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ABSTRACT

Coastal areas provide fertile soil and suitable climatic condition for agriculture. Coastal agriculture renders 
significant contribution to the livelihood and economy of the local communities and also to the nation’s food 
production. Recent years witness visible loss in the coastal agricultural areas due to increasing climatic and non-
climatic factors. Besides climatic stress, non-climatic factors such as growing population, land conversions and other 
economic activities induce dramatic changes in the extent of agricultural lands especially along the coast. This study 
attempted to assess the impact of the non-climatic factors on coastal agricultural areas of Nellore in Andhra Pradesh. 
The period of assessment is from 1990 to 2020 using temporal satellite images. The study indicated a loss of about 
28% of arable lands within the assessed period. Using the past trends, the status of the agricultural lands in 2030 is, 
Geographical Information System (GIS) and spatial modeling techniques are used for the assessment. 

Keywords: Coastal agriculture; Non-climatic factors; Geographical Information System (GIS); Prediction; Impacts; 
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images of the area with a prediction for 2030 using Land Change 
Model (LCM). Studies on rapid decrease and conversion of arable 
lands are attempted worldwide to understand the influence of 
climatic and non-climatic factors on these fertile lands to plan 
strategies to sustain the areas for crop productions [13]. Repetitive 
capture of the area using Remote sensing images and GIS analysis 
techniques of spatial data find wide application for such studies.

Study area

Sri Potti Sriramulu Nellore (SPSN) district formerly called as 
Nellore is one of the coastal district of Andhra Pradesh located 
north of Tiruvallur district of Tamil Nadu. The district has about 
48 taluks of which 3 taluks namely Chittamur, Vakadu and Kota 
are considered for the study of area 747 km2 and with a coastal 
length of 40.2 km. The area is a riverine alluvium delta formed by 
Swarnamukhiriver (Figure 1) [14]. The area is traditionally utilized 
for cultivation and in recent years rapid conversion of crop lands to 
non-agricultural activities is the prime reason to consider the area 
for the study. The geographical coordinates of the area is from 79° 
55’ 30”E, 13°49’45”N to 80° 15’00”E, 14° 10’00”N.

INTRODUCTION

Riverine deltaic plains are flat and fertile coastal areas more 
suitable to agriculture activities. Owing to their resource richness 
and livelihood opportunities, these fertile lands are utilized for 
non-agricultural activities in the recent decades [1-9]. India though 
being the second largest agriculture dependent country globally 
is no exception for this conversion trend [10]. Due to increasing 
climatic and non-climatic stress factors, arable lands especially in 
the coastal areas undergo rapid depletion. Despite new techniques 
in agricultural activities traditional crop lands witness higher rate 
of conversion [11]. The present study is objected to assess the status 
of arable lands along the Nellore coast due to non-climatic factors. 
Nellore is famous for rice production and aqua (prawn and fish) 
culture. Nellore district is called the “Shrimp capital of India” due 
to its high production of cultured shrimp. About 70% of the total 
work force is dependent upon agriculture either as farmers or as 
agricultural labor [12]. Despite fertile cultivation lands, recent years 
show a high trend towards aquaculture in the area than agriculture. 
The objective of the study is to assess the dynamics of arable lands 
in the last 3 decades from 1990 to 2020 using temporal satellite 
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Data source

Temporal satellite data of the past three decades were used to 
identify and map different Land Use and Land Cover (LULC) 
features in the study area. The satellite data of different period used 
for the study are tabulated in Table 1.

Table 1: Temporal satellite data.

Year Image Date Datum
Spatial 

resolution (m)

1990 Landsat 20-10-1990 UTM44/WGS84 30

2000 Landsat 28-10-2000 UTM44/WGS84 30

2010 Sentinel  2A 16-09-2010 UTM44/WGS84 10

2020 Sentinel2A 26-10-2020 UTM44/WGS84 10

MATERIALS AND METHODS

Temporal raw satellite images of the study area for the periods 1990, 
2000, 2010 and 2020 are georeferenced and projected to Universal 
Transverse Mercator (UTM), zone- 44N and datum-WGS 84. The 
rectified images are interpreted for different LULC features using 
Support Vector Machine (SVM) classifier. Prediction of the LULC 
features of the area for 2030 is attempted in the study using the past 
trends in LULC using Cellular Automation Coupled with Markov 
model called as ‘CA MARKOV’ prediction model. The method 
adopted for the study is explained in Figure 2.

