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Abstract — Agriculture in Coimbatore forms a significant part of Tamil Nadu's agrarian heritage. It serves as a chief
architect of agricultural fortunes for this state and sustains a primary livelihood for a large portion of its people. Being the
third-largest district of Tamil Nadu, Coimbatore has further augmented itself in importance through its agricultural prowess,
substantially beefing up the economic framework existing within the state. The study aims to devise predictive models to
aid the farmer in choosing the best crops in certain subdivisions of Coimbatore. Thereby, with the help of greater data
analysis, machine learning techniques, and improved visualization techniques, we try to augment sustainable agricultural
development in the area. It becomes clear that while maximizing harvest efficiency, one must ensure that crops are laid out
under an environment close to optimum, thus an emphasis on predictive analytics and data-driven decisions. The dataset
has been further designed to enhance visualization with key agricultural parameters like soil micronutrient levels and
historic crop data, complemented by the models, which take future weather predictions into account for accurate
agricultural recommendations that ultimately improve crop yield and resiliency in Coimbatore's agriculture.

Keywords — Agriculture, Crop Prediction, Machine Learning, Data Visualization, Soil Micronutrients, Sustainable
Farming.

I. INTRODUCTION

Technological and scientific progress have allowed us today to solve big problems in ways that can be maintained and
repeated. The research conducted now is aimed at fixing present problems and also planning research for the future, as well
as preparing a body of information for human society, people and economies. Sharp scientific studies in research usually
fit well into the worldwide economy and help society by giving it both direct and indirect benefits. Because we entered the
age of post-humanism, the change in what intelligence is refers to mixing human and machine learning and insights as the
important turning point in evolution. So, using technology to solve problems has helped people develop further. Since crops
may fail and soil nutrition is poorly understood, using fresh ideas and new technologies can make a big difference in the
agricultural industry. It aims at creating a predictive solution that could help agriculture save money. Even though farming
only directly accounts for 3-4% of world GDP, its huge indirect effects keep about 26% of the global population employed.
The security of food, economic steadiness and social support rely greatly on agriculture. Using the right technology and
helpful development methods can help farmers raise their yields and earn more money. Regularly observing crops is
important because it greatly increases the crop yield. Changes in both risks of diseases and unfavorable weather are
important factors that impact crop yields, as H. Akcay argued [1]. This supports that optimized predictive solutions are
time-sensitive and that real-time crop monitoring helps manage soil, water and the impact of climate change better, through
the implementation of Internet of Things applications, according to S. Bera [2]. In Fig 1, you can see which crops are
grown the most in Coimbatore, organized by the area they occupy.[13]

People working in General Data Science, Analytics and Machine Learning have used data mining broadly to make
predictions from historical data. Sticking to the suggestions from Tanja Groher [3], precision farming can recommend
which crops are best suited based on micronutrient assessment in the soil. Crops depend on boron (B), pH, zinc (Zn),
manganese (Mn), iron (Fe), copper (Cu), organic carbon (Oc), molybdenum (Mo), chlorine (Cl), nitrogen (N), phosphorus
(P) and potassium (K) which are micronutrients. Great effort will be made to get the right soil data, decide the most suitable
crops to plant where and test these findings in Coimbatore, a notable north-western district of Tamil Nadu.
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Rivers like the Bhavani, Noyal and Amaravathi provide lots of water to Coimbatore’s well-nourished and fertile soils.
Among surface water bodies in the district, are the Aliyar and Siruvani reservoirs. More than 18% of the land is made up
of deep red soil and black soil makes up 15.4%. The rich alluvial soils found along river valleys make farming different
and various [5]. About one-third of the district or 312,900 ha, is cultivated for agriculture and coconut is the main crop.
Additional crops grown for business purposes in the region are sorghum, maize, tea, areca nut, banana, mango and
vegetables. Here are the 3 tables that give you an organized overview of the important soil types and major crop plantings
in Coimbatore city.

