: Census India
2013-2014

variation depending on elevation, maritime influences and rainfall, which in turn influen-
ces the cropping pattern.

Telangana is drained by several major and minor rivers with two major interstate river
basins, the Godavari and the Krishna. They irrigate most of the area of the State and also
supply water for domestic and commercial use. Apart from these two major rivers, nine
small rivers (Bhima, Dindi, Kinnerasani, Manjeera, Manair, Penganga, Pranahita,
Peddavagu and Taliperu) flow in the State. Telangana is reported to have lost nearly 0.29
million ha of tank-irrigated area during the 53-year period 1956-2009 due to human
encroachments in the catchment and command areas of water bodies leading to land-use
conversion (Pingle 2011).

3. Data and materials
3.1. Satellite imagery

We imported Landsat 8s Operational Land Imager (OLI) top-of-atmosphere (TOA) satel-
lite sensor data (cloud-free, 30m resolution, 16-day time series) from Google Earth
Engine (GEE). The data covered the rainy (kharif, Jun-Nov), post-rainy (Nov-Mar) and
summer (Mar-Jun) seasons of the 2013-2018 period and were ortho-rectified and
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Figure 2. The method and approach used for assessing the impact of Mission Kakatiya in Telangana State of India.

Table 3. Class-wise training and validation points.

Class Training Validation
1. Irrigated crop 94 198

2. Rainfed crop 113 170

3. Water 76 30

4. Settlements 67 104

5. Barren land 54

6. Non-cropland 44

Total 448 502

corrected for solar angle (USGS TOA product guide). The imagery consisted of seven
broad bands (Table 2). It was not possible to get continuous 16-day cloud-free time series
data for some months. All Landsat images retrieved from the GEE image collection have
TOA reflectance values and one additional band called the quality assessment band
(BQA). We used the cloud flag included in the BQA nominal product to remove the
clouds (Scaramuzza et al. 2011) with a 20% threshold. To ensure cloud-free images,
monthly mean composites (depending on the cloudiness of the selected region) were
composed.

3.2. Ground data

Ground survey information was collected from 1,050 locations from the 14™ to 22°¢
October, 2017 (Figure 2; Table 3) on the following characteristics: (a) geographical coordi-
nates using GPS; (b) crops; (c) cropping intensity (monsoon, winter and summer) based
on interviews with agricultural extension officers and farmers; (d) cropping patterns (crop
combinations); (e) area scale (small, medium and large); (f) land cover categories (includ-
ing trees, shrubs, grasses, water bodies and hills); and (g) landscape features. Sources and
seasonality of irrigation were also noted at each location. The purpose of this exercise was



6 M. K. GUMMA ET AL.

to identify land-use classes accurately during the classification process and also to assess
the accuracy of the final maps.

As the spatial resolution of Landsat 8 is 30 m on each side, a minimum sampling unit
of 90m x 90m (3 x 3 pixels of Landsat) was selected for ground data validation. The loca-
tions for ground data collection were selected based on their homogeneity and road
access, the emphasis being on representativeness of the sample location in relation to the
LULC classes and precise geo-location of the pixel. The LULC class names were assigned
using a labeling protocol (Thenkabail et al. 2009, Gumma et al. 2014). Ground data were
also collected from Google Earth Engine with the help of temporal high-resolution
imagery (Figure 1).

3.3. Agricultural census data

District-level crop data on agriculture, including source-wise irrigation data, were
obtained from the Department of Economics and Statistics of the Government of
Telangana. District-level statistics were computed based on sub-district/block-level data
collected by agricultural extension officers.

4. Methodology

Figure 2 illustrates the approach and methodology we used to assess the LULC pattern
with a view to capturing the influence of Mission Kakatiya interventions in the study
area.

