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ABSTRACT- Predicting crop yields accurately really matters for
boosting farm output and keeping food supplies steady. In this
work, there’s a machine learning setup that looks at
environmental stuff and soil conditions to figure out crop
production in a solid way. It digs into things like temperature,
rainfall, humidity, how moist the soil is, the pH level there, and the
nutrients available, all to see how they affect plants growing. I
think using historical data from farms and weather helps train
different algorithms. Like linear regression, decision trees, and
random forest, those get put through the paces. Before that, data
gets cleaned up and features are picked out carefully, which seems
to make the models work better and predict more right. The
experiments point to ensemble models doing superior over older
approaches, at least in accuracy. That part stands out, though it’s
not always clear why in every case. Farmers and planners can lean
on this system for choices about what to plant, when to irrigate, or
how much fertilizer to use. It pushes for using resources smartly
and farming in a way that’s sustainable over time. Precision
agriculture gets a boost from this, and it ties into bigger
agricultural progress, I suppose. Some details on long term effects
feel a bit open ended still.

L INTRODUCTION

To keep up with the growing need for food and make
sure everyone has enough, we really have to push for
better ways to farm, like using new tech and smarter
methods. A lot depends on the local weather and
climate, plus how often extreme events hit, and that
all shapes how farmers handle their crops. When soil
lacks nutrients, plants do not grow right, their
processes slow down, and yields drop off. So, for
keeping soil good over time, especially in places
with low organic stuff, mixing organic and inorganic
fertilizers seems key, and balancing them out matters
a ton. The kind and amount of fertilizers really drive
soil fertility, how crops develop, and if yields stay
sustainable. Getting nutrients right and adding what
is missing on time helps hit the best production
levels, 1 suppose Farmers sometimes pick crops
without thinking much about the site, so they end up
growing in tough spots and get lower outputs. That
points to why we need solid systems that suggest the
right crops for each place, accurate and quick ones.
Bringing in advanced tech and automated stuff can

help with keeping the environment in check,
managing soil better, and digging into all sorts of
farm data. It lets people improve how they grow
crops, based on what resources they have, how well
things adapt, and boosting productivity overall.
Lately, studies show big steps forward in predicting
yields, classifying crops, spotting diseases, and
checking health with machine learning and deep
learning. Some folks built smart systems for
recommending crops and forecasting yields using
different algorithms, and they work pretty well for
helping farmers decide things. But a bunch of these
studies fall short, like not covering all the important
factors or training models on mixed up crop types.
Earlier work stuck to just a few soil or climate things,
but crops actually respond to a whole mix of
connected factors. To predict growth accurately, you
need data from all over different areas, since
nutrients and how things react to the environment
change by crop and spot. How soil nutrients, pH, and
climate together affect things like accuracy,
precision, recall, and F1-score in models, that has not
been looked at enough, it feels like. This study tries
to fill some of those holes by using a big public
dataset from India, pulled from Kaggle, that includes
soil pH, NPK fertilizers, and stuff like rainfall,
temperature, humidity. The idea is to test how well
machine learning models do at giving reliable crop
suggestions and pointing out fixes to get maximum
yields. It could stretch to other places with similar
setups and crop habits, maybe.

II. METHODOLOGY

A. Data

This dataset comes from the Kaggle site, citation 39,
and the Indian Chamber of Food and Agriculture put
it together over a period of time, that’s 40. There are
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2100 samples in total. It looks at 11 kinds of are created. Pruning techniques are used to prevent
agricultural crops plus 10 horticultural ones. Along overfitting and improve model generalization and
with that, there is data on NPK fertilizers, soil pH portability. The most common hyperparameter
levels, and things like rainfall, temperature, optimization was performed using GridSearchCV.
humidity. The scientific names for the crops, they are (ii) extreme gradient boosting