WAEPARAN

COIMBATORE DISTRICT
Fig 1. Major Crops Cultivated in Coimbatore.
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Fig 2. Major Crops Cultivated in Coimbatore.
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The seasonal trends or changes in planting major crops in Coimbatore are shown in Fig 2. The different soil types found
in Coimbatore and their attributes are described in Table 1. The major crops of Coimbatore are displayed in Table 2 which
indicates that food crops, commercial crops and horticultural crops are grown there [6].

Table 1. Major Soil Types in Coimbatore Soil Type Coverage (%) Notable Areas

Soil Type Coverage (%) Notable Areas
Deep Red Soil 18.6% General plains
Black Soil (Regur Sail) 15.4% Palani, Pollachi
Alluvial Soil Minor Areas Along riverbeds (Noyal and others)

II. LITERATURE REVIEW

Various studies have found that machine learning (ML) and deep learning (DL) are changing the way soil is examined and
the types of crops that are recommended. [4] pointed out that the work on using ML and DL to visualize soil data was done
by working together with data visualizers and soil researchers. Moharana P.C. [5] next suggested using a digital soil
mapping method to estimate soil depth for regional land-use planning support which then supports national and
international land resource management strategies.

Through the use of ML, Badshah A. [6] discovered that the precision farming process could be improved, helping more
food be produced, risks lowered, food security guaranteed and sustainable agriculture practices maintained [7].

Table 2. Major Crops Cultivated in Coimbatore Crop Cultivated Area (in Hectares)

Crop Cultivated Area (in hectares)
Coconut 84,000
Sorghum 34,000

Maize 25,844

Tea 11,191

Areca Nut 1,800
Banana 8,142
Mango 2,400
Tomato 2,000
Small Onion 1,080
Curry Leaves 1,000
Gourds 720
Brinjal 380
Groundnut 5,719
Black Gram 957
Horse Gram 1,703

Cotton 731
Sugarcane 1,338

Lots of efforts are being made to apply artificial intelligence in various ways. Ajith S. [7] introduced AI approaches that
can help by detecting and classifying pests, monitoring irrigation, preparing very detailed soil fertility maps and spotting
defects and contaminants in food grains. MLP model outperformed other types of models which reflects findings described
in scientific literature. The models have all been tested using MAPE, RMSE, nRMSE and percentage deviation and
according to the outcomes, Random Forest (RF) came out top, followed by Support Vector Regression (SVR) and Deep
Neural Networks (DNN)[9]. Also, Aravind K.S. [9] demonstrated that these models could accurately estimate wheat yields
at various district levels during various crop growth stages. Garanayak [11] mentioned that regression models brought
additional analytical power to CRS, helping farmers to choose crops that match the current environment. All the studies
show that bringing ML and DL to agriculture through intelligent CRS can lead to significant changes. These methods
change the way agriculture is done, with a focus on being environmentally friendly, based on data and accurate [12]. Table
3 lists the notations explained throughout this paper and their descriptions.

Table 3. Notations and Descriptions

| Notation || Description |
| D || Complete dataset collected (soil samples, surveys, and lab records) |
| Ds | Soil sample data subset |
| Df || Farm survey data subset |
| Dp | Records from soil testing laboratories |
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| Notation || Description |
| A | Avrea of land in square meters or hectares |
| N || Nutrient vector, e.g., N=(N1,N2,...,NK) |
| Nk || level of a nutrient |
| T || Training dataset used in machine learning |
| Ts || Testing datasets used in machine learning. |
| 1 || Mean of a particular feature (e.g., nitrogen level) |
| o\sigma || The standard deviation of a feature |
| Q1 | The first quartile (25th percentile) of a dataset |
| Q3 || Third quartile (75th percentile) of a dataset |
| IQR | Interquartile range |
| Z || Z-score for normalization |
| || Classification model (e.g., Decision Tree, Random Forest, etc.) |
| y || Predicted label (block mapping or class) |
| y || True label from dataset |
| Acc | Accuracy of classification model |
| Vb | Visualization for block bb |