Support Vector Machine (SVM) classifier

The Support Vector Machine (SVM) is capable of delivering higher 
performance in terms of classification accuracy than other data 
classification algorithms [15,16]. SVM is a binary classifier based 
on supervised learning which gives better performance than other 
classifiers. SVM classifies between two classes by constructing a 
hyper plane in high-dimensional feature space which can be used 
for classification. SVM are effective in high dimensional spaces. 
It uses a subset of training points in the decision function (called 
support vectors) and is also memory efficient. The interpreted 
features of different periods are spatially quantified for their change 
analysis between 1990 and 2020.

Cellular Automation Markov (CA MARKOV) model

Prediction of land features especially agriculture lands for 2030 

is one of the upscaled aims of the study. Cellular Automation 
coupled with Markov model (CA-Markov), is used as it is the most 
widely used approach to predict the spatio-temporal dynamics of 
land features [17-27]. 

There are two components in the model;

a)	 Determination of the temporal dynamics in the land features 
on a pixel by pixel basis using Markov approach.

b)	 Prediction of future spatial and temporal dynamics of land 
features based on the set of rules and probabilities generated 
by the model in the first.

GIS and remotely sensed data were used to define initial conditions 
and extent of land features. The predicted model of land features 
was developed in IDRISI TerrSet software to monitor the pattern 
changes. In order to estimate the reliability and accuracy of the 
predicted data, error matrix analysis and Kappa statistics were 
performed. Error matrix analysis indicates the consistency 
percentage between the actual and predicted values for each of the 
land feature classes considered, while kappa coefficient indicates 
the correctness and correlation of the actual and predicted features 
on a pixel by pixel basis. In the present study, 2010 was considered 
as the base year for assessing changes in land features. Generally the 
base year considered for prediction should be a normal year with 
no abnormal natural calamities recorded. 

As 2010 was found suitable, the interpreted land features of 
2010 and 2020 were used in the first component of the model to 
generate. 

•	 Rule-based transition probability matrix.

•	 Conditional probability map. 

•	 Transition area matrix on pixel basis. 

The derived transition probabilities were used as input to the 
second component of the model to generate the spatial and 
temporal dynamics in the land features for the year 2030. As 
explained earlier, the accuracy assessment of the model derived 
data was obtained by using 2000 and 2010 data for generating the 
land features dynamics in 2020, using the method detailed above 
for future prediction (Figure 2). For the purpose of validation, the 
model generated 2020 land features were compared with the actual 
2020 land features data. The error matrix and kappa Coefficient 
of correlation for the 2020 predicted data were found to be about 
92% to 94% for all the land features in the study area [28].

Figure 1: Nellore coast, Andhra Pradesh.



3

Sambandan R, et al.

J Remote Sens GIS, Vol. 12 Iss. 04 No: 1000304

RESULTS AND DISCUSSION

Temporal satellite images of 1990, 2000, 2010 and 2020 are used 
for interpretation of different land features using SVM classifier 
method using the LULC classification method adopted by Space 
Application Centre (SAC) [29,30]. The land features observed in 
the study area includes agricultural lands, aquaculture farms, sand 
dunes with and without vegetation, scrub lands, vacant lands, 
plantations, industrial areas and waterbodies such as rivers, canals, 
lakes, tanks and small patches of discontinuous water logged areas. 
Sparse patches of mangroves and mudflats are the Ecological 
sensitive areas found in the study location. Narrow stretch of 
continuous beaches is found in this coastal zone. Significant 
habitation areas include Tupilipalem, Zameen Kothapalam, 
Islamattu, Vakadu, Mallamu, Chittamuru. The total area considered 
for the study is about 746.79 km2 of which about 39% of the area 

is under agriculture followed by 21% of scrub lands. Rapid changes 
in land uses are noticed in the last 2 decades dominated with boom 
of aquaculture farms and growing habitation areas as indicated in 
Table 2 [31]. Proportion of agriculture and aquaculture areas at 
different time period indicate that among the different land use 
changes decrease in agriculture lands and increase in aquaculture 
farms are significantly high (Figure 3).