all listed in the supplementary file S1. Now for the The trained model uses XGBoost as its advanced
agricultural crops specifically, the average nitrogen machine learning algorithm because it implements
use is 56 kg per hectare. Phosphorus comes in at gradient-boosted decision trees which deliver
52.11, and potassium is 31.64. The environmental flexible performance, efficient computations, and
stuff averages temperature of 24.89 degrees C, with accurate predictive results. The model builds its
a standard deviation of 4.02. Humidity is 64.20 ensembles through the combination of multiple
percent, sd 24.10. pH around 6.67, plus minus 0.85. decision trees which use hierarchical data
Rainfall 90.90 mm, sd 61.64. Horticultural crops partitioning based on their chosen features. The

have different numbers, sort of. Mean nitrogen is
47.52 kg/ha, phosphorus 53.29, but potassium goes
up to 69.09. For climate, temperature is 26.19 C with
sd 5.83, humidity higher at 81.82 percent sd 14.80,
pH 6.31 sd 0.57, and rain 112.67 mm sd 43.47. It
seems like they need more water or something. We
grouped the crops into three categories to test the
models. Agricultural crops as AC, horticultural as
HC, and then a combined agri-horticultural one
called Co. That leads to the AC-model, HC-model,
and the mixed crop model. What makes this dataset
useful, I think, is how it includes crops from various
regions geographically. And a broad range of types
too. So probably it could apply to other places that
have similar conditions, at least that’s the idea. Not
sure if it covers everything perfectly though.
B. Prediction of crop using ML techniques

By examining important variables like soil pH, NPK
fertilizer levels, and climate, this study sought to use
regression-based machine learning models to
forecast the best crop choice (Fig. 1). Support Vector
Machine (SVM), Random Forest (RF), eXtreme
Gradient Boosting (XGBoost), K-Nearest Neighbors
(KNN), and Decision Tree (DT) were the five
algorithms used for this purpose.

(i) Decision tree

training process develops new trees which correct
previous model errors to enhance total prediction
accuracy. The system assigns each data sample to a
leaf node which links to a numerical weight that
shows how much input features affect the sample.
The XGBoost model performance required multiple
hyperparameters to undergo precise tuning
procedures. The learning rate was set to 0.1, the
maximum tree depth to 17, the number of estimators
to 200, the subsample rate to 0.5, the gamma
parameter to 0, and the random seed to 50. These
parameters were selected to balance model speed,
accuracy, and flexibility, ensuring optimal predictive
performance.
(iii)  Support vector machine

Support Vector Machine (SVM) operates as an
effective classification method which achieves high
training precision through its straightforward model
design. The system establishes optimal hyperplanes
which create maximum separation between various
classes to decrease generalization error risks. The
algorithm decreases model complexity through its
reduction of support vectors which represent the data
points situated nearest to the decision boundary thus
achieving better generalization results while
preventing overfitting.SVM utilizes appropriate

A decision tree is a type of classification model kernel functions to determine the best separating
which classifies crops based on attribute-value tests hyperplane in a high-dimensional feature space. The
like NPK values, pH value and rainfall. The tree is research selected a regularization parameter of C =5
built upon these tests, using a training dataset, where to manage the relationship between acceptable
each sample has input attributes and an associated misclassification levels and the complexity of the
crop category. At each step, the best attribute that model. The system develops better generalization
correctly separates crop classes is chosen and results through moderate C values which create
recursively sorted until trees of varying complexity better results, while higher C wvalues result in
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overfitting problems. The system used gamma value The class label of the target sample is then
0.1 together with the radial basis function (RBF) determined based on the majority category among

kernel to change input data into a higher-
dimensional space. This setup allows SVM to
effectively identify non-linear feature connections
which leads to better prediction results and system
performance.

(iv)Random forest

Random Forest (RF) functions as an ensemble
learning method which combines multiple decision
trees to enhance predictive accuracy while
decreasing generalization errors. The model creates
a tree collection through selecting different training
samples and feature groups, and it uses majority
voting to combine the results from all trees to make
its final prediction. RF uses random feature selection
and data partitioning techniques to create tree
models which maintain their performance under

these nearest neighbours. KNN classification relies
on its closest data points because the algorithm uses
only those points for its analysis. The KNN
algorithm works best with datasets that have low
dimensionality and small neighbourhood sizes
because its effectiveness decreases when dealing
with high-dimensional data. The researchers used
the Minkowski distance metric to measure sample
distances because this metric provides better
accuracy results than all other distance measurement
methods. The model was set to use *k* equal to 3
which meant that the system made classification
choices by analyzing the three closest neighbours.

