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Abstract. It is important to comprehend the relation between operational expenses such as labour, seed, irrigation, 
insecticides, fertilizers and manure costs necessary for the cultivation of crops. A precise cost for the cultivation of 
crops can offer vital information for agricultural decision-making. The main goal of the study is to compare machine 
learning (ML) techniques to measure relationships among operational cost characteristics for predicting crop 
cultivation costs before the start of the growing season using the dataset made available by the Ministry of 
Agriculture and Farmer Welfare of the Government of India. This paper describes various ML regression 
techniques, compares various learning algorithms as well as determines the most efficient regression algorithms 
based on the data set, the number of samples and attributes. The data set used for predicting the cost with 1680 
instances includes varying costs for 14 different crops for 12 years (2010-2011 to 2021-2022). Ten different ML 
algorithms are considered and the crop cultivation cost is predicted. The evaluation results show that Random Forest 
(RF), Decision Tree (DT), Extended gradient boosting (XR) and K-Neighbours (KN) regression provide better 
performance in terms of coefficient of determination (R2), root mean square error (RMSE) and mean absolute error 
(MAE) rate while training and testing time. This study also compares different ML techniques and showed 
significant differences using the statistical analysis of variance (ANOVA) test. The optimal hyperparameters for the 
ML models are found using the gridsearchCV and randomizedsearchCV functions, which improves the model's 
capacity for generalisation. 
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1 Introduction 
Agriculture is the practice of growing plants and caring for animals. Along with contributing to the creation of food, 
agriculture also generates the materials needed to generate commercial labour. Agriculture uses ancient methods for 
crop cultivation, typical or ancient farming is usually practised everywhere around the globe. These techniques don’t 
seem to be precise therefore leading to arduous labour and time consumption. Precision agriculture is a technical 
philosophy that tries to maximize the results observed in an agricultural system by automating the processes of 
observation, measurement, and response while maintaining the management of the agriculture sector’s utilization 
of resources. In fact, the use of cutting-edge technologies that are currently being effectively implemented, such as 
the Internet of Things (IoT) [1], artificial intelligence [2], remote sensing [3], sensor networks [4], and robotics [5] 
is greatly expanded by precision agriculture. These advancements show promise for maintaining the safety of food, 
minimizing the damaging effects of human activity on the environment, and, eventually, assuring economic success.  
Precision agriculture has made extensive use of statistical techniques like multiple linear regression (MLR) [6]–[8]. 
However, MLR can only describe linear correlations between crop parameters and site variables, and the findings 
might be deceptive when the correlations do not appear linear. Therefore, the outcomes of MLR are frequently 
unsatisfactory [9]. In the last decade, numerous systems for agriculture have used ML approaches to produce more 
precise outcomes, particularly due to the ability to tackle extremely complicated non-linear issues related to 
agriculture [10], [11]. Prediction accuracy is used as validation for ML algorithms, which are based on datasets, 
variables and parameters used for training the model [12]. ML can extract understanding from data by identifying 
trends, correlations, and relationships. No previous hypotheses regarding the type of distribution of probabilities 
which the category and other properties fulfil are necessary for a non-parametric method. The use of these methods 
has resulted in more precise models for crop production forecasting with many inputs [13]. 
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Along with ML, sophisticated communication and information technologies have arisen, opening up new 
possibilities for understanding agricultural processes where crop production prediction is one of their key jobs that 
involves several difficult stages. Based on many attributes, ML is a beneficial strategy that can offer more accurate 
predictions [14]. Many models, ranging from simple ML models [15]–[17] to sophisticated deep learning prototypes 
[18]–[21] have been implemented effectively. Yulita et al. [22] examined COVID-19 data in West Java and 
discovered that the Gaussian processes method outperformed the least median squared linear regression method 
when it was applied to predicting the new COVID patients. LightGBM, Lasso regression, random forest, linear 
regression, and XGBoost—and their ensemble models were developed by Sajid et al. [23] and demonstrated the 
models’ predictive power. The outcomes showed that combining crop modelling with ML improves prediction 
accuracy. Burdett and Wellen [24] compared decision trees, random forests, artificial neural networks, and multiple 
linear regression to find approaches that might link soil characteristics and crop yields on a subfield. They found 
the most accurate method for predicting yield was random forests, which had an R2 value of 0.94 for soybean and 
0.85 for corn. A system was created by Krishna et al. (2022) which predicts the crop yield and performed a 
comparative examination of the K-nearest neighbour, random forest and linear regression algorithms. The prediction 
was made by the system using factors including the state, crop, temperature, and rainfall. After comparing these 
algorithms, the K-nearest neighbour has shown the highest accuracy [25]. Using the SVR, DT, RF, and GB 
regression approaches, Kumar et al. [26] estimated the wheat production yield. Durai and Shamili [27] applied 
ensemble regression models like XR, GB regression, bagging regression and DT regression to predict the 11 crops 
(arhar, bajra, cotton, groundnut, jowar, ragi, paddy, sugarcane, maize, potato and wheat) cultivation cost. They were 
able to achieve a maximum R2 score of 0.67 for the dataset. A model put up by authors could assist farmers in 
deciding which crop will be best to cultivate at the time of sowing and in which region. The algorithm could forecast 
price and yield, assisting farmers in beginning the cultivation process. [28]. Authors analyzed onion cultivating 
expenses as well as profits using various cost concepts [29]. 

A precise cost for the cultivation of crops can offer vital information for agricultural decision-making. A question 
that stems from earlier investigations is, "Can we predict the future crop cultivation cost from the historical costs?" 
The article looks for a solution. To answer the stated question, two essential components are data and methodology. 
In the field of land use and land cover, the technique of crop yield prediction has received much study. However, it 
is still difficult to accurately predict the crop cultivation cost before the growing season. This research makes an 
effort to utilize to anticipate agricultural cultivation expenses at the field level annually using previous crop 
cultivation costs. The objective of this study is to assess the predictive ability of Ridge regression, RF regression, 
Least Absolute Shrinkage and Selection Operation Cross Validation (Lasso) regression, Linear regression (LR), KN 
regression, XR regression, Support Vector regression (SVR), Stochastic Gradient Descent (SGD), DT regression, 
and Gradient Boosting (GB) regression to find which methods provide the most precise extrapolation of crop 
cultivation cost. 

2 Material and Methods 
Figure 1 depicts the overall plan for the study, which consists of the following four steps. 1) Data gathering is done 
from publicly available data by the Directorate of Economics and Statistics in the Ministry of Agriculture 
(DESMOA). For Maharashtra, data scraping is carried out to determine the operating costs involved in crop 
cultivation. 2) In order to fit the data in the ML model, one hot encoding is done on the dataset. 3)The pre-processed 
data is divided into training and testing sets, and the training set is utilized to train the Ridge, RF, Lasso, LR, KN, 
XR, SVR, SGD, DT, and GB regression models. The performance measures of the models were carefully taken into 
account, the estimation results in R2, RMSE, and MAE were obtained and used to find the optimal ML model. 4) 
Predicting crop cultivation costs as output is done using the best ML model. 