The predicted scenario of the land uses based on past trends is 
attempted in the study using Land Change Modeler (LCM) and 
the study indicated a possible increase in aquaculture in 2030. The 
study indicated a decrease in the extent of crop area from 290.44 
km2 in 1990 to 207.68 km2 in 2020. Nearly 83 km2 of crop lands 
(i.e.28% of crop area) were converted to other land uses such as 
aquaculture farms, settlements, commercial areas, plantations, 
water storage areas such as tanks, canals or as scrub lands (Figures 
4a-4d).

Figure 2: Support vector machine methodology for raw satellite prediction and accuracy.
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Table 2: Temporal LULC features in the study area.

LULC

Area (km2)

1990 2000 2010 2020 2030

Agriculture 290.44 269.57 245.84 207.68 163.42

Abandoned aquaculture 0 0 2.82 0.79 0.17

Aquaculture 0.82 9.51 20.31 41.64 94.16

Canals 2.75 2.66 2.62 2.51 2.07

Coastal dunes 13.62 13.55 10.62 8.52 7.54

Fallow land 56.53 74.35 98.61 135.14 176.02

Industry 0.03 0.13 0.24 0.35 0.49

Lagoon 12.65 14.95 15.12 15.25 15.62

Lakes 8.88 9.01 9.99 10.11 10.48

Scrub lands 157.18 154.22 141.22 120.05 67.05

Vacant lands 58.77 49.34 41.64 35.27 24.36

Mangroves 0.64 0.81 1.04 1.18 1.25

Mudflats 34.52 35.01 35.84 36.51 37.02

Plantation 20.03 20.57 22.85 24.78 27.84

Reserve forest 6.01 6.01 5.99 5.97 5.95

River 11.1 10.95 10.52 9.92 9.27

Saltpans 0.1 0.16 0.22 0.24 0.31

Sandy area 10.85 10.61 10.52 10.18 9.74

Sandy beach 1.74 1.47 1.34 1.26 1.11

Settlements 12.91 18.84 26.55 38.21 56.21

Tanks 42.61 41.08 40.35 39.24 35.44

Waterlogged area 4.61 3.99 2.54 1.99 1.27

Total area (km2) 746.79 746.79 746.79 746.79 746.79
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Figure 3: Dynamics of agriculture vs . aquaculture (1990-2020) with prediction for 2030.
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Figure 4a:

290.44 269.57 245.84 207.68 163.42

0.32 6.67 7.36 11.89 12.72

Figure 4b:

290.44 269.57 245.84 207.68 163.42

0.32 6.08 7.01 9.64 11.31

Figure 4c:

290.44 269.57 245.84 207.68 163.42

5.63 8.12 9.36 16.63 20.23

 Economic activity vs . decreasing arable lands.

 Growing population vs . decreasing arable lands.

 Converted land features vs . decreasing arable lands.
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Accuracy indicates the proportion of all the reference sites 
considered for classification upon the number of sites correctly 
classified and it is usually expressed as percent. The kappa statistics 
indicates the closeness of the instances classified by the machine 
learning classifier upon the actual data and is expressed in decimal 
[41]. The expressions used for accuracy assessments are given in 
equations 1 to 4. The most accurate classification is expressed as 
value 1 and the accepted level of accuracy of the interpreted features 
obtained using Remote Sensing data is about 85% as recommended 
by different authors [42,43]. The detail accuracy classification for 
the years 1990, 2000, 2010 and 2020 are tabulated in Table 3.

( )
        100..........(1)

          
Number of correctly classified pixels in each categoryUser accuracy

Total number of reference pixels in that category Row total
= ×

( )
          100..........(2)

         
Number of correctly classified pixels in each categoryProducer accuracy

Total number of reference pixels in that category Column total
= ×

( )     
  100..........(3)

    
Number of correctly classified pixels Diagonal

Overall accuracy
Total number of reference pixels

= ×

( ) ( )
2

-     
 (T) ..........(4)

(   -  )
CS TS Column Total x Row Total

Kappa Statistics
TS Column Total Row Total
×

=
−∑
∑

Where, 

CS–Correct Samples

TS–Total Samples 

Village wise status of decreased arable lands 

Gradual decrease of arable lands is the major concern of the study. 
Figure 5 indicates the temporal changes in the agricultural lands 
over the study period. The existing traditional crop areas from 1990 
to 2020 were indicated as light green. Newly converted arable lands 
between 1990 and 2020 mostly from vacant and scrub lands are 
indicated in dark green color while expected new agriculture areas 
predicted for 2030 is indicated as yellow. Similarly lost agriculture 
areas between 1990 and 2020 are indicated in red and expected 
loss of agriculture lands in 2030 is indicated in violet color. The 
assessment clearly indicated a higher proportion of loss than new 
agriculture areas both in the present and in predicted scenarios. 
The new and loss of crop lands in the present scenario was in the 
ratio of 1:3 while the same showed an escalated ratio of 1:4 in 2030.