C. Training, and  performance

evaluation

testing

unpredictable conditions and reduce their tendency Data scientists who work with imbalanced datasets
to overfit.The system requires a splitting criterion face difficulties because their models will develop

which needs to examine each node division for learning biases which lead to unreliable predictions
quality through two standard methods of for minority class instances. The researchers used an

measurement which use either entropy measurement under-sampling method to create a balanced dataset

or Gini impurity measurement to assess node
division quality. In this study, the RF model was
optimized using the entropy criterion and tuned with
a maximum depth of 6, maximum features of 5,
minimum samples per split of 4, a random state of 0,
and 15 estimators. The selected parameter settings
aim to produce an optimal balance between model
complexity and prediction accuracy.

sTarT

Fig. 1. Workflow for Conducting Analysis and
Recommending Cropping Strategies Using Machine
Learning Techniques

V. K-nearest neighbours
The K-Nearest Neighbours (KNN) algorithm serves
as a popular classification technique which searches
through the dataset to find the *k* training samples
that have the closest resemblance to a target instance.

which solved this problem. The researchers used
machine learning algorithms to find the best
cropping recommendations. The researchers split the
dataset into two parts by allocating 70 percent of the
data for model development and keeping 30 percent
for testing purposes.The researchers used multiple
evaluation methods to assess model performance
because accuracy alone does not capture how well a
model classifies data in situations with imbalanced
classes. The research team employed multiple
evaluation techniques which included recall,
specificity, precision, Fl-score, and AUC
measurements to assess performance according to
established standards [10,43]. AUC served as the
primary evaluation metric because it delivered the
most dependable predictions which enabled the
researchers to evaluate various models.
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and kidney bean need more phosphate than

Crop Recommendation Feature Analysis K
muskmelon which needs only small amounts of

3% ‘ik 4%; ' uij%’;}# :‘,;é phosphate in high-humidity cqnditions. Most
Rty AN legumes have low potassium requirements, except

e “;‘”‘f‘f""‘\; :ﬁ’»‘:"* .'.g ;é«{ "'\';95 chickpea, which neg:ds a comparatively higher
K . 5 amount. Cotton requires high nitrogen levels and

rg .' i ,ﬁ | ;,?:, “‘,& ,.‘ grows best in moderate temperatures whereas

coconut needs heavy rainfall and high humidity
levels. Apple requires more nitrogen and phosphorus
and potassium than any other horticultural crop.
Grapes need more potassium and phosphorus than
they need nitrogen while coconut requires less NPK
than any other plant. Most crops prefer slightly
acidic soils, whereas mango and orange grow best in
neutral to slightly alkaline conditions.

N P K foyTempeatie(C) Reeumidey(§) Al Rl )
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B. Comparative analysis of ML classification

performance
Fig. 2. The plot matrix illustrates the relationships among The ,reseaICh. tes.ted different ‘machine lear.n{ng
NPK levels, soil pH, temperature, humidity, and rainfal  algorithms which included Ranqom Forest D?CISIOH
for agricultural crops grown in different regions of India, Tree and Support Vector Machine to determine the
with diagonal cells showing the kernel density distribution best agricultural and horticultural crop
of each variable. recommendation system. The execution of the
models followed the training and optimization

HI RESULTS process which used the specified parameters from

A. Requirements for nutrients and the methodology section. The researchers examined
environmental factors of agriculture and the predicted results for agricultural horticultural and
horticulture crops mixed crop models according to their actual test