4.1. Processing of satellite data and LULC classification

4.1.1. Data composition

The entire process of LULC classification was carried out on the GEE platform. We used
Landsat 8 as it has high spectral calibration data and provides guaranteed data in high
spatial (30m) and temporal resolution. We preferred TOA images to surface reflectance
(SR) images due to low availability of the latter on the GEE platform (Foga et al. 2017).
The imagery was stacked for the rainy (kharif), postrainy and summer seasons (mean of
every 16days, cloud-free) of every year (giving three season images per year). For
example, for the rainy season from June to November, all the cloud-free images from that
period were reduced to a single mean composite. The same procedure was conducted for
the other seasons. Then, yearly imagery was generated from the stacking of the three sea-
sonal images and clipped to the study area.

4.1.2. Data training

For LULC classification, initially six classes (barren, irrigated cropland, rainfed cropland,
non-cropland, settlements and water bodies) of training random sample points were cre-
ated with the help of ground data and through visual interpretation of temporal very
high-resolution imagery (VHRI) for the period 2013-2018. We chose training points from
areas where there was continuity of land use from 2013 to 2018 so that the machine can
learn to identify such areas. Utilizing the same ground data for all the study years, we
used more than 30 sample points for each class. For a class like water bodies, 30 sample
points are sufficient to extract, but for other classes, especially croplands, we used more
than 100 samples.
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Figure 3. Spatial and temporal distribution of land use/land cover classes in Telangana.

Table 4. Land use/land cover area (ha) in Telangana from 2013 to 2018.

Area (ha)
LULC LS 2013-14 LS 2014-15 LS 2015-16 LS 2016-17 LS 2017-18 MOD 2013-14
1. Irrigated croplands 2,060,890 1,415,231 1,566,929 1,655,425 2,200,256 2,200,256
2. Rainfed croplands 2,710,993 2,270,586 2,567,865 2,785,553 3,153,829 2,610,726
3. Water bodies 294,748 257,104 194,805 304,556 355,464 276,920
4, Other land-use classes 6,410,391 7,534,015 7,147,377 6,731,489 5,767,474 6,213,146

(Note: LS = Landsat data; MOD = MODIS data).

After training with the sample points, we applied the Random Forest classifier (RFC)
(Liaw and Wiener 2002) on yearly composite imagery to get LULC-classified images.
Then the six-class LULC images were further reclassified into four classes (irrigated crop-
land, rainfed cropland, water bodies and non-cropland) for a better understanding of
changes relating to croplands and water bodies, the focus of our study. Each class has a
different signature in each band. Especially, croplands are easily distinguishable from
non-cropland as dynamic changes from sowing to harvesting can be observed in them
whereas the pattern and sequence of changes is different in the non-cropland class. As for
water bodies, they have the same signature throughout the season.

Details of the spatial distribution of LULC classes over the 2013-2018 period are pre-
sented in Figure 3. In order to test the classifier accuracy, an accuracy assessment test was
carried out using ground truth validation points.

4.2. Accuracy assessment and change detection of LULC classes

Out of the 1,050 ground sample points, we used 502 ground validation points to assess
the accuracy of the mapped cropland area by generating an error matrix (Table 4). The
columns of the error matrix represent the actual field information (ground data) and the
rows of the error matrix correspond to a class in the LULC map (Congalton 1991). The
error matrix is a multi-dimensional table with cells containing changes from one class to
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another. The statistical approach to accuracy assessment consists of different multivariate
statistical analyses. Finally, kappa, which is designed to compare results from different
regions or classifications, is measured (Cohen 1960). Each field-plot point was verified
with an actual resultant LULC map (Gallego 2004). The overall classification accuracy was
computed as a diagonal point divided by the total number of points.

Change detection analysis was carried out to assess the LULC changes occurring from
2013 to 2018 due to the impact of Mission Kakatiya interventions. The final classified
maps were used for change detection in relation to the 2013-14 LULC map. Equation 1
was used to assess the changes from 2013-14 to 2014-15, 2015-16, 2016-17 and 2017-18.
Changes were measured class-wise, for example, other LULC classes and agricultural lands
based on 2013 is converted to other LULC.