The study further indicated a gradual increase in the fallow lands 
from 1990 to 2020 (Table 2). Assessment of the reutilization of 
fallow lands indicated that about 46% of the fallow lands were 
used for agriculture and about 23% for aquaculture farms, 9% 
to habitation and about 22% to other land uses such as tanks, 
plantations, commercial areas or left unutilized as scrub lands 
over the assessed period. The changes in the land uses further 
indicated noticeable migration of human settlement areas and 
economic activities in the coastal zone than in the inland owing to 
wider resource opportunities. For instance, aquaculture farms and 
human habitations found at about 1 km to 1.3 km from the coast 
in 1990 were found at about 500 m from the coast in 2020. The 
settlement areas are found to increase 3 times in 2020 (38.21 km2) 
compared to 1990 (12.91 km2) and predicted to increase further 
in 2030 as stated by the United Nations Convention to combat 
Desertification (UNCCD) and aquaculture farms has increased 
50 times between 1990 and 2020 as also indicated by other 
sources [32,33]. Other significant features with dynamic changes 
include scrub and vacant lands available in the study area besides 
agriculture and fallow lands. Increasing coastal population and 
economic activities replacing agriculture areas clearly indicate the 
need of the local communities for better livelihood opportunities 
and resources. The future trend of the coastal agriculture attempted 
in the study indicates the possibility of significant replacement of 
crop areas by other activities in many places (Figure.3). Coastal 
natural features may be disturbed to a greater extent in future as 
indicated by the predictions. A unique aspect in the distribution of 
land uses in the study area is that significant proportions of land 
are found as scrub (16% to 21%) and vacant lands (5% to 8%) due 
to its rocky nature [34]. Availability of these features is considered 
as an additional factor for rapid growth of economic and habitation 
areas.

Accuracy assessment of classified features

The accuracy assessment of classified features is essential to ensure 
the reliability of the interpreted temporal land use and land cover 
features [35-40]. Accuracy can be expressed in two ways namely 
‘Overall accuracy of classification’ and ‘Kappa statistics’. Overall 

Figure 4d: Fragmented arable lands for different activities.

290.44 269.57 245.84 207.68 163.42

3.14 20.87 23.73 38.16 44.26
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Figure 5: Village wise status of decreased arable lands (1990 to 2020).

Table 3: Accuracy assessment of classified land use and land cover features.

Accuracy
LULC Features (Support Vector Machine (SVM) classifier)

1990 2000 2010 2020

Overall classification 88.26% 91.18% 92.36% 93.68%

Kappa statistics (k) 0.8717 0.9074 0.9151 0.9301

Producer accuracy 85.20% 89.40% 91.60% 92.80%

User accuracy 87.60% 86.70% 90.30% 93.10%

loss and gain of arable lands over the study period. The assessment 
indicated that no villages had negligible change in their arable 
land extents between 1990 and 2020. For better assessment of the 
changes in arable lands, areas with more than 20% improvement 
in crop lands were indicated in green, areas lost more than 20% of 
their traditional arable lands are indicated in red and areas with less 
than 20% improvement and loss are shown in yellow in Figure 5. 
The status classification of villages based on changes in their arable 
extents was not found to have any particular trend over the years.

This pattern of conversion clearly indicated the urge of the locals 
for better alternative livelihood opportunities to traditional 
agriculture. Despite the fact that decline of cropping areas would 
impinge a serious imbalance in country’s food production, the 
trend continues to prevail. The study indicated that out of the 110 
villages, about 33 are under high loss of arable areas, 32 are under 
significant improving areas, 31 villages have <20% proportion of 
loss and new arable areas and 14 villages mostly close to the coast 
have no agriculture areas mainly due to poor groundwater areas and 
saline water intrusions [44]. The details of villages in each category 
were tabulated in Tables 4a-4d.The fact of concern from the study is 
the increasing number of villages with loss of arable lands than the 
other two categories. Also noted during the study is the increasing 
loss of arable lands for similar alternative activities in the adjacent 
taluk of Nellore district (Figure 6). 