III. DATA VISUALIZATION AND DATA ANALYSIS METHODS
Machine-learning (ML) algorithms are used in this study to identify the best crops for each type of soil based on the climate,
focusing particularly on Coimbatore. Using this method, crop recommendations get improved predictions by refining a
base model through training on data specific to the region. This helps the system able to classify users correctly and with
realism. Here is an architecture diagram Fig 3 that is used for data analysis and data visualization, including gathering,
adjusting and viewing data
The main approach covers:
e The handling of agricultural data before analysis, to eliminate noise and make sure the values are all kept
within a small range.
e Make sure to concentrate on soil values (like pH, moisture, nitrogen), the weather and old yield levels when
selecting features.
e Ensemble machine learning is used here with methods like Random Forest, Decision Tree and Support Vector
Machines.
o Test how accurately the models perform using MAPE, RMSE and F1 score.

Dataset Collection
The data used in this study, then, revealed the types of plants and agricultural diversity found in the Coimbatore district.
Information drawn from the Senior Agricultural Officer in Coimbatore involved [21]:

Smart Agricultural Recommendation System for
Crop Suggestion Using Data-Driven Classification

Data Collection

Classification of Dataset

Soil health —> PP >
Weather as "Cropscbe
Irrigation l
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N A W/ < iy |
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Fig 3. Architecture Diagram for Data Visualization and Data Analysis.

2791



ISSN: 2788-7669 Journal of Machine and Computing 5(4)(2025)

Soil factors considered are pH, texture, moisture, N, P and K. Rainfall, temperature, humidity and seasonal features are
included in weather parameters. Past crop yields and what the land has been used for.
It outlines how the dataset contains samples from each block and displays data for pH, EC, OC and crop type included in
the dataset Fig 4.

Crop Organic Nitrogen
I AreaUnder . 9 . 9
S leN b Stat District SoilT H EC Nit kg/h
ampleNumber ate istric Group: Tt itin oilType p Carbon(%) Nitrogen (kg/ha) g/ha
KA 4933 Tamil coinbatoren onon CoONUt sandy o 55 33 1300 1300 180
Nadu m GI"meCrops (=5 tree/ha) Loam % ¢ ¢ ! o ¢
) Tamil . . Plantation Coconut Sandy .
A 4934 : 3 140, 0, :
K 93 Nade CmmbatoreCrops (Eteama)  oam 60 53 0,36 0,0 140,0 16,0
Tamil ) Plantation Coconut Sand i
KA 4935 Coimbatore . Y 6,2 6,4 0,30 120,0 125,5 15,5
Nadu Crops (=5 tree/ha) Loam
. Tamil . Plantation Coconut Clay X e s ,
KA 4936 NG _.OImbatoreCmpc‘ (>S5 treafha) Loara 6, 5, 0,32 25,0 145 13,0
—— L L — Plantation Coconut Clay i 4 031 - 4 —_—
9 Kiadii oim c\lorecropS (3n/ha) Vears - 6, ,3 5, = W 3,

Fig 4. Block-Wise Dataset Sample Values.

Index 'SampleNumbex ', 'Dtistrict', 'Block',
'Crop Group', 'Available Crops'*' 'AreauUndexr
Cultivation', 'SoilType', pH', "EC',
'Organic Carbon(%) ', '"Nitrogen (kg /ha)’',
'Potassium (kg/ha)', 'Sulphur (ppm)',

'Zinc (ppm) ', 'Boxron (ppm)', 'Iron (ppm),
'Manganese (ppm) ', '"Coppexr (ppm)

dtype: object

Fig 5. Index.

Fig 5 explains the method for mapping elements in the dataset, like blocks, features and crop codes. It provides details
of the crops grown and their yields in chosen blocks from Tamil Nadu which is in the Coimbatore District. Plantation crops,
Cereals, Oil Seed, Pulses, Fibre Crops, Fruits, Sugar Crops and Vegetables are listed by the Crop Group. Sandy loam, sandy
clay loam and Black soil are the main soil types in Coimbatore. There are crops like Coconut, Sorghum, Maize, Groundnut,
Horse gram, Cotton, Sugarcane, Banana, Tomato, Snake Guard Tuberose, French bean, Mung dhal, Jasmine, Arecanut,
Mango, Bengal gram, Onion, sesame, Black gram, Cauliflower, Cucumber.