The plot matrices show how NPK requirements results. XGBoost achieved the highest test accuracy
depend on soil pH and temperature and humidity and of 99.09% among agricultural crop models while
rainfall for different agricultural and horticultural KNN showed the lowest accuracy at 94.45%. The
crops. Agricultural crops require  specific horticultural crop models showed identical results
temperature ranges for growth except black gram regarding their prediction accuracy and precision
and moth bean and mung bean and muskmelon and recall metrics. The mixed crop modelling system
which need warmer weather. Muskmelon and mung which used agricultural and horticultural datasets
bean and rice grow better in humid areas but achieved an accuracy rate of 98.5% which fell short
chickpea and kidney bean thrive in dry of the success rates established through testing
environments. Mung bean shows high adaptability to separate crop categories. The comparative analysis
a wide range of soil pH levels, while most demonstrated that XGBoost-based agricultural and
agricultural crops prefer a pH range of 6-8. Kidney horticultural crop models performed better than all
bean Favor’s slightly acidic soil. Rice grows best other methods whereas KNN-based systems showed
when farmers apply NPK at moderate levels and reduced effectiveness. XGBoost performed better in
when rain falls heavily and when soil pH approaches mixed crop modelling which resulted in perfect AUC
neutral. Leguminous crops need low nitrogen scores for most crops and high AUC scores for the
together with moderate to high phosphorus other crops. Although most models achieved strong
requirements while chickpea and black gram need micro- and macro-average AUC scores XGBoost
more nitrogen. Black gram and chickpea and lentil
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demonstrated superior skills in identifying specific environmental factors that include soil pH and
crop types. rainfall and temperature and humidity. Farmers
select crops for each particular location based on
C. Analyses of confusion matrix to visualize the their personal experience. The decisions which
recommendation response of the models farmers need to make regarding their crops have
The evaluation of crop recommendation models become more difficult because of climate change
used confusion matrix analysis, which assesses and soil fertility decline, which frequently results in
actual class designations against forecasted unproductive results. Machine learning techniques
designations. The diagonal elements represent provide efficient solutions for creating crop
correctly classified samples, while off-diagonal recommendations which use data from soil nutrient
elements indicate misclassifications. The XGBoost- levels and current weather conditions. The research
based method outperformed all other machine tested how different machine learning algorithms
learning techniques when used to study agricultural perform in agricultural settings by using actual field
crop models. The system made errors because it data which included multiple measurement variables
misidentified some black gram samples as lentil and from various Indian regions that researchers had
moth bean. The Random Forest model misidentified collected from a pubhc database. The results
lentil and moth bean samples as black gram, while it demonstrate that an ML-based decision support
also mistook jute and lentil samples for rice and system which used a non-mechanistic method can
moth bean samples. The models, which include all accurate]y recommend appropriate cropping patterns
systems except XGBoost, showed a pattern of for different environmental conditions. The use of
misidentifying chickpea and cotton as kidney bean multi-environmental datasets played a crucial role in
and maize. The models used for horticultural crop achieving these outcomes.
identification showed misclassification results,
which included their confusion between watermelon A. Performances of the models
and mango and between grapes and pomegranate. The results indicate that XGBoost serves as an
The KNN model displayed critical inaccuracies extremely efficient model which predicts both
when it mistaken coconut for orange and grapes for agricultural and horticultural crop categories. The
pomegranate and pomegranate for orange. The KNN model showed lower accuracy when it tried to
XGBoost and Random Forest horticultural models identify particular agricultural crops because its
achieved better results than all other modeling AUC scores failed to match the actual performance.
methods. The mixed crop model demonstrated a XGBoost achieved better performance than other
comparatively higher rate of misclassification. The methods when it recommended horticultural crops
Random Forest-based mixed model mistakenly because it produced high macro and micro average
identified apple and coconut samples as orange AUC results together with exceptional classification
while it classified lentil as moth bean and mung bean accuracy across various crop categories. The AUC
and papaya as cotton. The results demonstrate that scores reached their highest values for coconut and
individual crop category models reached high pomegranate and orange, while most other
accuracy, yet the combination of agricultural and horticultural crops achieved near-perfect
horticultural crop models led to complex classification performance. The findings match
classification challenges that diminished prediction earlier research results which used advanced
accuracy. machine learning and optimization methods to
achieve high predictive accuracy for crop
IV. DISCUSSION recommendation and yield prediction. Research
studies have shown that XGBoost Random Forest
KNN and Decision Tree models achieve high AUC
values when used for crop classification based on
soil nutrient data. Ensemble-based machine learning

