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Abstract 

One prominent area of research focuses on predicting crop production using parameters related to 

crop characteristics, soil properties, water availability, and environmental conditions. Critical crop 

characteristics are often gathered for prediction using machine learning algorithms. Although these 

methods show promise in tackling the yield prediction challenge, they still possess certain 

limitations and drawbacks. It is unable to map the initial information as well as crop yield figures 

directly, either non-linearly or linearly; the quantity of the attributes obtained has a significant 

impact on such algorithms' performance. Deep reinforcement learning encourages new aspects and 

dimensions for improving the previously listed shortcomings. Deep reinforcement learning creates 

a comprehensive framework for predicting crop production by fusing the smarts of reinforcement 

training with deep learning, which enables the mapping of unprocessed information to crop 
2forecasting values. In this work, we suggested a Deep Q-Network model for predicting various crop 

yields. Further, feature selection methods such as PCA, SelectKBest, and Random Forest Methods 

for feature selection. Based on that, rice, wheat, maize, cotton, and soyabean crops yield is predicted. 

In our comparative analysis, the Deep Q-Network model demonstrated a significant improvement 

over traditional methods, achieving an accuracy of 92% in predicting rice yield as opposed to the 

Random Forest model's 90% accuracy. The model outperformed the RF model in terms of sensitivity 

and specificity, both of which scored greater than 85%. 

Keywords: Crop Yield Prediction, Deep Reinforcement Learning, PCA, Select K Best, Random 

Forest, and Feature Selection. 

1 Introduction 

Crop production and successful development are vital aspects of our everyday existence. Farmers may 

enhance their environmental management practices and create fairer, marketable products at a reduced 

cost by developing models that will boost crop model efficiency (Burdett & Wellen, 2022). In many 

nations, including India, agriculture is essential to the development of the national economy. Therefore, 

forecasting crop output in advance of cultivation may assist agricultural departments and farmers in 
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avoiding misinformation regarding selecting the best crop to plant and in implementing the necessary 

marketing and storage strategies. Prediction is one of the applications of deep learning of agricultural 

production (Shetty et al., 2021). Thus far, a large number of models have been approved and authorized 

(Elavarasan & Vincent, 2020). Because crop production forecast depends on several factors, like 

climate, soil, setting, area, period, and so forth, it requires the usage of certain datasets (Gong et al., 

2022). Digitalization is becoming more and more important these days in a variety of knowledge fields, 

including weather forecasting, Internet of Things (IoT), agriculture, medicine, and recommendation 

platforms. Agriculture relies on crop yield estimation to increase productivity and support decision-

making, particularly financial market prediction and encounters, and concerns related to food security 

(Moraye et al., 2021). From the dawn of the century, it's evident that the use of machine learning in 

agronomy has grown rapidly (Alibekova et al., 2025). This includes data-driven crop production 

projections derived from farm-level data regarding soil, climate, and management. The impact of data 

partitioning strategies on the models' actual performance, particularly when they are developed for yield 

forecasting, is, however, little understood (Nyéki & Neményi, 2022). Precision farming and food safety 

continue to aspire to quick and precise yield estimations, given the expanding range and availability of 

worldwide satellite products, as well as the quick development of new algorithms. It is still necessary to 

investigate the consistency and dependability of appropriate approaches that provide precise crop yield 

results (Liu et al., 2022). Decision-making in the food industry is largely dependent on precise crop 

output projections. The disadvantage is that a single-size-fits-all prediction model is often used for a 

whole region without taking into consideration regional differences in subregional VCI and TCI caused 

by environmental and climatic factors (Manoj et al., 2022). 

Information on the anticipated crop output for this year's growing season is useful for farmers, 

policymakers, and food processing facilities. Increasing crop revenue is one of the key advantages of 

using trustworthy forecasting technologies (Mousa & Rasheed, 2022). Selecting the right agricultural 

product management approach is aided by knowledge about the quantity of crop produced prior to 

harvest. The right choice of independent variables affects how challenging it is to create forecasting 

models (Elavarasan & Vincent, 2020). In India, agriculture is the most common employment and 

provides survival for around half of the people. Given that a variety of elements, such as the 

environment, precipitation, soil, water, and seasonal crops, affect crop output prediction, it is a popular 

area of study. The extraction of significant crop traits for yield prediction is a popular use of ML models. 