2.1 Data acquisition 
The primary agency in India charged with gathering information on agricultural expenses is the DESMOA. The 
Systematic Initiative for Evaluating Cost of Cultivation/Production of Principal Crops is run by the DESMOA. Its 
goal is to compile precise data on physical and financial inputs and outputs that may be used to calculate cultivation 
costs per hectare and quintal production costs for major crops. The data collected under this programme was 
gathered continuously in the form of an in-depth examination of the main crops to be covered for one year, which 
was then to be examined on a subsample. The dataset is indicative of stratified sampling data from the tehsils, 
villages, and farms in the Indian states. The gross value of output (GVO) of crops in the key agricultural states from 
2004 to 2021 is provided online (https://eands.dacnet.nic.in/Cost_of_Cultivation.htm) by DESMOA together with 
other significant factors. Mandal [30] noted a significant increase in GVO and overall cost for all the states after 
2009–2010. It was discovered that the Government of India's launch of the farm waiver scheme in 2008-2009 was 
the reason for the sharp rise in operational costs from 2009 to 2010. In order to prevent predictions from being 
inaccurate, this research takes data from 2010-2011 to 2021-2022 into account.  A sample dataset for GVO is shown 
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in Figure 2 (a). This study scrapes data of Maharashtra, India is shown in Figure 2 (b), ignoring other Indian states, 
in order to achieve precise predictions. Arhar, bajra, cotton, gram, groundnut, jowar, maize, moong, onion, rice, 
soybean, sugarcane, urad, and wheat are only a few of the crops that are primarily grown in Maharashtra that are 
considered in this study's calculations of operational expenses. These expenses consist of labour, the price of seeds, 
fertilizers, insecticides, and irrigation charges. 

Figure 1. The general structure of the proposed system 

 
Figure 2 (a). A sample dataset for GVO 
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Figure 2 (b). A Maharashtra-specific dataset 

2.2 Dataset preparation 
Online data collection includes operational and fixed expenditures related to crop farming. Here, operational costs 
are taken into account because they vary with time and are primarily taken into account when making decisions 
concerning how to cultivate a crop. The Excel file depicted in Figure 2 (a) is used by the model. The model makes 
use of the Excel sheet shown in Figure 2 (a). After that, data for Maharashtra is scraped, along with the five 
operational cost components labour, seed, irrigation, insecticides, fertilizers and manure costs for each crop: arhar, 
bajra, cotton, gram, groundnut, jowar, maize, moong, onion, rice, soybean, sugarcane, urad, and wheat. This data is 
considered for the years 2010-2011 to 2021-2022. Work performed by humans, animals, and machines is considered 
as labour altogether. Other components are considered as they are from the dataset. A large amount of data is needed 
to train ML models, so these values from the dataset, which represent stratified sampling, are used to create 10 
values for each crop for a given year using uniform data distribution considering average and 2-5% standard 
deviation in the values. The total sample in the dataset is 1680 for 12 years (2010-2011 to 2021-2022) and 14 crops. 
The sample pre-processed dataset for model creation is shown in Figure 3. 

 
 Figure 3. A sample processed dataset 

Labour Seed Fertilizer&Manure Insecticides Irrigation Charges TotalCost Year Crop
37681.9892 5884.098614 9765.818872 1526.357823 1454.239286 56312.50379 2020 Bajra

40108.38637 5203.469638 10271.79662 1585.301238 1537.836066 58706.78993 2020 Bajra
39369.07915 5629.297646 10595.01481 1574.414619 1651.433155 58819.23938 2020 Bajra
41303.08778 5639.780709 10285.37113 1554.628716 1479.453769 60262.3221 2020 Bajra
42577.98027 5492.031624 9916.221166 1575.392559 1515.114075 61076.73969 2020 Bajra
41751.22904 5729.220788 10106.39204 1483.80902 1426.140835 60496.79172 2020 Bajra
50704.92416 5495.8904 8886.439122 1684.809067 8500.73652 75272.79927 2021 Bajra

50065.9901 5347.473255 9014.703654 1931.532297 8492.795899 74852.49521 2021 Bajra
48083.72596 5368.079328 8907.893684 1776.1143 8459.02086 72594.83413 2021 Bajra
46246.70056 5583.655413 8966.39066 1755.937895 8483.90631 71036.59083 2021 Bajra
50246.13111 5065.033018 9536.316982 1773.799091 8523.320726 75144.60092 2021 Bajra
49527.05528 5179.054268 9203.962729 1659.790038 8429.353656 73999.21597 2021 Bajra
47575.41536 5432.670605 8194.591133 1734.666505 8426.179451 71363.52305 2021 Bajra
52127.32567 5499.957044 9915.958486 1733.211579 8470.481139 77746.93392 2021 Bajra
49864.71145 5367.953379 9255.038463 1762.252525 8408.077333 74658.03315 2021 Bajra
51929.17799 4965.524075 8380.693447 1684.965606 8503.976738 75464.33786 2021 Bajra

26600.59 2753.7 5014.62 1449.27 703.79 52583.55 2010 Cotton
26793.8 2432.84 4704.85 1150.06 824.67 50947.14 2010 Cotton

26146.55 2383.49 5421 1729.88 649.79 52040.94 2010 Cotton
25870.97 2005.09 4232.2 1505.69 799.78 49668.41 2010 Cotton
26735.58 2363.28 4860.08 1222.09 807.52 51591.82 2010 Cotton

26691.8 2107.65 4559.63 1193.28 626.24 51546.69 2010 Cotton
27038.01 3098.37 4245.85 1506.25 716.66 51575.81 2010 Cotton
25395.68 2078.65 4049.91 1617.84 817.09 49343.91 2010 Cotton



84  Inteligencia Artificial 74 (2024) 

2.3 Machine learning framework for the cost of crop planting prediction  
An end-to-end ML methodology for predicting the annual cost of crop cultivation is presented in this section. The 
prediction model is built on a variety of ML models. Historical data from DESMOA is used as the input. The output 
is the predicted cultivation cost of the selected crop. This section talks about the proposed ML models and evaluation 
metrics. 

Individual ML models are created for each of the five cost components. The features used for training the model 
are the crop name and year where crop name is a categorical variable and therefore cannot be used directly for 
regression models. Hence one hot encoding is performed to convert the crop labels to binary. One hot encoding 
works by converting the crop names to individual columns where the value ‘1’ indicates the correct crop name and 
the other columns have a value ‘0’. Thus, there are now total of 15 training features. 70% of this dataset is used for 
training while 30% is used for testing. Based on these five different cost components following models are trained 
and assessed using performance measures.  

2.3.1 Linear regression 
The goal of linear regression is to determine the correlation between the input variables and the output variables. It 
is predicted that determinants and residuals have a distribution that is normal with constant variance and absence of 
correlation, respectively [31]. 

2.3.2 Extended gradient boosting and Light gradient boosting (LGB) 
Both XR and LGB integrate the idea of gradient boosting tree-based models. Weak tree-based models that use 
gradient boosting are incrementally incorporated by applying the preceding weaker model's knowledge. In gradient 
boosting, as opposed to random forest, a collection of successively generated models results in the ultimate 
prediction. Chen and Guestrin  [32] invented XGB, and Microsoft presented LGB, an improved version with more 
processing power [33]. 