Next, this information was arranged and made digital so that it could be used for training the ML models [14]. The
choice of suitable crops for every region will depend on the dataset, supporting local farmers in choosing what to grow.
Additional work was done to increase the model’s ability to perform by using outside data and datasets available to many
agricultural research organizations. Careful treatment of missing values and data standardization are carried out to maintain
the stability and dependability of machine learning models [15].

Data Analysis

It is necessary to use data analytics in advance for the prediction prototype to be accurate. Using descriptive data analytics,
insights can be found and the dataset’s appearance can be seen. After everything is imported, the remaining missing values
in attributes are carefully checked. Crop recommendation has no missing data for any attribute, as seen in Fig 4 [25]. After
confirming there are no missing values, the attributes for the datatype are chosen and displayed in the Fig 5. Next, there
are lists of all the possible values in the dependent variable and the available crops which can be seen in Fig 6. In their
article, Durai and his colleagues examined the results of a study of 530 females [4]. Fig 6 illustrates the number of missing
values for different features in the data, to detect any problems in the quality of the data. This figure shows that all the
features in this data are either numbers, categories or Booleans [17] Fig 7 shows Data Types.
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Fig 6. Missing Values After Processing.
SampleMumber object
State object
District object
Block object
Crop Group object
Available Crops object
AreaUnderCultivation floate4
SoilType object
pH floatea
EC floate4
Organic Carbon(%) floate4d
Nitrogen (kg/ha) floate4d
Phosphorous(kg/ha) floate4d
Potassium(kg/ha) floate4d
Sulphur(ppm) floate4d
Zinc({ppm) floate4d
Boron(ppm) floate4d
Iron(ppm) floate4d
Manganese( ppm) floate4d
Copper({ppm) floate4d
dtype: object
Fig 7. Data Types.
Crop Group

The number of crops researched decreases as it becomes more common to find Coconut, Sorghum and Maize, since these
three yield more. The abundance of different grains and the big returns they give in farming are clearly explained in 3.1.
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Dataset Collection. Fig 8 shows all the available crops in the dataset along with how often they occur. For classification,
Fig 9 groups crops under the headings of cereals, fruits, vegetables and so on [16]. Table 4 shows Available Crops [18].

Available Crops

Coconut (=5 years,175 tree/ha) 1439
Sorghum (rainfed) 724
Maize Hybrids (irrigated) 461
Banana (green land,Varities than Nendran, 281
Maize (rainfed) 169
Maize varieties (irrigated) 162
Groundnut (rainfed) 86
Tomato (Hybrid) 57
Black gram (rainfed) 54
Onion (irrigated) 48
Horse gram 46
Arecanut (1300 plants/ha,>5 years) 39
Coffee 36
Cotton (rainfed, SVPR 2) 31
Sugarcane (plant) 25
Sesamum (rainfed) 20
Cauliflower 16
Jasmine (4400 plants prainfed) 15
Tuberose 12
Mango (278 trees/ha) 9
Tapioca (rainfed) 2
Narma: Auailalhla Crane Afvaas indQ A

Fig 8. Available Crops.

Table 4. Available Crops

Available Crops Crop Group Count
Sorghum (rainfed) Cereals 724
Coconut (>5 years, 175 tree/ha) Plantation Crop 539
Coconut (>5 years, 175 tree/ha) Plantation Crops 510
Maize Hybrids (irrigated) Cereals 461
Coconut (>5 years, 175 tree/ha) Plantation crops 390

IV. DATA VISUALIZATION AND OUTLIER DETECTION
When a data point is directly standing out from the rest of the group because of its extremely high or very low value, we
say it is an outlier. One reason for this outlier is wrong measurements or some mistakes in the data [19]. Special sensors
can detect these outliers and keep them from influencing the gathered results. Many types of outliers are used in various
areas using common techniques.