The selection of appropriate crops for cultivation
depends largely on soil nutrient availability and crop
requirements for essential elements such as nitrogen,
phosphorus, and potassium which are affected by
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methods have proved their capacity to make accurate
agricultural  yield predictions. The results
demonstrate that the models used in this research
study successfully predict crop suitability across
various NPK levels and climatic conditions
throughout India, which shows their value for
precision agriculture and decision support system

relative humidity levels match previous research
findings, which showed that low humidity can
disrupt flowering. Leguminous crops needed low
nitrogen and medium to high phosphorus levels,
while their potassium requirements varied.
Horticultural crops grow best within particular
temperature and soil pH ranges, while different

applications. climate and nutrient and soil condition requirements
exist between different horticultural crops. The
potassium and phosphorus requirements of grapes
The machine learning models demonstrated and apples exceed those needed for coconut growth,
variations in their performance when applied to which needs less fertilizer. Understanding how
different crop categories. The agricultural crop nutrients interact with environmental factors is
prediction models produced identical patterns of essential for making correct decisions about
incorrect recommendations which all models fertilizer use. The results show that machine learning
showed. Rice was recommended instead of jute models possess strong capabilities to determine
because both crops shared similar NPK fertilizer and which crops will thrive in particular environmental
temperature requirements. The misclassification settings. Previous studies investigated machine
between cotton and maize took place because both learning applications for crop recommendation and
crops had identical rainfall and phosphorus— yield prediction, but the current study achieved
potassium fertilizer and temperature requirements. superior results. Different algorithms and feature
The horticultural crop prediction exhibited the same gelection methods produced moderate to hlgh
pattern which led to orange being misidentified as accuracy results in earlier research, while deep
coconut because both fruits shared similar NPK and leaming and ensemble methods demonstrated
humidity requirements. The mixed crop model effective performance. The study results show
showed diminished success rates because it failed to similar patterns found in previous research because
identify  effective  cropping methods.  The they confirm existing trends.

combination of agricultural and horticultural data
resulted in higher misclassification rates which led
to greater confusion about the data. The research
results show that separate models for each crop
category produce better results than a unified model
for all crops. The similarity of agronomic and
environmental requirements across various crop
types creates challenges for accurate classification
when all crops are modelled together.

B. Possible causes of miss-recommendation

V. CONCLUSION

The current farming system has been revolutionized
through precision agriculture which provides this
study to agricultural research by using machine
learning models to evaluate crop suitability based on
available nutrients and climate conditions and soil
ph. The need for precise nutrient control exists
because insufficient nutrient supply will decrease
crop yield together with long-term soil fertility.
Agricultural and horticultural crops exhibit different
nutritional needs because they respond differently to
environmental changes which include NPK levels
and climate conditions. The study requires separate
models because different crop categories need
separate modeling according to its findings. The
results indicate that specifically trained models for
individual crop classes enable crop
recommendations that become more efficient and
faster and more precise. The findings provide

C. Implication of the study
The research study investigates the selective
environmental requirements and nutrient needs of
multiple agricultural and horticultural crops through
its complete examination of NPK nutrient needs and
climatic requirements for their cultivation. The
findings show that rice and jute need high rainfall
and high humidity levels for their growth, while
other crops thrive under conditions of moderate
water availability. The study confirmed that optimal
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essential guidance to farmers who work in rural
zones because they help farmers to stop using trial-
and-error methods. The proposed approach supports
the creation of decision support tools which help
users determine optimal crop yield according to local
environmental conditions. The systems deliver
accurate crop recommendations which enable farms
to achieve higher productivity while using resources
more efficiently, which leads to greater profits and
enhanced food security. The research produces
strong findings but the study depended on publicly
accessible data, which limits its findings. The study
findings will gain more reliability and broader
applicability through the inclusion of datasets from
multiple geographic areas. The research should
conduct extensive field testing throughout different
environmental situations to g.
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