2.3.3 Random forest regression  
The bootstrap resampling approach, which is sampling with replacement, is used in a random forest to build several 
data sets  [34]. Building trees is carried out repeatedly while using a selected group of features from each sample 
set. By combining these trees, the final forecast is generated based on the majority of the vote. Random forest 
controls the bias and variance components of the loss function because each tree does not correlate [35]. 

2.3.4 Lasso and Ridge 
Lasso is a statistical method for choosing features and regulating models of data. Lasso uses the L1 regularization 
technique. It contains an integrated feature selection architecture that zeros out the coefficient for features that are 
less significant [31], [36]. Only the most crucial features are chosen to determine the model's formulation due to an 
additional penalty term in a loss function, which is a mean squared error (MSE) [36]. The regularized regression 
method ridge uses the L2 regularization algorithm. The sum of the coefficient squares represents the penalty term. 
It functions well when there are several features. 

2.3.5 K-neighbours 
K-neighbours classifier is a nonparametric instance-based learning algorithm. The basic goal of this approach is to 
locate the samples used for training that are closest to each other in an area of features. However, the effectiveness 
of classification is significantly reduced by class overlapping. This method's equal weighting of the class labels of 
each K-nearest neighbour to the observation being classed is another drawback [37]. 

2.3.6 Support vector regression  
The vector regression approach primarily implements linear regression by building a linear decision function in a 
high dimensional space after growing the dimensions and optimizes the model by optimizing the interval band's 
breadth and decreasing the overall loss. An improved technique to reduce structural risk is through the use of SVR 
[38], [39]. After assessing the stability of several ML techniques, Faouri et al. [40] reached a finding that the support 
vector machine was more reliable at predicting dementia disease in older individuals. 

2.3.7 Stochastic gradient descent regression 
The attributes are utilized iteratively to optimize a desired solution. SGD is regarded as a crucial optimization 
methodology. It is one of the most widely used techniques for adjusting the model's parameters in ML applications 
in order to lower a cost function. In SGD, the gradient is computed and the model parameters are updated using just 
one random training example (or a small batch) rather than a complete set of data for every cycle of training. In 
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SGD, an arbitrary point is identified in a function and then travels down its slope until it has an impact on the 
function's bottom value. The gradient is calculated as you descend, and it is updated as you enter the parameter 
values. Calculate the step size and keep learning until the gradient hits zero [41]. 

2.3.8 Decision tree regression  
A DT is a tree structure that resembles a flowchart and is used to evaluate issues by taking into account many factors 
and features. For a more thorough analysis of identifying the attributes with the most information gain, an iterative 
approach was applied [42]. In addition, the type of the response parameter is expected to be continuous once a DT 
is employed for prediction [43]. 

2.3.9 Gradient boosting regression  
Friedman [44] proposed the gradient boosting regression technique, a version of the iterative decision tree approach. 
The technique builds several weaker learners that have low prediction accuracy, integrates these individuals 
repeatedly into an effective learner with the highest prediction accuracy, and trains the regression tree based on the 
amount of residuals collected from each weak learner to minimize the standard deviation of the entire classification 
model. To arrive at the ultimate prediction result, the findings from each regression tree are added together. 

2.4 Evaluation metrics 
Statistical metrics R2, RMSE, and MAE were used to assess the predictive models' robustness. The Crop Cultivation 
Cost (C3) prediction depends on more than one independent variable. The crop cultivation cost is predicted (P_C3), 
once the model has been developed using ML techniques. The model is assessed by using statistical metrics, taking 
into account C3 and P_C3 for the ‘n’ number of observations.  

2.4.1 Coefficient of determination (R2) 
𝑅𝑅2  determines the proportion of C3 variance that can be accounted for by the various factors. Eq. (1) represents the 
mathematical expression for the coefficient of correlation (r). 

𝑟𝑟 =
𝑛𝑛 ∑ 𝐶𝐶3𝑖𝑖 ∗ 𝑃𝑃_𝐶𝐶3𝑖𝑖 − ∑ 𝐶𝐶3𝑖𝑖𝑛𝑛

𝑖𝑖=1
𝑛𝑛
𝑖𝑖=1 ∗ ∑ 𝑃𝑃_𝐶𝐶3𝑖𝑖𝑛𝑛

𝑖𝑖=1

��𝑛𝑛 ∑ 𝐶𝐶3𝑖𝑖2𝑛𝑛
𝑖𝑖=1 − (∑ 𝐶𝐶3𝑖𝑖  𝑛𝑛

𝑖𝑖=1 )2� ∗  ��𝑛𝑛∑ 𝑃𝑃_𝐶𝐶3𝑖𝑖2𝑛𝑛
𝑖𝑖=1 − (∑ 𝑃𝑃_𝐶𝐶3𝑖𝑖𝑛𝑛

𝑖𝑖=1 )2�
 

(1) 

For understanding statistical correlation using r, Sharma and Singh [45] provide the following general rule: 
• If the value of r is between 0.68 to 1 then there is a strong correlation between C3 and P_C3  
• If the value of r is between 0.36 to 0.67 then there is a moderate correlation between C3 and P_C3  
• If the value of r is less than 0.35 then there is a weak correlation between C3 and P_C3  
𝑅𝑅2 which ranges from 0 to 1, is the square of the ‘r’ expressed in Eq. (2). 

𝑅𝑅2 = (𝑟𝑟)2 (2) 
The parameters being utilized to predict C3 are not good if 𝑅𝑅2 is close to zero, while the C3 can be estimated error-
free when its value is 1. 𝑅𝑅2 is a relative measure of fit. 

2.4.2 Root mean square error (RMSE) 
RMSE is a unit of measurement for the standard deviation of variations between actual values and predicted values. 
It is expressed with the square root of the mean of the square of all the errors. It shows the absolute fit of actual 
values to the predicted values. A lower RMSE value indicates a more accurate fit and responsiveness of the 
prediction model [45]. Eq. (3) represents the mathematical expression for RMSE. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �
∑ (𝐶𝐶3𝑖𝑖 − 𝑃𝑃_𝐶𝐶3𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

𝑛𝑛
 (3) 

2.4.3 Mean absolute error (MAE)  
MAE is a metric of errors between actual C3 and predicted C3. Eq. (4) represents the mathematical expression for 
𝑀𝑀𝑀𝑀𝑀𝑀. 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
∑ 𝑃𝑃_𝐶𝐶3𝑖𝑖 − 𝐶𝐶3𝑖𝑖𝑛𝑛
𝑖𝑖=1

𝑛𝑛
  (4) 
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3 Results and Discussion 
A learning model's efficacy is tracked by measuring how well it performs using several evaluation metrics. R2, 
RMSE and MAE were compared to evaluate each ML model. This section provides a summary of the experimental 
findings made possible by the proposed ML techniques. In this section, the ML models' outputs are evaluated by 
looking at how closely measured and predicted crop cultivation costs match up. The dataset with a total of 1680 
samples is arbitrarily split into a training set and test set during the building of ML models, with the majority of the 
data being used for training. 70% (1176 samples) of each dataset was used to train the models, while the remaining 
30% (504 samples) was used to test them. The Python sklearn.model_selection.train_test_split function split the 
points into an arbitrary train and test subsets [46]. Several ML techniques were developed using the Python sklearn 
packages. The dataset with the 10-folds criterion has been exposed to cross validation (CV). A fair choice between 
relatively little computation and minimal bias in determining the level of model efficiency is provided by the typical 
value for k-fold is 10 [47]. The dataset is divided into ten equal segments using a 10-fold CV, of which nine are 
utilised as training data and one for testing the model's performance for each iteration. The overall mean of the 
values from every round represents the model's performance. Table 1 shows the estimated and recorded measures 
such as R2, RMSE, and MAE. The effectiveness of the model's prediction is evaluated based on its performance 
involving lower RMSE and MAE measurements and higher R2 values. The table demonstrates that the R2 measure 
for XR, DT, KN, and GBR is higher than 0.95 while also having lower RMSE and MAE values for all components 
of total expenses, indicating that these learning models can accurately predict crop cultivation expenses. SVR and 
SGDR perform poorly when compared to other ML models in terms of R2, RMSE, and MAE.   