Soll nutrition Crop List
Data Analysis & % L

- Visualization
t—1— nitrogen (N) / Banana =
—1 phosphorus (P) Sorghum L
—) potassium (K) Ground nut |

—_—
—  micro nutrients Cotton |
. Dam N\ Data Cleaning-\, Data Pre- “\\Available Crop '\, Crop Group "\ Date Visualiation',

/ Collections // // - processing // List )/ List . by bloc

Fig 9. Data Visualization.
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The statistical approaches used here for cutting off outliers are called the box plots and the IQR Technique. Fig 10
illustrates that the pH of the soil showed it to be higher than 7.50 and as a result, those data are considered outliers. The
data visualization dashboard in Fig 11 allows users to notice relationships and distributions among variables in the data.
The Interquartile Range (IQR) is the method shown in Fig 12 for identifying outliers in soil data [20].

Interquartile Range
(IQR)
Outliers S Outliers
: a| |oo
"Minimum" "Maximum"
@ - 1.5*IQR) Q1 Median Q3 (Q3 + 1.5*IQR)
(25th Percentile) (75th Percentile)

Fig 10. IQR Method.

Interquartile Range (IQR) is calculated by taking the difference between Q3 and Q1.
e 1)[21]. IQR = Q3 -Q1.
o Data points that are more than 1.5 IQR below Q1 or more than 1.5 IQR above Q3 are usually seen as outliers.

Lower Bound: Q1 - 1.5xIQR Upper
Bound: Q3 + 1.5%IQR

e Z-score uses the method called Z-score. Compute means doing simple arithmetic: a data point should be separated
from the average.

Z=X-Wwlo @

Durai SK (2018) [12]. Data anomalies are evident in mathematics, and they are common in crop prediction; thus,
dealing with such errors is important. In Fig 14 below, values greater than 7.00 up to 9.50 are found to be outliers using
Inter Quantile Range. Fig 13 illustrates identifying outliers for soil pH by boxplot statistics. Fig 14 explains the process of
locating outliers in soil Electrical Conductivity (EC) measurements from various blocks. Fig 15 depicts how outliers were
found in the soil Organic Carbon (OC) values included in the dataset.

Soil Parameters by Crop Type

pH EC
0.75
8.5 0.50 8
a0 0.25
S %)
= = 0.00
7.5
0.25

Coconut Maize Hybrids Sorghum
Crop

Coconut Maize Hybrids Sorghum
Crop

Organic Carbon (%) Potassium (Kg/ha)

o 400
0.8
350
0.7 o
0.6 5 300
]
0.5 ‘7 250
o

o

QOrganic Carbon (%)

Potassium (Kg/ha)

Coconut Maize Hybrids Sorghum Coconut Maize Hybrids

Sorghum
crop Crop

Fig 11. Soil Parameters by Outlier Detection.
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Fig 5 shows the process of finding soil Electrical Conductivity (EC) outliers in various farm blocks. This diagram
Fig 11 illustrates how outlier detection is carried out for soil OC values.

V. DOMINANTLY HARVESTED CROPS AND THEIR DISTRIBUTION BY BLOCK
Earlier, it was proven that coconuts were the main crop of Coimbatore and Annamalai and Pollachi (North) districts after
Thondamuthur and Annur. The crops grow most productively in Sulur, S.S. Kulam, Karamadai and Kinathukadavu blocks,
but in the Sultanpet area of Pollachi (south), they produce the least. Look at this next chart to understand which crops are
being planted most and where. Coconut covers the biggest area in this district over 83,887 ha. The remaining noteworthy
crops are Cholam and Banana which are grown across 25844 ha and 8126 ha.

Only 2355 hectares are used for rice cultivation. The two most significant crops among the pulses are black and horse
gram. 1338 ha were planted to sugarcane, and 731 ha were planted to cotton. The Annur block has the highest groundnut
productivity (3034 kg), followed by Pollachi (s) (2500 kg). In cotton, P.N. Palayam recorded a greater productivity of 4000
kg, while the Anamalai, Karamadai, and Sulur blocks had the lowest yield of 2600 kg.

