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ABSTRACT

Agriculture which forms a major sector of the world economy is increasingly becoming problematic due to
climate change, varied soils, and a lack of access to modern technologies. To assist farmers in making better
decisions, this paper proposes a machine learning (ML)-based crop recommendation system.  The predictive
models are trained using past data on cropping, soil parameters (pH, nitrate, potassium and nitrogen), and
weather parameters (temperature, precipitation and humidity). The algorithms considered in the evaluation
are Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree (DT), Random Forest (RF),
Bagging (BG), Ada Boost (AB), Gradient Boosting (GB), Extra Trees (ET), and Logistic Regression (LR).
Information cleaning techniques such as normalization and noise removal are applied to improve the model.
To ensure that models are more robust and can be applied in a broader variety of situations, cross-validation
methods are used to further refine the models. Depending on the environmental and agronomic conditions,
the system suggests crop recommendations. The results obtained compare ensemble-based methods, and
the random forest in particular, to be better than other models.  This application of machine learning (ML)
enhances crop planning, productivity, and supports the idea of environmentally friendly farming.
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Introduction

The research (Prity et al., 2024) assesses nine unique
machine learning algorithms for the purpose of crop
recommendation.  It utilizes refined historical data
on climate, soil, and yield. In delivering customized
recommendations to enhance agricultural produc-
tivity and food safety, Random Forest has shown
strong performance in multiple studies. To forecast
how much crop would grow, several studies (Lahza
et al., 2023) have used records from several farms
and layers. There have been extremely few errors
and high accuracy in Random Forest models. These
models improved during the course of the season as
more data became available, which helped them

perform better. Worldwide, agriculture might be
lost by 1.8% to 2.4% by 2030 due to urbanization;
almost 80% of this loss will occur in Asia and Africa.

This reduction poses a significant danger to the
livelihoods of rural residents and the productivity of
agricultural output. Research suggests (Bren
d’Amour et al., 2017) that these changes might have
a significant influence on food security in certain
regions. Soil degradation and increased emissions of
greenhouse gases are results of land use changes.
Soil organic carbon is most rapidly depleted in
grasslands and plantations, particularly after defor-
estation. Compared (Padbhushan et al., 2022) to
other types of modifications, they significantly re-
duce soil carbon storage.
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Recent research (Anbananthen et al., 2021) has
demonstrated that hybrid machine learning meth-
ods, such as stacked generalization, are more effec-
tive at predicting crop yields than do solitary mod-
els. In particular, the accuracy of predictions has
been demonstrated to be high for Random Forest
and Gradient Boosted Tree regressors. Corn grain
yield prediction was carried out using six machine
learning models based on satellite data, where the
Random Forest algorithm showed the best perfor-
mance, particularly using the GREEN band and
GEMI vegetation index, as demonstrated by rel-
evant research (Pinto et al., 2022). A comparative
analysis (Thanh et al., 2017) of Random Forest (RF),
k-Nearest Neighbors (kNN), and Support Vector
Machine (SVM) classifiers for land cover classifica-
tion indicated that SVM attained the highest overall
accuracy and exhibited the least sensitivity to varia-
tions in sample size, whereas all three classifiers
performed effectively with larger datasets. When
compared to more traditional classification meth-
ods, such as the Maximum Likelihood Method
(MLM), Random Forests, and Support Vector Ma-
chines (SVM), machine learning techniques do far
better when it comes to crop identification. The total
accuracy of traditional approaches was 88.96%,
while machine learning models were able to attain
98% accuracy. Machine learning models demon-
strated high resilience by achieving over 95% iden-
tification accuracy across diverse crop kinds utiliz-
ing optimum feature combinations (Feng et al.,
2019). One way that machine learning might aid
precision agriculture (Shahab et al., 2025) is by pro-
viding farmers with tailored crop recommendations
that take soil and weather into account. Random
Forest, Gradient Boosting, XGBoost, LightGBM,
Support Vector Machine and Decision Tree are
among the algorithms that are examined, along with
soil nutrients (potassium, nitrogen, and phospho-
rus), pH, temperature, humidity, and precipitation.
The system’s objective is to assist farmers in doing
more while simultaneously addressing issues such
as soil deterioration, excessive chemical use, and in-
efficient use of land and water. It uses a variety of
data sources in conjunction with prediction algo-
rithms to provide suggestions that are both timely
and sensitive to context. When compared to the
other models, XGBoost performed higher across the
board, including accuracy, precision, recall, and F1-
score. Based on the present condition of the fields,
the algorithm also recommends and rates the best