Table 1: Evaluation of ML model with default parameter for five cost components 

Performance Measures → R2 RMSE MAE R2 RMSE MAE 

ML  ↓ Techniques Labour 
Training Set = 1176 Samples 

Labour 
Testing Set = 504 Samples 

Ridge 0.8987 6201.9 4295.8 0.9037 6309.2 4238.1 
Lasso 0.8985 6210.8 4310.6 0.9034 6320.3 4256.6 

LR 0.8988 6198.8 4300.5 0.9044 6286.6 4236.6 
SVR -0.1087 20522 13626.5 -0.0964 21293.4 13787.8 

SGDR -1.38E+22 2.29E+15 2.29E+15 -1.27E+22 2.29E+15 2.29E+15 
GBR 0.9788 2840 1962.8 0.9803 2857.1 1933.9 
XR 0.9979 882.6 496.9 0.9982 870.1 517 
RF 0.9979 884.3 496.6 0.9981 882.5 519.8 
KN 0.9977 927.6 514.9 0.9976 1006.5 572 
DT 0.9979 882.6 496.8 0.9982 870.6 517.3 

 Seed  
Training Set= 1176 Samples 

Seed  
Testing Set = 504 Samples 

Ridge 0.6385 3335.7 1537.2 0.4766 2844.6 1393.3 
Lasso 0.6385 3335.4 1535.5 0.4719 2857.4 1393.9 

LR 0.6385 3335.4 1532.9 0.4712 2859.4 1391.7 
SVR -0.0646 5724.1 2812.6 -0.0477 4024.7 2227.5 

SGDR -1.11E+22 5.84E+14 5.84E+14 -2.21E+22 5.84E+14 5.84E+14 
GBR 0.9673 1003.5 605 0.9485 892.6 561.9 
XR 0.9995 124.5 82.6 0.9988 137.6 91.5 
RF 0.9995 124.9 83 0.9988 137.9 92.6 
KN 0.9994 132.4 86.1 0.9984 155.6 99.9 
DT 0.9995 124.5 82.5 0.9988 137.7 91.6 

 Fertilizer & Manure 
Training Set = 1176 Samples 

Fertilizer & Manure 
Testing Set = 504 Samples 

Ridge 0.6352 3050.1 1933.9 0.5896 3244.4 2053.4 
Lasso 0.6352 3049.9 1930.3 0.5893 3245.7 2049.8 

LR 0.6353 3049.8 1930.3 0.5895 3245 2048 
SVR -0.1324 5373.7 3528.5 -0.1183 5355.9 3507.8 

SGDR -1.56E+21 1.99E+14 1.99E+14 -1.55E+21 1.99E+14 1.99E+14 
GBR 0.9256 1377.5 910.1 0.9198 1434.2 931.4 
XR 0.9981 218.9 134.4 0.9976 247 155.4 
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RF 0.9981 219.1 134.2 0.9976 246.8 156 
KN 0.9979 230.9 142.4 0.9975 251.4 161.3 
DT 0.9981 218.8 134.1 0.9976 247.5 155.4 

 Insecticides 
Training Set = 1176 Samples 

Insecticides 
Testing Set = 504 Samples 

Ridge 0.6564 967.5 609.9 0.4895 1147 671.7 
Lasso 0.6564 967.5 609.3 0.4882 1148.5 671.4 

LR 0.6565 967.3 611.2 0.4874 1149.4 674.6 
SVR -0.1372 1760 1056.5 -0.122 1700.5 1001.5 

SGDR -1.79E+23 6.98E+14 6.98E+14 -1.89E+23 6.98E+14 6.98E+14 
GBR 0.9583 337.2 235.4 0.9449 376.8 250.8 
XR 0.9952 114.7 50.3 0.9952 110.8 55 
RF 0.9951 115.4 50.8 0.9944 119.9 57.8 
KN 0.9938 130.2 54.7 0.9882 174.3 69 
DT 0.9952 114.7 50.2 0.9952 110.8 54.9 

 Irrigation Charges 
Training Set = 1176 Samples 

Irrigation Charges 
Testing Set = 504 Samples 

Ridge 0.6546 2151.7 1253.7 0.5936 2257.3 1291.8 
Lasso 0.6545 2151.8 1251.5 0.5929 2259.2 1289.5 

LR 0.6546 2151.5 1246.2 0.5925 2260.5 1287.5 
SVR -0.1149 3865.6 2250.5 -0.102 3717.3 2171.9 

SGDR -4.70E+23 2.51E+15 2.51E+15 -5.02E+23 2.51E+15 2.51E+15 
GBR 0.9517 804.4 522.5 0.946 822.9 548.4 
XR 0.9991 111 60.6 0.9989 116.5 63.8 
RF 0.9991 111.5 61.4 0.9989 116.4 64.5 
KN 0.999 117.3 63.9 0.9988 120.9 66.9 
DT 0.9991 110.9 60.4 0.9989 116.7 63.9 

*bold values- Lower RMSE, MAE and higher R2 values 

Figure 4 (a) Actual and predicted value of labour cost for all learning models 
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Figure 4 (b) Actual and predicted value of seed cost for all learning models 

Figure 4 (c) Actual and predicted value of fertilizer & manure cost for all learning models 
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Figure 4 d) Actual and predicted value of insecticides cost for all learning models 

Figure 4 (e) Actual and predicted value of irrigation charges cost for all learning models 

Figure 4. Scatter plot for the actual and predicted cost of crop cultivation 
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Figures 4 (a) - 4(e) depict scatter plots of actual against expected expenses for labour, seed, fertiliser and manure, 
insecticides, and irrigation, respectively. It is recognised as the most effective form of data visualisation. The graphic 
shows that the Ridge, LR, and Lasso models have more dispersed data points and are unable to create a straight line 
as expected. Few data points are scattered for GBR, however for the DT, XR, KN, and RF learning models, the 
majority of the actual values of the five cost components match the predicted values, resulting in a straight line. 
Based on the figures presented, it can be concluded that crop cultivation expenses can be accurately predicted by 
the DT, XR, KN, and RF learning models. 