The CYP uses the ML models as an aid to decision-making to determine what kinds of crops may be 

grown and when (Shook et al., 2021; Abbasi et al., 2025). Together with water and clothing, food is one 

of the most important needs for human life. In India's GDP, agriculture is the primary industry, followed 

by the IT sector. Choosing the right crops at the right time of year is essential to achieving a high crop 

output. Farmers often use techniques that are based on popular belief and ancestry, both of which have 

been shown to be ineffective (Elavarasan & Vincent, 2021). In terms of contribution to the Indian 

nation's economic output, agriculture ranks third. Choosing the appropriate crop for the correct soils at 

the right time of year is crucial to achieving a high crop yield. The great majority of farmers rely on their 

gut feelings when choosing which season to plant their crops, even if doing so might result in losses. 

Important judgments, such as predicting agricultural output for a certain kind of soil or season, may be 

made with algorithms based on ML to separate vast amounts of data (Bali & Singla, 2021). Many nations 

throughout the globe rely heavily on agriculture, and predicting crop production is essential to ensuring 

food security. The techniques for calculating the yield include combining several data sources, such as 

field data and meteorological data, with temporal data. Creating a machine learning-based multi-

resource data-based estimation model is one of the main issues. Numerous studies have been conducted 

from planting to harvest (Josephine et al., 2020). In order to address the impending dilemma, emerging 
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nations like India should concentrate on implementing novel agricultural technology due to their rapid 

population expansion. Early crop production prediction is a crucial problem in precision farming as it 

requires a comprehensive knowledge of the development pattern with highly nonlinear characteristics, 

making it one of the most difficult tasks. Field-to-field variations exist in the dynamic approach of 

management methods such as fertilizers, herbicides, and irrigation, as well as environmental elements 

including temperature, humidity, and rainfall (Sivanandhini & Prakash, 2020). Even while it still 

accounts for the majority of revenue in many nations, food insecurity brought on by climate change has 

had a detrimental effect on the agricultural sector in recent years. This is because most crops suffer from 

harsh weather conditions brought on by climate change, which also adversely affects the expected level 

of agricultural outcomes. Unfortunately, there is no proven methodology to completely prevent these 

natural occurrences. It would be preferable if farmers had advanced knowledge of what lies ahead so 

they could make appropriate plans. Risk reduction for food poverty may be aided by early information 

exchange about anticipated crop output (Sunil et al., 2022). Cultivating plants and animals is the science, 

along with the art of agriculture. India emerges second in the world for farming, which uses 60.45% of 

the country's land. The agricultural sector and farming are the main drivers of the Indian economy 

(Monica Nandini, 2024). Agriculture benefits greatly from a variety of conditions, including rainfall, air 

and surface temperatures, soil moisture, crop rotation, and soil elements like potassium, phosphorus, and 

nitrogen (Ravi & Baranidharan, 2020). Farmers can make better decisions about when and what types 

of crops to sow by using a crop yield prediction system, depending on environmental conditions, in order 

to maximize production. The purpose of the advanced ensemble regression crop yield forecasting model 

is to forecast crop production by taking into account several phenotypic parameters, such as solar 

radiation, precipitation, maximum and minimum temperatures, etc. The dataset pertaining to maize and 

soybean crops has a 38-year history of yield performance information gathered from 105 distinct sites. 

A comparison based on feature selection between mutual information and correlation. Most associated 

characteristics with crop output and improved crop yield forecasts via mutual information 

(Muruganantham et al., 2022). 

The paper's remaining sections are arranged as follows: the related study on the work covered in 

Section 2. You may find the proposal's research approach in Sections 3 and 4. Findings from experiments 

are discussed. The paper ends with Section. 5, which integrates an overview of the direction crop yield 

prediction improvement is headed. 