CD;j = (LULC;¥10) + LULC; (1)

where CDj; is the change detection, LULC; is the LULC for the i" year and LULG; is the
LULC for the j™ year

4.3. Comparison of Landsat 30 m imagery with regional statistics and MODIS 250 m

The LULC map we generated showed irrigated croplands, rainfed croplands, water bodies
and other LULC classes. Irrigated and rainfed cropland areas were extracted at the district
level in order to relate them to district-level statistics produced by the state agriculture
administration and the MODIS 250 m derived product. Yearly national statistical data, i.e.
area irrigated and rainfed, was collected from the agricultural census (2013-2014) for
cropland validation. Changes in water bodies were also monitored along with their sizes,
and correlated with rainfall patterns.

We also used the land-use statistics of a neighboring area (Nanded in Maharashtra
state) that had no Mission Kakatiya interventions so as to validate and assess the changes
occurring in one of our study districts, Nizamabad in Telangana state.

5. Results and discussion
5.1. Spatio-temporal distribution of LULC changes

Figure 3 shows the spatio-temporal distribution of LULC classes in Telangana for the
period 2013-2018. The southern part of the State shows rainfed cropland while central
Telangana is mostly covered with irrigated areas, except in 2014-15 and 2015-16. There
is a significant increase in the area covered by water bodies, from 294,748 ha in 2013-14
to 355,464 ha in 2017-18. We see a positive impact on irrigated cropland areas, up 7%
from 2,060,890 ha in 2013-14 to 2,200,256 ha in 2017-18 (Table 4). The spatial distribu-
tion of water bodies is shown in Figure 4.

Figure 5 clearly depicts the increase in irrigated and cropland areas over the five years,
and the sharp increase in area covered by water bodies from 2015-16 to 2016-17. This
was synchronous with an increase in the total number of irrigated tanks rejuvenated dur-
ing 2016-17 (Table 3) as well as a good quantum of precipitation and its distribution that
year. Figure 6 shows the area of irrigation tanks for all the study years in relation to the
rainfall that year.
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5.2. Comparison of cropland area derived from landsat, agriculture statistics and
MODIs

The MODIS 250 m maps were derived from MODIS NDVI time series data. The time
series composites were combined with ground data and spectral matching techniques to
classify irrigated and rainfed croplands and other LULC classes. The 16-day composites
from the daily acquisitions were then combined to make a time series dataset for a crop
year. This provides a temporal profile of the crop-growing locations at the start of a sea-
son, during peak growth stage and on the harvest date of each season. The value of
NDVI as a function of time also helps in identifying the type of crop in an eco-region
based on certain peak thresholds for that crop. Our study applied a spectral matching
technique, which is ideal for mapping irrigated areas (Thenkabail et al. 2007) and rice
areas. The irrigated area fractions from coarse-resolution imagery were estimated at the
sub-pixel level by multiplying the full-pixel area by the cropped-area fraction (Thenkabail
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et al. 2005, Gumma et al. 2011). However, classification with MODIS data has a greater
possibility of producing mixed classes as the 250m resolution, i.e. 6.5ha, can lead to
over- or underestimations of area. The risk of mixed classes is much less with high-reso-
lution data.

The sub-district statistical values of cropland and irrigated areas derived from satellite
data were collated and compared with national agricultural statistics (NAS) across nine
Telangana districts (Figure 7). Figure 8 correlates Landsat 30 m data-derived irrigated area
with NAS, showing a synchronous pattern for these districts and shows a strong correl-
ation (R? value 0.8).

5.3. Accuracy assessment

To ascertain whether or not a known LULC class was correctly classified, we conducted a
quantitative accuracy assessment based on the error matrix using ground survey data
(which was not used in the LULC classification) for the year 2017-18. Table 5 shows the
error matrices for the 2017-18 classification. Accuracy was assessed using 502 ground sur-
vey locations. The rows are ground survey classes and the columns are land-use classes
drawn from the classified images (Table 5). We found that the overall classification accur-
acy at 87%. User accuracy varied from 71% to 100% across the four LULC classes. Thus,
combining all crop classes into one, the accuracy of croplands was very high (about 90%).
The uncertainty of about 10% was due to inter-mixing among the classes.