five crops.
This aids farmers in making prudent and

futureoriented choices.Previous research in crop rec-
ommendation has typically applied only two to six
machine learning algorithms, limiting the depth of
comparative analysis and robustness of results.
Moreover, few studies evaluate a broad set of mod-
els on a single, consistent dataset, making it chal-
lenging to identify the most effective algorithms for
practical use. In an effort to resolve this, the current
work compares nine machine learning models of
Logistic Regression, SVM, KNN, Decision Tree, Ran-
dom Forest, Bagging, AdaBoost, Gradient Boosting,
and Extra Trees on a dataset found on Kaggle con-
sisting of soil information, weather-related condi-
tions, crop produce, and a farmer preference. This
paper is one of the earliest to compare all nine algo-
rithms on the same dataset to recommend crops,
and performance was measured in terms of accu-
racy, precision, recall, and F1-score.

Methodology

The objective of this work is to create and deploy an
intelligent system of crop recommendations based
on the predictive nature of different machine learn-
ing (ML) algorithms. The suggested framework is
divided into various key steps to provide effective
and quality crop recommendations. First, informa-
tion is gathered using validated data collection
sources and it is preprocessed by methods like nor-
malization, dealing with missing values, and feature
selection to improve data quality and model matu-
rity. After That several MLalgorithmsareused to
predict crops, and each of them goes through a sys-
tematic model-training and testing phase. The effi-
ciency of all models will be measured with complete
measures such as accuracy, precision, recall, and F1-
score to choose on the most efficient procedure to
use in practice. The entire process of data gathering
up to the final generation of a recommendation is
systematically outlined in Fig. 1, which shows the
systematic approach taken to develop the system.

Data Collection

The dataset, namely Crop and Soil Data Set, which
was used in this study, was acquired on the Kaggle
repository (Badshah et al., 2024). The 8,000 entries
each have nine attributes, and they contain data
about the type of crop, environmental elements, soil
nutrients and fertilizers. This data has been gathered
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meticulously to generate algorithms that can recom-
mend crops and fertilizers.  It allows studying soil
chemistry, weather pattern, and agriculture prac-
tices simultaneously.

The dataset consists of three major parts. Environ-
ment conditions include temperature, humidity and
soil moisture, which are examples of variables that
can be used to determine external factors affecting
development of crops. These factors are important
when considering the response of plants to climate
change. The number of macronutrients in the soil
indicating fertility includes potassium, phosphorus
and nitrogen.  The key factors influencing the plant
metabolism, its potential yield, and overall soil pro-
ductivity are summarized below. Two types of agro-
nomic data are soil type and crop type that demon-
strate different types of crops and soil such as sandy
soil, clay soil, and loamy soil. Taken together, these
traits make the data effective in predicting where to
expand and utilize it optimally.

Table 1. Description of dataset attributes

Attribute Range / Values

Temperature 20.0 – 40.0 °C
Humidity 40.02 – 80.0 %
Moisture 20.0 – 70.0 %
Soil Type e.g., Sandy, Loamy, Clay
Crop Type e.g., Rice, Wheat, Maize
Nitrogen (N) 0 – 46 units
Phosphorus (P) 0 – 46 units
Potassium (K) 0 – 23 units
Fertilizer Name e.g., Urea, DAP, Compost

The Crop Recommendation System then correctly
forecasts on which crops will do well due to envi-
ronmental and soil data. The MinMax Scaler
(Eddamiri et al., 2024) is used to normalise the fea-
tures of the dataset such that they are comparable
across the different ranges of characteristics. The
model is then trained to make more precise predic-
tions through categorization, like Random Forest
and K-Nearest Neighbors. This information is very
useful in helping farmers make decisions in many
fields since it covers a wide variety of soil types and
weather conditions. The entire dataset attributes
used in this study are listed as below and the flow
diagram is shown in Fig. 1.