3.1 ANOVA statistical test validation of ML methods 
The empirical evaluation using Analysis of Variance (ANOVA), which compares the means of all ML approaches 
according to labour, seed, fertilizers and manure, insecticides and irrigation charges is presented in this section. The 
null hypothesis being explored is that there is no appreciable difference between the means of the techniques utilized 
in this investigation. If the null hypothesis is not accepted, ANOVA simply expresses that there is a substantial 
dissimilarity among the methods employed without providing any further details. Post hoc tests are thus carried out 
to identify the discrepancies between techniques [48]. In Jeffreys's Amazing Statistics Programme (JASP), an open 
source statistical programme, the ANOVA test is run on the R2, RMSE, and MAE of ML techniques applied to 
labour, seed, fertilizers and manure, insecticides, and irrigation costs, which are the components of the operational 
costs of crop cultivation.  

The various ML strategies utilized for model learning on labour, seed, fertilizers and manure, pesticides, and 
irrigation costs were found to significantly differ from one another using ANOVA and t-test results. The results of 
the ANOVA for training and testing datasets are presented in Table 2 at a significance level of (α=0.05). It is 
observed that the main ANOVA Table 2 displays that the F-statistic is substantial as the p-value is less than α= 0.05. 
Using an α of 0.05, the F- value from the distribution table is F0.05;7,32 = 2.6. The null hypothesis of equal means of 
performance measures is rejected because the test statistic for R2, MAE, and RMSE is significantly bigger than the 
critical value, which leads to the conclusion that there is a statistical difference between the various ML approaches 
used.  

Table 2: ANOVA for R2, MAE and RMSE for default parameter of ML models 
Training Dataset Testing 

ANOVA - R2 ANOVA - R2 

Cases Sum of 
Squares 

df Mean 
Square 

F p Cases Sum of 
Squares 

df Mean 
Square 

F p 

ML 
Tech. 

0.811 7 0.116 23.809 < .001 Algorithm 1.348 7 0.193 16.946 < .001 

Residuals 0.156 32 0.005   Residuals 0.364 32 0.011   

ANOVA - RMSE ANOVA - RMSE 

Cases Sum of 
Squares 

df Mean 
Square 

F p Cases Sum of 
Squares 

df Mean 
Square 

F p 

ML 
Tech. 

6.9×10+7 7 9.961×10+6 6.268 < .001 ML 
Techniques 

7.008×10+7 7 1.001×10+7 6.396 < .001 

Residuals 5×10+7 32 1.589×10+6   Residuals 5.009×10+7 32 1.565×10+6   

ANOVA - MAE ANOVA - MAE 

Cases Sum of 
Squares 

df Mean 
Square 

F p Cases Sum of 
Squares 

df Mean 
Square 

F p 

ML 
Tech. 

2.6×10+7 7 3.792×10+6 4.61 0.001 ML 
Techniques 

2.655×10+7 7 3.792×10+6 4.61 0.001 

Residuals 2.6×10+7 32 822682.256   Residuals 2.633×10+7 32 822682.256   

 
Later, post Hoc that means “after the fact” comparisons are also executed and the results are presented in Table 

3. The ptukey value shows there is a difference between most pair of techniques. From Table 3 statistically, it is proved 
that DT, XR, KN and RF are at the same level with training and testing dataset as the value of ptukey=1. Also, there 
is no difference between LR, Lasso and Ridge.  
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Table 3: Post Hoc Comparisons - ML Technique 

Training Testing 

ANOVA – R2 ANOVA – R2 

ML 
Techniques 

Mean 
Differ. SE t ptukey ML Techniques Mean 

Differ. SE t ptukey 

DT GBR 0.042 0.044 0.944 0.979 DT GBR 0.05 0.067 0.739 0.995 

 KN 4.003×10-4 0.044 0.009 1  KN 0.002 0.067 0.024 1 

 LR 0.301 0.044 6.827 < .001  LR 0.389 0.067 5.766 < .001 
 Lasso 0.301 0.044 6.83 < .001  Lasso 0.389 0.067 5.763 < .001 
 RF 1.62×10-5 0.044 3.69×10-4 1  RF 1.50×10-4 0.067 0.002 1 

 Ridge 0.301 0.044 6.829 < .001  Ridge 0.387 0.067 5.742 < .001 

 XR 6.06×10-7 0.044 1.37×10-5 1  XR -3.06×10-6 0.067 -4.55×10-5 1 

GBR KN -0.041 0.044 -0.935 0.98 GBR KN -0.048 0.067 -0.715 0.996 

 LR 0.26 0.044 5.883 < .001  LR 0.339 0.067 5.026 < .001 

 Lasso 0.26 0.044 5.886 < .001  Lasso 0.339 0.067 5.024 < .001 

 RF -0.042 0.044 -0.943 0.979  RF -0.05 0.067 -0.737 0.995 

 Ridge 0.26 0.044 5.885 < .001  Ridge 0.337 0.067 5.002 < .001 

 XR -0.042 0.044 -0.944 0.979  XR -0.05 0.067 -0.739 0.995 

KN LR 0.301 0.044 6.818 < .001 KN LR 0.387 0.067 5.742 < .001 

 Lasso 0.301 0.044 6.821 < .001  Lasso 0.387 0.067 5.739 < .001 

 RF -3.84×10-4 0.044 -0.009 1  RF -0.001 0.067 -0.022 1 

 Ridge 0.301 0.044 6.82 < .001  Ridge 0.385 0.067 5.717 < .001 

 XR -3.99×10-4 0.044 -0.009 1  XR -0.002 0.067 -0.024 1 

LR Lasso 1.30×10-4 0.044 0.003 1 LR Lasso -1.60×10-4 0.067 -0.002 1 

 RF -0.301 0.044 -6.827 < .001  RF -0.389 0.067 -5.764 < .001 

 Ridge 8.71×10-5 0.044 0.002 1  Ridge -0.002 0.067 -0.024 1 

 XR -0.301 0.044 -6.827 < .001  XR -0.389 0.067 -5.766 < .001 

Lasso RF -0.301 0.044 -6.83 < .001 Lasso RF -0.388 0.067 -5.761 < .001 

 Ridge -4.37×10-5 0.044 -9.92×10-4 1  Ridge -0.001 0.067 -0.022 1 

 XR -0.301 0.044 -6.83 < .001  XR -0.389 0.067 -5.763 < .001 

RF Ridge 0.301 0.044 6.829 < .001 RF Ridge 0.387 0.067 5.739 < .001 

 XR -1.56×10-5 0.044 -3.55×10-4 1  XR -1.53×10-4 0.067 -0.002 1 

Ridge XR -0.301 0.044 -6.829 < .001 Ridge XR -0.387 0.067 -5.742 < .001 

ANOVA - RMSE ANOVA - RMSE 

ML 
Techniques 

Mean 
Differ. SE t ptukey ML Techniques Mean 

Differ. SE t ptukey 

DT GBR -982.196 797.293 -1.232 0.916 GBR LR -1883.446 791.26 -2.38 0.285 

 KN -17.4 797.293 -0.022 1  Lasso -1889.495 791.26 -2.388 0.281 

 LR -2850.25 797.293 -3.575 0.022  Ridge -1883.794 791.26 -2.381 0.285 

 Lasso -2852.786 797.293 -3.578 0.022  DT 980.087 791.269 1.239 0.914 

 RF -0.759 797.293 -9.51×10-4 1  KN 935.011 791.269 1.182 0.931 

 Ridge -2851.073 797.293 -3.576 0.022  RF 976.023 791.269 1.233 0.916 

 XR -0.039 797.293 -4.90×10-5 1  XR 980.351 791.269 1.239 0.914 
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GBR KN 964.797 797.293 1.21 0.923 LR Lasso -6.048 791.269 -0.008 1 