2 Related Work 

Authors created deep learning-based models in to conclude the efficiency of the edge cutting algorithms 

in relation to several performance metrics. The machine learning method XGBoost, convolution neural 

networks, XGBoost, along with recurrent neural networks are the algorithms they analyzed in this 

research. Using ecological, soil, silt, oxygen, clay, ocd (Organic Carbon Density), the OCS (Organic To 

predict crop production, the case study included the following factors: carbon stock, pHH2O (soil pH in 

water), sandy soil, soc (soil organic carbon), ceo (cation exchange order), water, and crop factors. Their 

suggested approach performs very well by using feature selection to forecast crop production. Their 

suggested technique for forecasting yields was applied to the corn and soy crops. The study 

(Anbananthen et al., 2021) proposes hybrid machine learning algorithms that employ certain ensemble 

techniques as gradient boosting, random forest, selection operator regression, and least absolute 

shrinkage mixed with layered generalization, gradient boosting, random forest, and selection operator 

regression. A new model known as stacked generalization finds the best way to combine predictions 

from several models that have been trained on the same dataset. The new method is demonstrated using 
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the aerial-intel dataset from the GitHub data analysis project. The following conclusions have been 

drawn from the experimental findings on the agricultural data the effectiveness of the individual and 

hybrid machine learning methods is compared using cross-validation to ascertain which ones work best 

for the farming dataset. Accuracy rates for the random forest regressor, stacking generalization 

ensemble, and gradient improved tree regression techniques are 88.71%, 86.98%, and 88.89%, 

respectively. With a statistically significant accuracy of 88.89%, the proposed stacking generalization 

machine learning algorithm performs better than the others, suggesting that it is an effective crop 

production prediction algorithm. The farmers get prompt and precise feedback from the system as well. 

The primary goal of the paper in (Anbananthen et al., 2021) is to use hybrid methods of machine learning 

to anticipate agricultural production more accurately. Using specialized ensemble techniques, including 

layered generalization, gradient boost, and random forest, with LASSO regression, this paper suggests 

hybrid machine learning algorithms. A new model known as stacked generalization finds the best way 

to combine predictions from several models that have been trained on the same dataset. In order to 

illustrate whether the proposed method may be working successfully, the aerial-intel dataset from the 

GitHub information science repository is used. The following conclusions have been drawn from the 

experimental findings on the agricultural data. The competitiveness of the individual and hybrid machine 

learning methods is compared using cross-validation to ascertain which ones work best for the farming 

dataset. With a statistical outperformance of 88.89%, the suggested stacking generalization machine 

learning method shows that it is a useful technique for crop production prediction. The farmers get 

prompt and precise feedback from the system as well. In (Oikonomidis et al., 2022), scientists developed 

deep learning-based models to assess the performance metrics of the underlying algorithms and ascertain 

their level of success. The methods that they examined in this study included CNN-XGBoost, CNN-

Long Short-Term Memory, CNN-Deep Neural Systems, CNN-XGBoost machine learning algorithm, 

and CNN-Recurrent neural network training. Using 25,345 samples and 395 characteristics such as 

weather as well as soil conditions from a publicly available soybean dataset, researchers ran experiments 

for the case study. The RMSE of 0.266, MSE of 0.071, and MAE of 0.199 of the hybrid CNN-DNN 

system demonstrated superior performance compared to the other models. The model has an R2 of 0.87, 

meaning it predicts the data. Compared to the other DL-based models, the XGBoost method took less 

time to execute and produced the second-best result. The authors of (Sajid et al., 2022) broaden the idea 

to include the whole US Corn Belt (12 states). More precisely, taking into account the situations 

regardless of crop modeling variables, they constructed five novel machine learning models and 

associated ensemble models. They also use soil, weather, and management, along with historical yield 

data as more input values in their models. Their study is distinct in that they employ spatial analysis to 

look at the reasons behind high or low model prediction mistakes. Their findings showed that combining 

crop modeling and machine learning improves forecast accuracy. The ensemble model performed better 

than the individual machine learning models, with an average root-mean-square error of about nine 

percent for the three test years (2018, 2019,2020), which is in line with previous research. Furthermore, 

counties with crop reporting districts that have low cropland ratios also have high RRMSE, according 

to an examination of the causes of inaccuracy. Moreover, they discovered that large inaccuracies in some 

places were caused by severe weather occurrences and the soil input data. If data is available, the 