Nitrogen (N): This property indicates the quantity
of nitrogen in the soil and is measured in kilograms
per hectare (kg/ha). Plants need nitrogen to grow,

and it is especially beneficial to green plants such as
wheat and spinach.

P (phosphorus): The soil phosphorus level is mea-
sured in kilograms per hectare. In legumes and root
crops such as peas and carrots this trait has a critical
role because it determines the growth of roots.

K (potassium): The more potassium there is in
plants (kg/ha) the more resistant it is to disease and
the better the fruit. This especially applies to crops
that bear fruits like tomatoes and bananas.
pH: The pH of the soil, i.e., its acidity or alkalinity on
a 0 to 14 scale, is usually between 3.5 and 8.0. Most
cereals can grow in neutral soils (6.5-7.5) although
tea and barley perform well on acidic and alkaline
soils, respectively.
Organic Matter: This attribute is the quantity of or-
ganic carbon within the soil. High organic matter is
advantageous to fruits and vegetables as it holds
more water and the nutrients become more avail-
able.

Moisture: This value represents the ability of soil to
retain water. Crops such as rice thrive in high mois-
ture, and millets and sunflowers thrive in low mois-
ture.

Fig. 1. Flow Diagram
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Temperature: A measure of the conditions which
have a direct effect on crop growth, this requires the
temperature to be shown in degrees Celsius.

 Whereas wheat and cabbage do well in colder
climates, rice and maize do well in warmer climates.

Rainfall: This characteristic shows the amount of
precipitation in millimeters (mm). Dry rainfall is
advantageous to crops that can withstand drought
like millets, but high rainfall favors the growth of
crops like rice.

Geographical Aspects: This includes factors like
climatic zones, latitude and height. Coconuts are
cultivated near the shore, and coffee in the high-
lands.

Crop Prediction Using Machine Learning
Techniques

To get precise crop recommendations based on sig-
nificant agronomic factors, including soil macronu-
trients (potassium, phosphorus, and nitrogen), soil
pH, and the present environment, this work makes
use of a wide range of machine learning methods.
The chosen algorithms are grouped based on their
prediction accuracy, ease of usage, and ease of com-
prehension. Logistic Regression (LR) establishes the
benchmark for linear connections, whereas Support
Vector Machines (SVM) are excellent at categorizing
nonlinear objects in higher dimensional scenarios.
K-Nearest Neighbors (KNN) provides learning
based on examples and is hence successful in local
decision boundaries, even if Decision Trees (DT)
preserve the separation of data into their own rules.
Models can be less susceptible to overfitting by us-
ing ensemble techniques like Random Forest (RF),
Bagging (BG), AdaBoost (AB), Gradient Boosting
(GB), and Extra Trees (ET). This improves accuracy
and captures intricate interactions, which in turn
improves generalization.    The system can manage
the variety of soil profiles, weather patterns, and
crop requirements in various agricultural regions
thanks to this collection of algorithms.

Support Vector Machine

Because Support Vector Machines (SVMs) provide
dependable classification models, they are useful for
crop recommendations (Rajakumaran et al., 2024).
Choosing the optimal hyperplane to separate vari-
ous crops according to soil and environmental fac-
tors is the primary objective.

For a given input x (nutrients, pH, temperature,
rainfall), the SVM predicts the crop using

f(x)=sign(wTx+b),
where w and b define the decision boundary.
SVM employs soft margins and kernels to deal

with non-linear patterns when the data is compli-
cated.  After it has been taught, the model may look
at soil factors and suggest the best crops to grow.
This makes farming more productive, uses re-
sources more efficiently, and is better for the envi-
ronment.