 LR -1868.062 797.293 -2.343 0.303  Ridge -0.348 791.269 -4.39×10-4 1 

 Lasso -1870.589 797.293 -2.346 0.301  DT 2863.534 791.269 3.619 0.02 

 RF 981.438 797.293 1.231 0.916  KN 2818.458 791.269 3.562 0.023 

 Ridge -1868.877 797.293 -2.344 0.302  RF 2859.469 791.269 3.614 0.02 

 XR 982.157 797.293 1.232 0.916  XR 2863.798 791.269 3.619 0.02 

KN LR -2832.858 797.293 -3.553 0.024 Lasso Ridge 5.7 791.269 0.007 1 

 Lasso -2835.386 797.293 -3.556 0.023  DT 2869.582 791.269 3.627 0.02 

 RF 16.641 797.293 0.021 1  KN 2824.506 791.269 3.57 0.023 

 Ridge -2833.673 797.293 -3.554 0.023  RF 2865.517 791.269 3.621 0.02 

 XR 17.361 797.293 0.022 1  XR 2869.846 791.269 3.627 0.02 

LR Lasso -2.527 797.293 -0.003 1 Ridge DT 2863.881 791.269 3.619 0.02 

 RF 2849.499 797.293 3.574 0.022  KN 2818.805 791.269 3.562 0.023 

 Ridge -0.815 797.293 -0.001 1  RF 2859.817 791.269 3.614 0.02 

 XR 2850.219 797.293 3.575 0.022  XR 2864.145 791.269 3.62 0.02 

Lasso RF 2852.027 797.293 3.577 0.022 DT KN -45.076 791.269 -0.057 1 

 Ridge 1.713 797.293 0.002 1  RF -4.065 791.269 -0.005 1 

 XR 2852.746 797.293 3.578 0.022  XR 0.264 791.269 3.336×10-4 1 

RF Ridge -2850.314 797.293 -3.575 0.022 KN RF 41.011 791.269 0.052 1 

 XR 0.72 797.293 9.027×10-4 1  XR 45.34 791.269 0.057 1 

Ridge XR 2851.034 797.293 3.576 0.022 RF XR 4.329 791.269 0.005 1 

ANOVA - MAE ANOVA - MAE 

ML 
Techniques 

Mean 
Differ. SE t ptukey ML Techniques Mean 

Differ. SE t ptukey 

DT GBR -682.363 573.649 -1.19 0.929 DT GBR -682.363 573.649 -1.19 0.929 

 KN -7.595 573.649 -0.013 1  KN -7.595 573.649 -0.013 1 

 LR -1759.415 573.649 -3.067 0.074  LR -1759.415 573.649 -3.067 0.074 

 Lasso -1762.619 573.649 -3.073 0.073  Lasso -1762.619 573.649 -3.073 0.073 

 RF -0.396 573.649 -6.90×10-4 1  RF -0.396 573.649 -6.90×10-4 1 

 Ridge -1761.318 573.649 -3.07 0.073  Ridge -1761.318 573.649 -3.07 0.073 

 XR -0.134 573.649 -2.32×10-4 1  XR -0.134 573.649 -2.32×10-4 1 

GBR KN 674.768 573.649 1.176 0.933 GBR KN 674.768 573.649 1.176 0.933 

 LR -1077.052 573.649 -1.878 0.575  LR -1077.052 573.649 -1.878 0.575 

 Lasso -1080.256 573.649 -1.883 0.572  Lasso -1080.256 573.649 -1.883 0.572 

 RF 681.968 573.649 1.189 0.929  RF 681.968 573.649 1.189 0.929 

 Ridge -1078.954 573.649 -1.881 0.573  Ridge -1078.954 573.649 -1.881 0.573 

 XR 682.23 573.649 1.189 0.929  XR 682.23 573.649 1.189 0.929 

KN LR -1751.82 573.649 -3.054 0.076 KN LR -1751.82 573.649 -3.054 0.076 

 Lasso -1755.024 573.649 -3.059 0.075  Lasso -1755.024 573.649 -3.059 0.075 

 RF 7.199 573.649 0.013 1  RF 7.199 573.649 0.013 1 

 Ridge -1753.723 573.649 -3.057 0.076  Ridge -1753.723 573.649 -3.057 0.076 

 XR 7.461 573.649 0.013 1  XR 7.461 573.649 0.013 1 

LR Lasso -3.204 573.649 -0.006 1 LR Lasso -3.204 573.649 -0.006 1 
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 RF 1759.019 573.649 3.066 0.074  RF 1759.019 573.649 3.066 0.074 

 Ridge -1.903 573.649 -0.003 1  Ridge -1.903 573.649 -0.003 1 

 XR 1759.281 573.649 3.067 0.074  XR 1759.281 573.649 3.067 0.074 

Lasso RF 1762.223 573.649 3.072 0.073 Lasso RF 1762.223 573.649 3.072 0.073 

 Ridge 1.302 573.649 0.002 1  Ridge 1.302 573.649 0.002 1 

 XR 1762.486 573.649 3.072 0.073  XR 1762.486 573.649 3.072 0.073 

RF Ridge -1760.922 573.649 -3.07 0.074 RF Ridge -1760.922 573.649 -3.07 0.074 

 XR 0.262 573.649 4.57×10-4 1  XR 0.262 573.649 4.57×10-4 1 

Ridge XR 1761.184 573.649 3.07 0.073 Ridge XR 1761.184 573.649 3.07 0.073 

 
The descriptive plot for R2, RMSE, and MAE of all ML techniques is shown in Figure 5 (a) - (c), which also 

demonstrates how well the DT, XR, RF, and KN techniques perform. It is clear that the DT, XR, RF, and KN ML 
models can accurately predict the cost of crop cultivation.  

 

 
(a) 
 

 (b) 

 
(c) 

Figure 5. Descriptive plot for R2, RMSE and MAE of all ML techniques 
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3.2 Optimization of models using hyper parameter tuning 
 

The cost of five components data has total 1680 instances which is small dataset that data can lead to underfitting, 
where the model fails to capture the underlying patterns in the data. To solve this problem, in the process of model 
training, the gridSearchCV and randomizedsearchCV methods are used to automatically adjust hyperparameters to 
find the best combination of hyperparameters. 
 
3.2.1 GridSearchCV 

One empirical technique for assessing machine learning model proficiency is CV, which is primarily used to 
estimate how well a model generalises to unknown data. GridSearchCV uses CV in which it divides the training set 
into k-folds, this paper uses k=10 as its initial step. The first fold is used as the test set and the remaining (9) folds 
are used as the training set while the first model is being trained. Following that, the model is trained, which results 
in its performance on the first fold test dataset. This procedure is repeated ten times, with one fold serving as the 
test set and the others as the training set while the remaining models are being trained. Afterwards, the model's 
performance is calculated by averaging the CV performances. The GridSearchCV is hyperparameter adjuster which 
follows the k-folds (10) technique. This tests every hyperparameter in the list specified and determines the optimal 
combination of hyperparameters for model with the highest accuracy score [49]. 