The higher ratio of loss can be interpreted as the chances of 
increased magnitude of stress factors on agriculture lands in future. 
Continuous stress and loss of coastal arable lands can aggravate a 
serious setback on the sustainability of food production capacity 
of the area. Further to indicate, Figure 6 shows a gradual to rapid 
conversions of arable lands in the neighborhood coastal areas 
between 1990 and 2020. Continuous conversion of arable lands 
needs immediate and serious attention to avoid imbalance in the 
food production of the state and for the nation.

The village wise assessment of decreased arable lands over the study 
period. There are about 110 villages within the study area of different 
dimensions and most of the villages practice agriculture as their 
traditional occupation except villages close to the coast. Changes 
in arable areas over the study period included both improvement 
and loss in various proportions. High rate of conversion is found 
dominant in the villages close to the water bodies (indicated in red 
in Figure 5) between 1990 and 2020. However predicted scenario 
indicated distributed loss of arable lands indicated in violet (Figure 
5). According to the present study, the overall improvement in the 
extent of arable lands in the last two decades is about 9% and loss 
is about 28%. However the predicted scenario for the next decade 
shows a decreased proportion in the gain and a higher proportion 
in loss of arable lands indicating the possibility of higher rate of 
conversion of arable lands in future. Changes in the arable lands are 
further assessed village wise to understand villages with significant 
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8 Uthamanellore

9 Illukurupadu

10 Putchalapalle

16 Allampadu

17 Vanjivaka

18 Kota

21 Lakshmakka

22 Thinnelapudi

25 Ganganapalem

33 Nagulamarri

34 Gundlu

36 Polla

38 Pudilayadoruvu

40 Vakadu

47 Maddali

61 Tirumur

62 Uttara

63 Putragunta

64 Pothunayanipalle

73 Mallam

75 Durgavaram

77 Devuni

110 Molaganur

79 Somasamudram

80 Kogili

81 Ranganathapuram

82 Perantravulamitta

83 Ellore

85 Jalapeddipalem

86 Veligajulapalle

91 Buradagali

Total Villages 32

Table 4(c): Details of villages with different arable land dynamics with 
<20% Loss and New arable lands.

Village ID Village Name

1 Turpu

2 Kothapatnam

3 Siddavaram

5 Vellapalem

15 JaminKothapalem

20 Chendodu

Table 4(a): Accuracy assessment of classified land use and land cover 
features.

Village ID Village name

6 Pallamala

7 Nellorepalle

19 Kothapalem

23 Yaragatipalle

24 Pulikorru

42 Gudali

43 Chittodu

44 Rudravaram

45 Kesavaram

48 Kurugonda

49 Chillamathur

50 Kuchiwada

51 Gunupadu

52 Annamedu

53 Mettu

54 Kondapuram

55 Pellakuru

56 Eswarawaka

57 Chittamur

59 Kalluru

60 Cherukumolam

74 Vadlavanipalle

76 Pittivanipalle

87 Reddipalem

92 Kummarapalem

94 Kalagurthipadu

95 Aruru

98 Yellasiri

99 Mannemala

100 Chillamuru

106 Gottiprolu

107 Yakasri

109 Marlapalle

Total villages 33

Table 4(b): Details of villages with different arable land dynamics with>20% 
New arable lands.

Village ID Village name

4 Karlapudi
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26 Iskamattu

35 Chennappagarimitta

37 Kotha

39 Nellipudi

41 Kasipuram

46 Kadivedu

58 Muttembaka

66 Mangalavaripalle

67 Mukkidipalem

68 Duggaraja

69 Gangupalem

70 Gollapalem

71 Kothapalem Bit I

72 Kokkupalem

78 Padarthivari

84 Palamparthy

90 Reddipalem

93 Karikadu

96 Varthur

97 Tadimedu

101 Puderu

102 Molakalapudi

103 Uppalamarthi

104 Addepudi

105 Marlamudi

Total Villages 31

Table 4(d): Details of villages with different arable land dynamics with no 
arable lands.

Village ID Village name

11 Valamedu

12 Pathetipalem

13 Andalamama

14 Namkadu

27 Juvvinattu

28 Budidalawagu

29 Konduru

30 Manyalanattu

31 Namkadu bit I

32 Kapparampadu

65 Cheemalapadu

88 Pambali

89 PudiyaYadoruvu

108 Ravulagunta

Total villages 14

Figure 6: Converted traditional arable lands to economic activities 
(1990 to 2020). Note: () In the study area; () In the different taluks.        