5.4. Discussion on LULC

Satellite remote sensing has been used extensively for LULC mapping at various scales
(Tateishi et al. 2011, Gumma et al. 2018). Advances in remote sensing imagery and asso-
ciated techniques have led to an increase in the use of these maps for specific applications.
Mapping and monitoring of agricultural areas require special techniques as they have to
reckon with seasonal changes (Pérez-Hoyos et al. 2017). Temporal variations in the NDVI
patterns obtained for irrigated land-use classes enable a demarcation between (a) surface
water-irrigated double-crop; (b) surface water-irrigated continuous crop; and (c) ground-
water-irrigated mixed crops, etc. In our study, the question of cropping pattern was
addressed by using season-specific time compositing of multi-date satellite data. Using a
seasonal crop map with Landsat temporal data is an accepted technique (Gumma et al.
2020).

The LULC pattern of a region is a result of both natural and socioeconomic elements
and their behavior in time and space. Satellite remote sensing can reveal changes that
may help in evaluating the implementation of policies and development schemes such as
the project for rejuvenation of irrigation tanks in Telangana during the 2014-2018 period.
Estimation of surface water area including reservoirs and irrigation tanks (major,
medium-sized and minor water bodies <1ha) using satellite data can be very reliable. In
our study, as expected, irrigated area under surface water bodies showed a significant rela-
tionship with total precipitation during that year. For instance, a sharp decline in rainfall
witnessed in 2015-2016 led to a widespread drought in the State. Water bodies <1ha in
size decreased drastically due to poor rainwater catchment in 2014-2015 and 2015-2016.
However, in 2016-17 and 2017-18, cumulative tank area expanded due to the contribu-
tion of water tanks that were restored under the Mission Kakatiya initiative, coupled with
good rainfall distribution (Figure 7). It is evident that the Mission Kakatiya interventions
had a steady and positive impact on water recharge in tanks (across categories) in the
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Table 6. Land use/land cover changes from 2013-14 to 2017-18.
LULC change from 2013-14

LULC changest 2013-2014 2013-2015 2013-2016 2013-2017
1. Rainfed cropland to irrigated cropland 315,144 323,947 395,324 390,329
2. Irrigated cropland to rainfed cropland 268,210 287,980 193,285 282,273
3. Cropland to other LULC class 2,478,756 2,197,848 1,711,133 1,223,868
4, Other LULC class to cropland 1,407,990 1,567,353 1,403,970 1,833,900
5. Other LULC class to water bodies 51,829 27,989 70,994 95,154
6. No change 6,955,008 7,071,859 7,702,316 7,651,498

State. Our estimate of the district-wise irrigated area using seasonal satellite composites
showed very high agreement with the state agricultural statistics (Figure 8).

The current study thus opens up an opportunity to develop a spatial monitoring sys-
tem of key performance indicators (KPIs) of Mission Kakatiya. Regular monitoring of sur-
face water bodies and irrigated/cropped area using higher-resolution data from Sentinel
(10m optical data) or commercial satellites can ensure efficient tracking of project inter-
ventions over time (Gumma et al. 2022b). The use of coarse resolution imagery such as
MODIS 250 m and Landsat 30 m does have certain limitations.

5.5. Benefits of rejuvenating tanks

The benefits of Mission Kakatiya interventions included silt removal from the tank beds.
High in valuable nutrients, silt can enhance the soil moisture retention capacity and boost
farmers’ yields. Farmers who collected silt from tanks and applied it in their farms have
benefited significantly. Application of silt not only helps in reducing soil erosion but also
leads to better moisture retention capacity (Shah and Verma 2018). Studies on the impact
of irrigation tank rejuvenation have identified the following benefits to farmers: (i)
increase in soil water retention capacity; (ii) enhanced groundwater recharge; (iii) drink-
ing water for cattle; (iv) reduction in fluoride content in groundwater; (v) use of silt as
nutrient/fertilizer; (vi) increase in crop yield; and (vii) opportunity to earn carbon credits
in the international market (Eptri 2015).