suggested models may be used for field-level prediction as well as large-scale forecasting at the county 

level. A strategy to handle the two problems and increase the accuracy of crop yield prediction is 

presented in the study (Pham et al., 2022). This is accomplished through the use of (i) higher-order 

spatial autonomous component analysis and (ii) a combination of machine learning and principal 

component analysis (PCA). Utilizing Vietnam as an example, the suggested framework combines 

common VCI/TCI distributions into each of their subregions. Subregional crop rice forecasting systems 

across Vietnam outperformed the one-fits-all method by an average of 20% to 60%. PCA-ML combo 
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surpassed ML-only by as much as 45% on average. The framework demonstrates its dependability by 

producing rice production projections with an average inaccuracy of 5% up to two months before the 

harvest. The article (Hara et al., 2021) presents and discusses the most widely used independent factors 

in agricultural crop production prediction modelling using neural network models. Particular attention 

is paid to environmental elements such as air temperature, total rainfall, insolation, and soil properties. 

Authors examine in detail the potential applications of vegetation indices and plant production 

indices, which are useful indicators derived from the use of remote sensing methods. The study 

emphasizes how the increasing use of remote sensing and photogrammetric methods enables precision 

agriculture. Furthermore, some constraints regarding the utilization of particular input variables are 

delineated, along with additional prospects for the advancement of non-linear modeling via the 

deployment of artificial neural networks, being a mechanism that bolsters the pragmatic implementation 

and enhancement of precision farming methodologies. The goal of the (Park et al., 2023) research is to 

use meteorological factors that are strongly connected to crop development to construct a crop 

production forecasting model at wide regional scales. Local soil, along with environmental variables, 

might result in a geographically heterogeneous impact of climatic patterns on agricultural output 

(Geetha, 2024). In order to forecast county-level maize output for 5 Midwestern states, they suggest 

using a Bayesian spatially variable functional model. The daily maximum and lowest temperature 

trajectories, as well as the annual precipitation, are used as multivariate functional predictors in this 

model. By allowing functional coefficients to fluctuate across space, the suggested model respects the 

geographically diverse connection between the response and associated predictors while taking into 

consideration spatial correlation and functional predictor measurement error. 

To further increase its ability to handle geographic heterogeneity, the model also includes a Bayesian 

choice of variables mechanism. The suggested approach is shown to perform better in predicting corn 

output than other very competitive techniques because it is flexible enough to accommodate geographic 

heterogeneity with spatially variable coefficients in its model. Their research adds to their knowledge of 

how agricultural productivity is impacted by climate change. Additional resources for this subject may 

be found on the internet. The study (Pham et al., 2022) established a baseline of non-feature reductions 

(All-F) and provided a technique for analysing the effectiveness of FS, FX, and FSX together. 

21 ML-based rice yield forecasting algorithms linear. In Vietnam, the vegetation scenario index 

(VCI)/temperature situation index is used to generate support vector machines, decision trees, artificial 

neural networks, and ensembles across eight sub-regions. The findings show that FSX fully utilizes the 

FS and FX, which leads to FSX-based models outperforming FS-based models in two (1) Fg-based (FX-

based) designs and 18 out of 21 types. These FXS-, FS-, and FX-based models outperform all-F-based 

models at a mean level of 21% and 60% in terms of RMSE. Furthermore, the Ensemble (13 models) 

served as the foundation for the creation of 21 of the best models. 

Tree (6 models), linear (1 type), and ANN (1 method) frameworks. These results demonstrate the 

important role that FS, FX, and particularly FSX play when combined with a variety of ML algorithms 

(particularly Ensemble) to improve crop yield prediction accuracy. The suggested approach in (Sajid et 

al., 2022) seeks to provide a quick and accurate way to anticipate agricultural output rates while also 

offering a substitute crop based on specified parameters. Therefore, the approach predicts crop yield rate 

and alternative crop yield rate by applying machine learning methods and algorithms like Random Forest 

Regressor and Linear Regression to discover patterns among information and process it according to the 

input condition. A crop production forecast model that incorporates the results of an APSIM crop 

simulation model was presented in (Shafi et al., 2023). To increase transparency, these results are 

included as characteristics in ML models. An ensemble model is then created for prediction. The maize 
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yields of the twelve US maize Belt States are predicted using the suggested model. After assessing the 

framework at the level of the county for the years 2019, 2020, and 2018, respectively, RRMSE of 9.34%, 