Decision Tree (DT) for Crop Recommendation

A supervised learning system called a Decision Tree
(Motamedi et al., 2024) illustrates the decision-mak-
ing process with a structure resembling a tree.
While leaf nodes display the final outcome, which is
often the anticipated crop type, internal nodes rep-
resent tests or conditions on input factors such soil
pH, nitrogen, phosphorus, potassium levels, or
weather.

  The dataset is repeatedly divided into smaller
groups based on the most crucial characteristics in
order to construct the tree.  To find the best feature
at each node, people often utilize splitting criteria
like Gini Impurity, Entropy, or Information Gain.
These measurements tell us how pure or informa-
tive the resulting subsets are, which makes sure that
the tree has the most homogeneous branches pos-
sible.

Decision Trees are particularly suitable for agri-
cultural applications because they handle both cat-
egorical and numerical data, require minimal pre-
processing, and can naturally capture non-linear re-
lationships between soil-climatic factors and crop
suitability. However, they are sensitive to noise and
small variations in data, which may result in differ-
ent tree structures. Pruning techniques are often
applied to mitigate overfitting and improve gener-
alization.

Despite these limitations, Decision Trees remain
a widely used and effective tool for crop recommen-
dation, offering clear interpretability and a straight-
forward decision-making process that aligns well
with real-world agricultural planning.

Random Forest (RF)

Random Forest is an ensemble learning method
(Elbasi et al., 2023) that builds many decision trees
and combines their results. Each tree is trained on a
random part of the dataset, and at every split, only
a random set of features is checked. This random-
ness makes the trees diverse and improves overall
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accuracy.
For classification, the final output is chosen by

majority vote:
=most frequent class from all trees

For regression, the result is the average of predic-
tions:

where T is the number of trees and ht(x) is the
prediction of each tree.

In crop recommendation, Random Forest uses
soil nutrients (N, P, K), pH, rainfall, temperature,
and humidity to suggest the best crop. It is more
stable than a single decision tree, reduces
overfitting, and can also show which factors are
most important in making decisions.

Logistic Regression (LR)

Logistic Regression is a statistical machine learning
method (Barbedo et al., 2019) commonly used for
classification problems, including crop recommen-
dation. It works well in binary cases, for example,
deciding whether a specific crop is suitable or not
for given soil and climate conditions.

The model learns a linear relationship between
features (like soil nutrients, pH, rainfall, and tem-
perature) and the output class. It then applies the
logistic (sigmoid) function to convert this linear
combination into a probability between 0 and 1:

where w are the learned weights, xxx is the fea-
ture vector, and b is the bias.

In crop recommendation, LR helps evaluate
whether environmental and soil factors support the
growth of a given crop. It is simple, interpretable,
and computationally efficient, though it may be less
effective for highly non-linear relationships com-
pared to more complex algorithms.

K-Nearest Neighbors (KNN)

A popular non-parametric method for classification
and regression applications is K-Nearest Neighbors
(Manju et al., 2024). It works on the principle of simi-
larity, meaning that it uses the closest instances in
the feature space to generate an educated judgment
about a new data point.

Based on a majority vote among the k nearest
neighbors, the procedure assigns a class label. Re-

gression takes the mean of the data of those neigh-
bors to create predictions. The parameter 2 is very
important. Although the predictions with larger
numbers are more consistent but less flexible, the
smaller numbers are more receptive to any alter-
ations in the area.

KNN has been called a lazy learner because it
does not create an explicit training model but only
does calculations when it produces predictions. This
can make the process easier, although on large data
sets, it can be very time-consuming. Given that
KNN uses comparisons of distances, feature scaling
or normalization is advisable to deliver meaningful
results.

KNN is a useful approach when the variables to
be considered are multiple (such as crop advice
where multiple agricultural parameters need to be
taken into account). This is because it is simple to
use, flexible, and can support complex data struc-
ture.

Ada Boost

Adaptive Boosting (Ada Boost) (Yoon et al., 2023) is
a popular way for groups to learn that uses a lot of
poor learners to create a better prediction model.
Decision stumps, or shallow decision trees, are often
used for learners who don’t do well.  As the algo-
rithm goes over each learner again, they pay greater
attention to the examples that the previous ones
missed.