With 2834 hectares in Karamadai, 1060 hectares in Thondamuthur, and 1338 hectares in Annur block, bananas are the
main crop in the 12 blocks of the Coimbatore district, according to the collated dataset below. The Annamalai and Pollachi
(North) blocks have the highest production (54 tonnes/ha), while Sultan Pet has the lowest output (31 tonnes/ha). Mango
cultivation covers 1046 hectares in Anamalai and 500 hectares in other blocks. The productivity in Kinathukadavu and
Sulthanpet is 7 tonnes/ha. More than ten hectares of sapota are cultivated in Annur, Sulur, Sultanpet, and S.S. Kulam. The
Western Roman Empire was merely a rump state that disbanded during Justinian's reign. The area planted for fruit crops is
greater in the Annamalai, Annur, and Karamadai blocks than in the other blocks.

The story depicted in Fig 14 shows the known set of crops that are commonly grown as well as the amount of organic
carbon each block. The association between the pH levels of the soil in Coimbatore blocks and commonly grown crops is
depicted in Fig 20. Thondamuthur block has more than 1000 hectares dedicated to vegetable cultivation out of all the
blocks in the district. With 739 hectares in Madukkarai, 453 hectares in Kinnathukadavu, and 314 hectares in
Thondamuthur, tomatoes are the main vegetable. In Thondamuthur, onions occupy a larger percentage of the 553 hectares
of land. Once more, 82 hectares of cauliflower are planted in the same area.

During the time under consideration, the blocks' tomato productivity varied from 11 to 32 tonnes/ha. In the Sultanpet
neighborhood, greens are grown on a 25-hectare plot of land. In the blocks of Madukkarai and Kinnathukadavu, pepper is
produced on 125 and 108 hectares, respectively. With an area of 1131 ha, curry leaf is grown as a significant crop in the
Karamadai block, followed by 136 ha.

Soil Parameter Distribution by Block and Crop

= pH (36)
EC (%)
12 Organic Carbon (%)
103 05
10 L)
1] -
a5 [ - BG . - - - S BB
a3 a4 B4 B4 B4 b4
—_ - _ a1 A B0 B1 B1 81 82 81
Z g 78 B 80 +
@
&
a . 59
O 6
] 54
=B 51
]
» $ & ol o 2 b
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Block

Fig 12. Most Commonly Farmed Crops and EC, OC, pH Distribution by Block.

In Annur block, Tamarind is raised in all blocks but only in a smaller area. Kinathukadavu block has a maximum area
of 72 ha. Among the 12 blocks, flower yield attains its highest potential (393 ha) in karamadai followed by 75 ha in
P.N.Palayam, 55 ha in Thondamuthur, and 47 ha in Ann ur block. Jasmine and Mullai are the common flowers cultivated.
S.N.Kulam block has 35 ha under Jasmine followed by 23 ha in Sulur. Mullai is cultivated in the Karamadai block in 111
ha. The share of each horticultural crop in each block showed that 85% of the Anamalai block is under plantation crops. In
the Annur block, fruits are grown in 52% of the area followed by spices and condiments with 26% similar to the Karamadai
block.
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VI. RESULT AND ANALYSIS
Annur's percentiles of crop distribution show the possibility of having diverse agricultural practices. Sorghum, a rainfed
crop, is predominantly cultivated in sandy loam soil, accounting for 50% of the total cultivation. Paddy is the lesser
crop grown in the category and is wet-season cultivation, constituting merely about 1% of the total cultivation. Fig 15
describes the distribution of the most grown crops in the Annur block.

Crop Distribution in Annur Block

Sorghum (rainfed)

Groundnut (rainfed) 38

Banana (garden rainfurfed) ' ; 38

Tomato (hybrid)
Cowpea (rairfed)
Jasmine (4000 plands) 5

Chillies -

1

Sesame

Toyil lnrigated)l 1

Paddy (wet Seat 1

0 10 20 30 40 50 60
Count

Fig 13. Most Prevalently Grown Crops Field Distribution by Annur Block.