Suggestions to sustain coastal agriculture

India is the second largest agriculture based country with more 
than 58% of its dependent population. Though annual food 
production statistics show an increasing trend, the spatial extents 
of arable lands show a significant decrease in the recent years due 
to increasing interventions of capital intensive activities. Besides 
economy, lack of skilled laborers, degradation in soil fertility, 
frequent disaster damages, dynamic changes in adjacent land uses 
are some of the key driving factors responsible for decrease in 
arable lands. The changes in the arable lands based on their size 
from the present study indicated a loss of about 69% of small lands 
with less than 1 km2 to other activities during 1990 and 2020 due 
to limited capacity of the land holders to defend their economic 
needs. Fragmentation of arable lands to accommodate parallel high 
income economic activities such as aquaculture farms are noticed 
in the study. These non-agricultural conversion factors resulted in 
increase of fragmented lands with area about 5 km2 by 24% from 
large arable lands with more than 5 km2 which indicated in Figure 
7. The geological formations of the area comprise of river alluvium, 
coastal alluvium and windblown sand deposits of quaternary 
period. The study area falls under the river alluvium formed by 
Swarnamukhi river delta and coastal alluvium. Though the ground 
water zones are significantly good in these areas saline intrusion 
forms a major setback in the water quality which is implicated in 
the irrigation and sustainability of crop lands in the area [14,45]. 
Major factors responsible for ground water salinity are localized 
high nitrate pollution due to excess use of fertilizers, urban sewage 
disposals, improper drainage systems and unregulated growth of 
aquaculture farms in the area. The present rate of loss of arable 
lands may convert the area from agriculture based to economic 
based zone in the future.
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Figure 8: Envisaged status of arable lands in the study area. 

b)	 Combination of traditional and new biotechnological 
approaches in farming. 

c)	 Mixed crops.

d)	 Integration of agriculture with other accommodative activities 
such as forestry and fisheries.

e)	 To avoid land and water deteriorating activities in close 
proximity.

f)	 To plan and to include agriculture in integrated management 
plan for coastal areas. 

g)	 Training and awareness programs for traditional farmers about 
global climate change challenges, disaster mitigation measures, 
and modern methods of farming and skill development 
programs on modern equipment.

Encouragement in the form of incentives, competitive market 
prices and loans to motivate educated young locals to agricultural 
sector. Periodic discussion to address the issues of farmers may 
provide a better scientific and strategic approach to sustain fertile 
coastal arable lands for their actual purpose and service. The 
effective plans may avoid or rather minimize the rate of conversion 
of coastal arable lands as indicated in the present and predicted 
scenario in Figure 8 and would provide a better improved coastal 
arable lands in future indicated as “Envisaged” status of the arable 
lands in future. The status of various features as obtained from the 
field verification was shown in Figure 9 [46]. 

Figure 7: Changes in the traditional arable lands from 1990 to 2030. 
Note: ( ) Arable lands<=1 sqkm; ( ) Arable lands<=5 sqkm; ( ) 
Arable lands>5 sqkm.

Best practices as suggested by several agricultural experts includes:

a)	 Adaptation of new variety of crops that uses less water, pest 
resistant, saline tolerant, flood managing and high temperature 
withstanding.
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Figure 9:
crop; f) Irrigation tank

 Field locations of the study area. Note: a) Agriculture field; b) Field adjacent to canal; c) Scrub land; d) Aquaculture farm; e) Mixed 
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CONCLUSION

The study assessed the changes in the arable lands of the 3 taluks 
of Nellore district namely Chittamur, Vakadu and Kota for the 
period 1990 to 2020. The study indicated a loss of 28% of arable 
lands to other non-agricultural activities mainly aquaculture farms 
and settlement areas. The predicted status of the arable lands for 
2030 indicated a further loss of 21% of arable lands o aquaculture, 
settlement and other non-agricultural activities. Upon the present 
and future scenario of arable lands, the study indicated suggestions 
to sustain the fertile traditional arable lands for crop production 
rather to convert to capital intense activities. Attention, remedial 
measures and plans to sustain arable lands are the immediate 
requirement against the forthcoming threat “No land to farm”.
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