By adjusting the weights of the training samples
as necessary, AdaBoost ensures that more difficult
examples receive more attention in subsequent
rounds. Either a weighted vote (for classification) or
a weighted average (for regression) of all the stu-
dents makes the final forecast. Ada Boost is popular
because it is easy to use, effective, and may improve
accuracy significantly over single models. However,
because they could be given higher weight during
training, it may be susceptible to noisy data and out-
liers. However, it remains a preferred option for
many machine learning jobs, including crop recom-
mendation, where improving prediction accuracy is
crucial.

Gradient Boosting

In machine learning, gradient boosting (Huber et al.,
2022) is a powerful ensemble learning technique that
is frequently applied to both regression and classifi-
cation problems. By sequentially assembling several
weak learners, often shallow decision trees, it creates



1878 Eco. Env. & Cons. 31 (4) : 2025

a potent prediction model.
  In every iteration, a new tree is trained to correct

the errors of the previous trees. This makes the
model more accurate over time. The main goal is to
make a given loss function better over time, with
each new learner fixing the faults that the current
ensemble committed. To avoid overfitting and make
the model more generic, you need to carefully
choose the learning rate, maximum tree depth, and
number of estimators.

Gradient Boosting is well-known for being very
accurate, being able to use a wide range of loss func-
tions, and being able to represent complicated rela-
tionships. But if it isn’t regularized enough, it could
be hard to calculate and sensitive to noisy data.
Even with these problems, it is still one of the best
algorithms and is frequently used in fields where
making accurate predictions is very important, like
marketing, finance, healthcare, and farming.

Testing and Training

It is very important to care for class imbalance when
building a model since datasets that are not bal-
anced might make models inappropriately group
minority classes and favor majority classes. To make
the learning more fair, we used a down-sampling
approach to balance out the distribution of classes.

 It also used early stopping to make it more ge-
neric and get rid of overfitting. Training ceases as
soon as the validation error stops becoming better.
After that, the machine learning algorithms were
taught to use the processed input data to figure out
the best ways to grow crops.

 Twenty percent of the dataset was set aside for
independent testing, while the other eighty percent
was utilized to teach the models.  We can objectively
evaluate prediction performance because of this di-
vision, and we can be sure that the findings we show
show that the model can work with new data.

Performance Metrics

To thoroughly assess the efficacy of the machine
learning models, many standard measures were uti-
lized, including the Confusion Matrix (CM), Re-
ceiver Operating Characteristic (ROC) curve, Preci-
sion, Recall, F1-score, and Accuracy (Praharsha et al.,
2024).

Confusion Matrix (CM)

A CM provides a tabular visualization of the
classifier’s outcomes by comparing predicted labels

against actual labels. It consists of:
 True Positives (TP): Correctly predicted positive

cases
 False Positives (FP): Incorrectly predicted as

positive
 True Negatives (TN): Correctly predicted nega-

tive cases
 False Negatives (FN): Incorrectly predicted as

negative

Receiver Operating Characteristic (ROC) Curve

The ROC curve plots the True Positive Rate (TPR)
against the False Positive Rate (FPR) at varying
thresholds:

The Area Under the Curve (AUC) provides a sca-
lar value to summarize ROC performance, where
higher AUC indicates better discriminative ability.

Precision (P)

Precision quantifies the correctness of positive pre-
dictions, i.e., the proportion of correctly predicted
positives among all predicted positives:

Recall (R) / Sensitivity / True Positive Rate

Recall measures the ability of the model to correctly
identify actual positives:

F1-Score

The F1-score represents the harmonic mean of Pre-
cision and Recall, balancing the trade-off between
them:

Accuracy (Acc)

Accuracy gives the overall proportion of correctly
classified instances:
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Results and Discussion

The experimental results of applying machine learn-
ing algorithms to the suggested crop recommenda-
tion system are examined in detail in this section.
Numerous performance metrics were used in the
analysis, including the Receiver Operating Charac-
teristic (ROC) curve, F1-score, accuracy, precision,
recall, and confusion matrix (CM).To evaluate how
the true positive rate (TPR) and false positive rate
(FPR) varied with various thresholds, we examined
the ROC curves.   Because they were better at differ-
entiating between crop classes, models with larger
Area Under the Curve (AUC) values were consid-
ered more reliable.