5.6. Expansion of water bodies and other changes

We performed change detection analysis for every crop year from 2013-14 to 2017-18
(Table 6; Figure 9) to document the changes in LULC and expansion of water bodies. We
observed that 390,329 ha of land was converted from rainfed cropland to irrigated crop-
land; similarly 95,154 ha were converted from other LULC classes to water bodies; and
conversion from other LULC classes to croplands accounted for about 1,833,900 ha. We
noticed a significant change in 2016-17: conversion from rainfed cropland to irrigated
cropland was about 395,324 ha; and the increase in waterbodies area was about 70,994 ha.
This increase might have been due to it being the fourth year of the intervention and the
fact that a good amount of rainfall with good distribution occurred that year.

We compared Mission Kakatiya districts in Telangana State with a neighboring district
of Maharashtra (as control) to assess the long-term impact of the project interventions.
Nizamabad district in Telangana was compared with neighboring Nanded district in
Maharashtra in regard to temporal changes in water bodies (see Figure 10). From 2013 to
2016, we observed a decrease in water body area due to recurrent droughts, followed by
an expansion from 2016 to 2017 in both districts. But in 2017-18, there was a decrease in



14 M. K. GUMMA ET AL.
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Figure 9. Spatial distribution of land use/land cover changes for crop years from 2013-14.

Nanded district and an increase in water body area in Nizamabad district. This disparity
was due to the implementation of Mission Kakatiya in Nizamabad.

Cropping intensity was monitored in the two districts for the crop years 2014-15 and
2018-19 (Figure 11).

It was observed the crop intensity (i.e. conversion of single crop to double crop)
increased in both districts but the tank area in Nizamabad increased more compared to
Nanded (Table 7). The increase in crop intensity in Nanded was due to other kinds of
irrigation or intervention.

6. Conclusions

Satellite remote sensing has dramatically altered the science of detecting changes in land
use and land cover. The present study applied Landsat data to monitor surface water area
(comprising of reservoirs and irrigation tanks - major, medium-sized and minor irriga-
tion systems) and irrigated cropped area changes during 2013-2018 in Telangana State
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Figure 10. Spatial distribution of tanks/reservoirs in Nizamabad district (Mission Kakatiya district) of Telangana and
Nanded district (non-Mission Kakatiya district) in Maharashtra.
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Figure 11. Spatial distribution of crop intensity in Nizamabad and Nanded districts, 2014-15 and 2018-19.

where a project called Mission Kakatiya is being implemented with a target of rejuvenat-
ing more than 45,000 tanks over a five-year period. Restoration and desiltation of tanks
have showed a significant positive impact on surface water storage, expansion of irrigated
area, recharge of the groundwater table and changes in the cropping pattern.
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Table 7. Area statistics of double crop in Nizamabad and Nanded districts.

Double crop (Ha)

S.no District 2014-15 2018-19 % change
1 Nizamabad 153191 213591 394
2 Nanded 223902 319473 427

Spatial analysis indicated a substantial increase in cropped area under irrigation as well
as expansion of water bodies over the study period. Seasonal rainfall and its distribution
played a significant role in generating conspicuous LULC changes and shifts in the crop-
ping pattern. The total tank area expanded from 294,748 ha in 2013-14 to 355,464 ha in
2017-18, resulting in an increase in total cropland and tank-irrigated areas to the tune of
about 0.6 M ha and 0.2M ha, respectively. A comparison of ground survey data and four
land use/land cover classes derived from Landsat temporal imagery also achieved an over-
all accuracy of 87% with secondary data obtained from the state government.

The methods used in this study are recommended for identifying and delineating tanks
and mapping LULC cover changes, etc. A primary and secondary database of maps and
statistics can further help and guide the effective implementation of the Mission Kakatiya
project in Telangana state. Application of higher-resolution satellite data/imagery can
improve the accuracy of these estimates and generate robust evidence on the impacts of
Mission Kakatiya.
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