3.2.2 RandomizedSearchCV  

RandomizedSearchCV also makes use of the CV technique to improve the performance of the learning model, rather 
than analysing all hyperparameters, it chooses at random hyperparameter combinations from a predetermined list 
of parameters and evaluates their effectiveness on a CV dataset. It proceeds with the sampling and measure 
performance of model till it finishes a certain number of iterations. This strategy enables it to investigate a broader 
set of hyperparameters, which could contribute to better model [50].  

3.2.3 Hyperparameters 

Hyperparameters are features or adjustments that influence the operation and efficiency of learning models. They 
must be optimised to attain the highest precision for predictions. The success of the model is severely affected by 
the hyperparameters that are selected. Table 4 shows the parameters list and best parameter values obtained for the 
models using the gridSearchCV and randomizedsearcgCV algorithms. The table also includes default parameter 
values for regressor models which are evaluated and recorded performance measures in Table 1. Tenfold cross-
validation is implemented in gridsearchCV and randomizedsearchCV, with the number range, specific algorithm, 
weights, values, and criterion of hyperparameters for each model are presented in Table 4. These parameters have 
been demonstrated to be important in numerous studies. The table includes a brief precis of the parameters.  
The gridsearchCV trains a model for each hyperparameter combination, for example, the selected hyperparameters 
grid for DT: 

hyperParameters = {    'max_depth': [2, 3, 5, 10, 20,50,100], 

    'min_samples_leaf': [5, 10, 20, 50, 100], 

    'criterion': ['squared_error', 'poisson', 'absolute_error', 'friedman_mse'] 

The DT trains 1400 model with 7 values of max_depth parameter, 5 values of min_samples_leaf parameter, and 4 
values of criterion parameter, yielding 140 candidates for 10 folds (7 X 5 X 4 = 140 X 10 folds = 1400). However, 
the randomizedsearchCV selects hyperparameter combinations at random and fits the model for the number of given 
iterations (10) for 10-folds, it fits the model 100 times for each adopted ML technique. The selected hyperparameters 
grid for all the models are presented in 4th column “List of Hyperparameter” in Table 4. Summary of all the adopted 
ML techniques with number of candidates and total number of trained model using gridsearchCV hyperparameter 
tuning function is given below; 
Ridge ML technique fits total 480 models for 48 candidates of hyperparameters with 10-folds. 
Lasso ML technique fits total 480 models for 48 candidates of hyperparameters with 10-folds. 
LR ML technique fits total 10 models for 1 candidate of hyperparameters with 10-folds. 
GBR ML technique fits total 7200 models for 720 candidates of hyperparameters with 10-folds. 
XR ML technique fits total 1800 models for 180 candidates of hyperparameters with 10-folds. 
RF ML technique fits total 4320 models for 432 candidates of hyperparameters with 10-folds. 
KN ML technique fits total 3200 models for 320 candidates of hyperparameters with 10-folds. 
DT ML technique fits total 1400 models for 140 candidates of hyperparameters with 10-folds. 
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Table 4: List of hyperparameters with default and optimal value of gridsearchCV and randomizedsearchCv  

Parameter Description Default List of 
Hyperparameters 

Optimal 
GCV 

Optimal 
RCV 

Ridge 
alpha The parameter determines the 

penalised term. 
1 [1e-15,1e-10,1e-

8,1e-3,1e-2, 1, 5, 
10, 20, 30, 35, 40, 
45, 50, 55, 100] 

1 0.01 

max_ite Maximum number of 
iterations for conjugate 
gradient solver. 

None [10,100,1000]  10 10 

random_state Helps to shuffle the data. None [45] 45 45 
Lasso      
n_alphas The parameter determines the 

extent of the L1 penalised 
term. 

None [1e-15,1e-10,1e-
8,1e-3,1e-
2,1,5,10,20,30,35,4
0,45,50,55,100] 

1 45 

max_iter Maximum number of 
iterations for conjugate 
gradient solver. 

None [10,100,1000]  10 10 

random_state Helps to shuffle the data.  [45] 45 45 

LR 
copy_X Copy the X-values ie. Training 

data.  
TRUE FALSE FALSE FALSE 

fit_intercept calculate the intercept for the 
model. 

TRUE FALSE FALSE FALSE 

n_jobs To speed up the process. None None None None 
Positive Value of coefficients to be 

positive. 
TRUE TRUE TRUE TRUE 

GBR 
n_estimators The number of boosting stages 

to perform. Gradient boosting 
is fairly robust to over-fitting 
so a large number usually 
results in better performance. 

100 [50,100,200,500] 200 500 

 learning_rate Learning rate shrinks the 
contribution of each tree 
by learning_rate. 

0.1 [0.001,0.01,0.1,0.2,
0.3] 

0.3 0.2 

max_depth Maximum depth of the 
individual regression 
estimators. The maximum 
depth limits the number of 
nodes in the tree. 

3 [1,2,4] 4 1 

subsample The fraction of samples to be 
used for fitting the individual 
base learners.  

1 [0.5,0.75,1] 1 0.5 

 Criterion The function to measure the 
quality of a split. 

friedman_
mse 

 ['squared_error', 
'poisson', 
'absolute_error', 
'friedman_mse'] 

squared_er
ror 

friedman
_mse 

 random_state Helps to shuffle the data. None [45] 45 45 
RF 
n_estimators The number of trees in the 

forest. 
100 [50,100,200,500] 50 50 



96  Inteligencia Artificial 74 (2024) 

max_features The number of features to 
consider when looking for the 
best split.  

None  ['sqrt', 'log2', None] None None 

min_samples_
split 

The minimum number of 
samples required to split an 
internal node. 

2 [2,3,4,5]  4 2 

 
max_leaf_nod
es 

Grow trees 
with max_leaf_nodes in best-
first fashion. 

None  [3, 6, 9]  9 9 

max_depth The maximum depth of the 
tree, if None; nodes are 
expanded until all leaves are 
pure. 

None  [3, 6, 9]  6 9 

XR 
n_estimators The number of boosting stages 

to perform. Gradient boosting 
is fairly robust to over-fitting 
so a large number usually 
results in better performance. 

100 [50,100,200,500] 200 100 

 learning_rate Learning rate shrinks the 
contribution of each tree 
by learning_rate. 

None [0.001,0.01,0.1,0.2,
0.3] 

0.3 0.1 

max_depth Maximum depth of the 
individual regression 
estimators. The maximum 
depth limits the number of 
nodes in the tree. 

None [1,2,4] 4 4 

subsample The fraction of samples to be 
used for fitting the individual 
base learners.  

None [0.5,0.75,1] 1 0.5 

 Criterion The function to measure the 
quality of a split. 

squared_er
ror 

 ['squared_error', 
'poisson', 
'absolute_error', 
'friedman_mse'] 

squared_er
ror 

friedman
_mse 

 random_state Helps to shuffle the data. None [45] 45 45 

KN      
n_neighbors Number of neighbors to use by 

default for kneighbors queries. 
5  

[1,2,3,4,5,6,7,8,9,10 
8 7 

weights  Weight function used in 
prediction. 

uniform ['uniform', 
'distance'] 

distance distance 

Metric Metric to use for distance 
computation. 

minkowski ['minkowski'] minkowski minkows
ki 

 algorithm Algorithm used to compute the 
nearest neighbors. 