 Recall and precision demonstrated how effec-
tively the system struck a compromise between pre-
venting too many false alarms and obtaining all the
significant positive cases.  The effectiveness of the
entire classification procedure was evaluated using
accuracy scores.   When there were too many or too
few in each class, the F1-score—the harmonic mean
of accuracy and recall—was a fair method to assess
how well the models performed.By identifying the
types of misclassifications that existed, the confusion
matrix also enabled a more thorough investigation
of errors.  Suppose, for instance, that a crop was
mistakenly identified as being in a different crop
class.   The system’s high sensitivity to samples from
the minority class demonstrated its shortcomings.

Visualization of Model Responses for Crop
Recommendations

Used several visualization techniques to see how
beneficial the proposed crop recommendations
models were and to check the correctness of the clas-
sifications and the links between the crops.

 Figure 4’s confusion matrix shows how accurate
the classification of the different sorts of crops is
overall.  The number of true positives, false posi-
tives, true negatives, and false negatives for each
class are displayed to indicate how accurate the
model’s predictions are.  This graphic also helps to
figure out which classes are most commonly
misclassified and make the model even better.

Additionally, the trade-off between the True Posi-
tive Rate (TPR) and the False Positive Rate (FPR) at
various categorization levels is depicted by the Re-
ceiver Operating Characteristic (ROC) curves in Fig-
ure 5. The models’ ability to distinguish between
different crops is measured by the AUC values. The

models are better able to predict which crops belong
to which category when the AUC values are higher.

The correlation matrix for every crop is displayed
in Figure 6. In order to determine the relationships
between crop pairings based on their feature sets,
Pearson correlation coefficients were applied. Crop
relationships are depicted in the diagonal entries
(e.g., “Rice to rice, Maize to maize, Jute to jute”). The
off-diagonal entries illustrate the relationships be-
tween crops in various agronomic and environmen-
tal contexts. This matrix is a helpful tool for under-
standing crop interdependencies and potential inter-
actions, particularly with regard to soil composition,
climate change, and farming practices.

Quick Insights from Table

 Random Forest (RF): Best performer (Accuracy
~99.3%, CV Accuracy ~99.4%).

 Extra Trees (ET): Almost as good as RF
(~99.0%).

 Decision Tree (DT): Strong (98.8%), but slightly
behind ensemble methods.

 Gradient Boosting (GB): Very reliable
(~98.1%).

 Logistic Regression (LR) & SVM: Solid
baseline models (~96–97%).

 KNN: Acceptable but not as strong (~95.6%).
 Bagging (BG): High performance (~99%).
 AdaBoost (AB): Clearly under performed

(~14%). Likely due to parameter issues or
dataset imbalance

The comparative evaluation of nine machine
learning algorithms for crop recommendation re-
vealed significant variations in predictive perfor-
mance. The baseline classifiers—Logistic Regression,
Support Vector Machine (SVM), Decision Tree, and
K-Nearest Neighbor (KNN)—showed strong and
consistent results, though with some differences in
robustness. Logistic Regression achieved an accu-
racy of 98.4%, with precision and recall values of
98.5% and 98.4%, respectively. SVM slightly outper-
formed Logistic Regression in terms of precision
(98.7%) but achieved the same accuracy (98.4%). The
Decision Tree matched Logistic Regression almost
exactly, reaching an accuracy of 98.4%, with a nearly
identical balance of precision and recall. KNN, in
contrast, lagged slightly behind, with an accuracy of
97.7%, a precision of 97.8%, and recall of 97.7%,
highlighting its sensitivity to feature overlap and
noise.