Crop Distribution in Thendamuthur Block

ovon | ;-

Coconut 57 yeaill, 173 anesul2s) 36

sack o (antas. [
Sonplian! (nanfee) 41
Mt variese: s oiers |

Torrece el | -
nelif solotives other than Nendem, 5€f) pltandee_ 1

Sexarhs (raniuall-
" S
Arecanut (1304 pliancahus B'wh .

Horse gtias

3

Compen (g2 fizl}
Tatunasr fesmba
15b) yezn. 100 seaute)) 5
Mango (224) year. 106 rsow Il. 2

Casonlias 3

0 10 20 30 40 50 60
Coant

Fig 14. Most Prevalently Grown Crops Field Distribution by Thondamuthur Block.

Fig 14 describes the crop distribution specific to Thondamuthur block, highlighting the most prevalent crops. Most
prevalently grown crops Distribution by Thondamuthur block de- describes the crop distribution specific to
Thondamuthur block, highlighting the most prevalent crops. Thondamuthur exhibits a diverse agricultural
landscape, with onion, a predominant rain-fed crop, flourishing in sandy loam, and sandy clay loam soil,
covering 50% of the cultivated area. Mango and cucumber, which are less used farm crops, make up 1% of
farming.
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Most Prevalently grown Crops in Periyanaickenpalayam Block

Coconut (>5 years) 56
Sorghum (irrigaid)
Cowpea (rainfed)
Tomao (tyr//rd)

Sugarcane (typfrd)

Maize varieties

Irtigated (apr) 2

o

50 100 20 60
Count

Fig 15. Most Prevalently Grown Crops Field Distribution by Periyanaickanpalayam Block.

Agricultural patterns in Periyanaickanpalayam show some diversified crop distribution. Being the principal rainfed crop
of the region, coconut is grown extensively in sandy loam soil, accounting for about 50 percent of the total crop area. The
other minor crops- sugar cane and maize- account for hardly 1 percent of the total sown area.

Crop Distribution in Kinathukadavu Block

Corcount
Sorghum (irrigatd)
Sorgpum (rainfed)

Cowpea (rainfed)
Groundnut (rarfed)

Cotton (rafR SV 2)

Guava (2:av

o

50 100 150 200 250
Count

Fig 16. Most Prevalently Grown Crops Field Distribution by Kinathukadavu Block.

The crop distribution percentile kinathukadavu, sarkarsamakulam, Aanaimalai highlights its diverse agricultural
practices. Coconut, a rainfed crop, is predominantly cultivated in sandy loam soil, and sorghum is 2nd most cultivated crop
in all other zones accounting for 50% of the total cultivation. On the contrary, guava, a minor crop of the region, can only
take 1% of net production.

Fig 17 describes the crop distribution pattern in the Periyanaickanpalayam block. Fig 16 describes the major crops of
the Kinathukadavu block. Fig 17 describes the crop distribution of the Sarcarsamakulam block, mainly focusing on
conscious cropping.

Crop Distribution in Sarkarsamakulam Block

Onion 34

Coconut (>5 tres/ha) 22

Black gram (rainfed)

|aize vetios (irrigatel)

Bengalgram (finrd)
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o
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Count

Fig 17. Most Prevalently Grown Crops Field Distribution by Sarakarsamakulam Block.
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VII. CONCLUSION

The research has successfully identified the crop distribution patterns and data for the Coimbatore district leading to the
creation of an advanced decision support system for agriculture. Machine learning and predictive analytics are employed in

agricultu

re monitoring. The importance of agriculture further imposes a greater requirement on any nation to exercise

extreme care in all the concerning matters. The crop recommendation system, known for handling complex data has been
enhanced to make predictions more accurate. This combination provides farmers with actionable instructions to manage
crops and available resources. The one-against-five Research coordinate of the Quality Assessment of Soil. Among other

things, it

paved the way for applications in sustainable agriculture and climate-resilient agriculture. Hence, through these

techniques, precision agriculture is developed to improve crop yield and sustain the agricultural system at large.
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