Auto  ['auto', 'ball_tree', 
'kd_tree', 'brute'] 

brute ball_tree 

 P Power parameter for the 
Minkowski metric. 

2  [1, 2,3,4]} 1 2 

DT 
 max_depth  The maximum depth of the 

tree. 
None [2, 3, 5, 10, 

20,50,100] 
20 10 

min_samples_l
eaf 

The minimum number of 
samples required to be at a leaf 
node. 

1 [5, 10, 20, 50, 100] 5 10 

criterion  The function to measure the 
quality of a split. 

squared_er
ror 

['squared_error', 
'poisson', 
'absolute_error', 
'friedman_mse'] 

squared_er
ror 

poisson 

*GridsearchCV(GCV)  *RandomizedSearchCV(RCV) 
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Table 5 contains a summary of the models' performance measurement for the five crop cultivation cost components 
at optimal parameters. The R2 scores for the learning models are displayed in the table's “Default” column prior to 
hyperparameter tuning, and the R2 values following hyperparameter tweaking are displayed in the GridsearchCV 
and RandomizedSearchCV columns. It is observed that the accuracy of the RF model is less than 95% after 
comparing the R2 scores of the model before and after hyperparameter tuning. However, the accuracy is still more 
than 95% for GBR, XR, KN, and DT. The optimal accuracy for the default, GridsearchCV, and 
randomizedsearchCV is shown by the bold values in each column. It is observed that the KN model consistently 
achieved good results for each of the five crop cultivation cost components. 

Table 5: Scores of adopted models after optimization of hyperparameter 

 Default GridSearch
CV 

RandomizedSearc
hCV Default GridSearch

CV 
Randomizedsearc

hCV 
Models   Labour   Seed 
Ridge 0.8987 0.89627075 0.896239668 0.6385 0.60685677 0.617222028 
Lasso 0.8985 0.89586901 0.895869013 0.6385 0.60366973 0.603669738 

LR 0.8988 0.71692715 0.716927158 0.6385 0.60461692 0.604616927 
GBR 0.9788 0.99712746 0.904809895 0.9673 0.99923761 0.999160155 
XR 0.9979 0.99712778 0.990657284 0.9995 0.99923808 0.999022213 
RF 0.9979 0.82466962 0.823641839 0.9995 0.88357906 0.883410839 
KN 0.9977 0.99712869 0.997090284 0.9994 0.99924127 0.999237258 
DT 0.9979 0.99048394 0.951562848 0.9995 0.99096832 0.990968324 

 Fertilizer & Manure Insecticides 
Ridge 0.6352 0.61755736 0.617222028 0.6564 0.63880114 0.63843102 
Lasso 0.6352 0.61739887 0.61739887 0.6564 0.63874060 0.638740604 

LR 0.6353 0.59791916 0.59791916 0.6565 0.59266596 0.592665967 
GBR 0.9256 0.99724255 0.997241562 0.9583 0.99325076 0.99292457 
XR 0.9981 0.99724425 0.997075945 0.9952 0.99324299 0.993029257 
RF 0.9981 0.75999921 0.755486146 0.9951 0.80536438 0.802507501 
KN 0.9979 0.99725852 0.997241514 0.9938 0.99331496 0.993240227 
DT 0.9981 0.97962672 0.979626728 0.9952 0.97982830 0.978283095 

Irrigation Charges 
Ridge 0.6546 0.64137922 0.641379228 
Lasso 0.6545 0.64153381 0.64153381 

LR 0.6546 0.64044428 0.64044428 
GBR 0.9517 0.99874985 0.971367097 
RF 0.9991 0.85353539 0.851091428 
KN 0.999 0.99877014 0.998749011 
DT 0.9991 0.98238204 0.90238422 

After experimenting on the dataset, it was discovered that both gridsearchCV and randomizedsearchCV 
hyperparameter tuning algorithms produced the good result for predicting crop cultivation cost. However, these 
functions are dependent on the hyperparameter list provided. Both algorithms will be successful when the 
hyperparameter list is well-defined. The hyperparameters must be specified within a suitable range of values. If the 
range of parameters is insufficiently little, the optimal values can fail to be found; if the range of parameters is too 
big, the search process could become expensive. 
 
3.3 Web application 

The computational system is built in Python programming language and its communication language is “Marathi”, 
in order for the farmer of Maharashtra, India to utilise this system successfully. Five operating cost components are 
predicted using a KN regressor ML model. Figure 6 illustrates the extrapolated cost of various components, 
including labour, seed, fertiliser and manure, insecticides, and irrigation charges. When the KN model is used to 
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forecast the cost of cultivating onions in 2023, it predicts a total cost of Rs. 94,732 per hectare.  In one of Nagpur, 
Maharashtra, India's fields, Meena et al. [29] examined the cost of cultivating onions. Farming in the large field 
category has been projected to cost about Rs. 91,595 per hectare.  Only Rs 3,137 differentiates the estimated cost of 
the KN model from the cost investigated by Meena et al. [29]. 

 
Figure 6. Extrapolated cost 

4 Conclusions 
The study used a dataset published by the Ministry of Agriculture and Farmer Welfare of the Government of India 
to propose an end-to-end ML framework for cost prediction. The crop cultivation cost dataset was used to test the 
proposed system. The crop cultivation cost estimates obtained from data from the official statistics had a strong 
correlation (R2 > 0.9) with the crop cultivation cost determined from the machine-learned predictions. This study 
offers a practical method for estimating annual crop cultivation costs, which can be applied to numerous agricultural 
endeavours and decisions made ahead of the growing season starts. Agriculture is an expensive endeavour. Farmers 
invest not only their time and hard work in growing a crop but also require strong financial backing. The cost 
estimation feature enables farmers to estimate the cost that would be incurred for cultivating a specific crop 
including cost breakage for components like seeds, fertilizer and manure, pesticide, irrigation, and labour. This 
enables farmers to be prepared financially before starting the cultivation of a crop thus helping in better financial 
planning and reducing their financial burden in the later stages of cultivation. It provides the breakup between the 
cost components which provides better clarity for the farmers to understand the total cost that would be incurred for 
cultivating the crop. In this work, 14 crops' complex crop cultivation cost responses were modelled using the DT, 
XR, RF, KN, GBR, Ridge, Lasso, and LR approaches. The best parameter values for the ML models for each of the 
five costs were found by automatically tweaking the model hyperparameters using the GridSearchCV and 
RandomizedsearchCV methods. In the 70/30 examination, the models DT, XR, RF, and KN performed well more 
accurately in predicting crop cultivation costs than the other ML regression methods. In terms of cost prediction, 
KN, GBR, XR, and DT regression had the highest R2 value of 0.99, followed by RF regression with R2 of 0.80, and 
Ridge, Lasso, and LR with R2 values of 0.62-0.65. The findings of the ANOVA statistical test have been 
encouraging, and the best method for predicting cultivation costs is general, making it applicable to other 
agricultural applications or other fields. 

The framework can be further enhanced by incorporating new crops and more specialized data for crop 
cultivation cost calculation and predictions. 
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