Ensemble methods clearly dominated the experi-
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ment. Both Random Forest and Extra Trees Classi-
fier delivered the highest overall performance, each
achieving an accuracy of 99.3%, with equally im-
pressive precision (99.4%) and recall (99.3%). These
findings show that tree-based ensembles had out-
standing generalization capabilities in addition to
capturing intricate non-linear feature correlations..
The Bagging Classifier also performed strongly,
achieving an accuracy of 98.6%, precision of 98.7%,
and recall of 98.6%, outperforming all baseline mod-
els. Boosting algorithms produced mixed outcomes.
Gradient Boosting achieved near-optimal perfor-
mance with an accuracy of 98.9%, precision of
98.9%, and recall of 98.9%, placing it among the best
models in this study. However, Ada Boost per-
formed exceptionally poorly, with an accuracy of
only 13.6%, precision of 7.1%, and recall of 13.6%.
This stark contrast highlights the limitations of
AdaBoost in multi-class agricultural datasets, where
noise, class imbalance, or weak base learners can
drastically reduce performance.

In order to continue exploring the performance of
the baseline models, confusion matrices of Logistic
Regression, SVM, and KNN were evaluated, and
they are displayed in Figures X–Y. These also give a
breakdown of the misclassifications at the level of
classes and outline particular crops that were prob-
lematic across models. Below Figure 2 shows the
confusion matrix of nine models. The comparison of
the three classifiers is given and in similar way re-
maining can easily analysed. Logistic Regression,
Support Vector Machine (SVM) and K-Nearest
Neighbors (KNN) in terms of their confusion matri-
ces show significant differences in performance.
Logistic Regression is shown to be reasonable in
general and with misclassification in some category
of crops, specifically black gram, moth beans, pi-
geon peas, maize and rice with three error in rice.
The SVM model has the best classification accuracy

and almost perfect results on most classes with only
few mistakes, mostly on rice (five cases), and in few
cases, on maize and pigeon peas may result in error.
The KNN model is also very robust, yet it has
slightly more errors than SVM, in the form of jute
(five misclassifications), grapes (two), rice (five) and
minor confusion in pigeon peas and moth beans.
One unifying theme of all the three models is that it
is difficult to classify rice correctly, suggesting that
its feature space significantly overlaps other crops.

In contrast, a number of crops, including apple,
banana, chickpea, coconut, coffee, and mango are
always perfectly and strictly determined by all mod-
els. On the whole, the comparative analysis indi-
cates that SVM has better performance, and KNN
and Logistic Regression come next, and the classifi-
cation error of rice, black gram, moth beans, pigeon
peas, and jute is the area where the further optimi-
zation of the feature selection or the model is
needed. The Receiver Operating Characteristic
(ROC) curve is a useful tool to evaluate classification
models, as it shows the trade-off between the true
positive rate and false positive rate. In this study,
ROC curves were generated for all algorithms but
compared Logistic Regression, Support Vector Ma-
chine (SVM), and K-Nearest Neighbors (KNN) clas-
sifiers across different crop categories. With the
Area Under the Curve (AUC) values for each crop
equal to 1.00, the findings demonstrate that all three
of the models displayed in Figure 3 performed ex-
ceptionally well.  This indicates flawless categoriza-
tion skills with no incorrect categories.  While KNN
also performs flawlessly, albeit with a little more
curve fluctuation, SVM and logistic regression have
nearly identical ROC curves, attaining maximum
accuracy at extremely low false positive rates.  All
things considered, the investigation demonstrates
that every model produces extremely accurate fore-
casts for every kind of crop.

Table 2. Comparative Performance of Algorithms

Algorithm Precision Recall F1-Score Accuracy

Logistic Regression 0.984969 0.984091 0.983993 0.984091
SVM 0.986580 0.984091 0.983908 0.984091
KNN 0.978474 0.977273 0.977231 0.977273
Decision Tree 0.984699 0.984091 0.984128 0.984091
Random Forest 0.993506 0.993182 0.993178 0.993182
Bagging 0.987361 0.986364 0.986324 0.986364
AdaBoost 0.070574 0.136364 0.080303 0.136364
Gradient Boosting 0.989742 0.988636 0.988723 0.988636
Extra Trees 0.993506 0.993182 0.993178 0.993182
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An agricultural feature association map of tem-
perature, humidity, pH, rainfall, nitrogen (N), phos-
phorus (P), and potassium (K) may be seen below
figure 4. These values range from -1 to +1, where
high values indicate a relationship between two
traits that is low or non-existent, negative values in-
dicate the opposite way, and high values are near
zero. Phosphorus (P) and potassium (K) have the
strongest correlation in the matrix (0.74), suggesting
that they frequently change together. Since they
have very little correlation with the majority of the
factors, other variables like temperature, humidity,
pH, and rainfall behave more like independent vari-
ables. This aids in understanding the characteristics
that are connected to one another.
The findings show that certain models perform bet-
ter than others. Random Forest and Extra Trees pro-
duced nearly perfect results, demonstrating their
ability to integrate a number of subpar learners into
a far more powerful and accurate classifier. Their
success can be attributed to their resistance to

overfitting, non-linear connection factor, and vari-
ance reduction. Because of these qualities, they are
particularly well-suited for agricultural prediction
problems, where soil and environmental factors fre-
quently interact in intricate, non-linear ways. Gradi-
ent Boosting did remarkably well as well, but little
worse than Random Forest and Extra Trees. Sequen-
tial error correction is one of its strong points, but
the findings imply that adjusting hyperparameters
could be necessary to attain the best accuracy. When
computational simplicity is chosen over
hyperparameter complexity, bagging is a good
choice since it produced competitive results while
balancing robustness and generalization.
Since these very simple models already obtained
accuracies above 98%, the baseline models—Logis-
tic Regression, SVM, and Decision Tree—showed
that the dataset itself had a high degree of class
separability. Such performance suggests that these
models might still provide farmers with useful ad-
vice even in resource-constrained settings where

g) AdaBoost h) Gradient Boosting f) Extra Trees
Fig. 2. Confusion Matrix

a) Logistic Regression b) SVM c) KNN

d) Decision Tree e) Random Forest f) Bagging
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sophisticated ensembles cannot be used. KNN’s
somewhat worse performance, however, highlights
its drawback in noisy and high-dimensional agricul-
tural datasets, where distance measurements lose
their ability to discriminate. The most startling dis-
covery is AdaBoost’s failure. Its 13.6% accuracy,
which is significantly lower than that of any other
model, indicates that either the algorithm had
trouble handling multi-class distribution and imbal-
ance, or the weak learners it utilized were not ap-
propriate for the data. This finding emphasizes that
not all ensemble approaches are equally relevant,
necessitating careful algorithm selection and tweak-
ing in agricultural prediction systems.

Conclusion

With accuracies above 99% and balanced precision

g) AdaBoost h) Gradient Boosting f) Extra Trees

a) Logistic Regression b) SVM c) KNN

d) Decision Tree e) Random Forest f) Bagging

Fig. 3. ROC Curves

Fig. 4. Feature Correlation Matrix
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and recall, this study shows that ensemble tree-
based classifiers—Random Forest and Extra Trees in
particular—are the most dependable and accurate
algorithms for crop selection. Gradient Boosting and
Bagging also emerged as strong alternatives, while
baseline models such as Logistic Regression and
SVM remain viable for contexts where computa-
tional resources are limited. AdaBoost proved inap-
propriate in its default configuration, whereas KNN
provided competitive but marginally worse perfor-
mance. Looking forward, the integration of these
high-performing models into real-time decision sup-
port systems for farmers represents a practical and
impactful direction. Such systems could incorporate
localized soil, weather, and crop history data to de-
liver precise recommendations, reducing trial-and-
error cultivation and optimizing resource use. More-
over, future research should explore hybrid models,
explainable AI approaches, and transfer learning
techniques to enhance transparency and adaptabil-
ity across diverse agricultural regions. By bridging
advanced machine learning with farmer-centric ap-
plications, this line of research can contribute di-
rectly to sustainable agriculture, food security, and
farmer empowerment.
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