8.99%, along 9.52% was attained. The suggested model is interpretable and performs as well as the best-

performing state-of-the-art prediction models in terms of the performance metrics. Further investigations 

have been carried out to comprehend the origin of model faults. Because there is more data available in 

counties with crop reports districts that have substantial cropland ratios, the study has shown that these 

locations have lower error rates. Researchers in (Umamaheswari, 2025) propose that, in order to train 

yield models for prediction on a horizontally networked dataset spread across multiple client devices, 

federated learning is used. In particular, regression models based on deep residual networks, such 

ResNet-16 and ResNet-28, are trained using the federated averaging methodology in order to forecast 

soybean output in a decentralized setting. These models' performance is then contrasted with that of 

deep learning and machine learning techniques. When compared to centralized learning models, 

federated averaging using the ResNet-16 regression framework with the Adam optimizer yielded the 

greatest results, according to the findings of experimental learning models. This method is also simply 

implementable for the prediction of yield in a federated context. A Support Vector Machine, or SVM, 

is used in (Sadasivam, 2021) work to forecast agricultural output under various environmental 

parameters, including soil, climate, and biological components. Granular computing allows breaking 

down the issue area into a series of smaller jobs. Thus, partitioning the problem area allows for the 

parallelization of the SVM hyperplane building. Another option is to parallelize testing. The primary 

benefit is that a greater dimension space may be handled by a linear SVM. There is less complication in 

time. Granular SVM prediction may be parallelized using suitable methods such as 

MapReduce/GPGPU. Crop output is increased via IoT-based agriculture through precise forecasting, 

automation, remote surveillance, and less resource waste. Farmers, academics, and government officials 

may employ IoT-based monitoring systems to evaluate statistical data and agricultural environments to 

predict crop yields. 

In this research, a distributed granular support vector machine-based Internet of Things system for 

predicting crop yield based on biological, soil, and meteorological parameters is proposed. Two 

architectures have been suggested in the (Nejad et al., 2022) research. 2D-CNN, connections that skip, 

and LSTM-Attentions are included in the initial model. The second model consists of 3D-CNN, 

ConvLSTM Attention, and skip connections. For 1800 counties in the United States, the MODIS 

products Land-Cover, Surface-Temperature, and MODIS-Land-surface offer county-level input data, 

where soybeans are mostly grown, from 2003 to 2018. The most current models and the suggested 

techniques have been contrasted. Then, the outcomes demonstrated that the second suggested way 

worked noticeably better than the previous approaches. Regarding MAE, the subsequent suggested 

approaches, Deep Yield, ConvLSTM, 3DCNN, as well as CNN-LSTM, yielded results of 4.3, 6.003, 

6.05, 6.3, as well as 7.002, in that order. In the framework of (Shafi et al., 2023), an approach for 

estimating wheat grain output using three regression methods is presented: random forests, Extreme 

Gradient Boosting regression, and Least Absolute Shrinkage & Selection Operation (LASSO) 

regression. Numerous factors of each of the above approaches are analyzed, and the results are 

comparatively studied, in order to identify the optimized approach. Data from three wheat field trials 

with three distinct sowing dates (SD1, SD2, and SD3) are collected using multispectral drone-based 

sensors. After that, the consequence of the seeding plan on crop yield is examined (Haghighi & Far, 

2014). The models' forecasting ability is assessed using a range of evaluation criteria at different stages 

of the crop's growth. With an absolute mean of 21.72 and a coefficient of estimation (R2) of 0.93, the 

data indicate that LASSO performed at its best in April. The average annual projected yield of the wheat 

cultivated in the fields with SD1, SD2, and SD3 was 260.54 g/m2, 201.64 g/m2, and 47.29 g/m2, 
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respectively. This research may assist agronomists and farmers in making well-informed choices on 

resource management, planting and harvest schedules, and other aspects of crop management. 

3 Proposed Work 

1) Research Problems 

The suggested methods for predicting crop production are presented in this section Figure 1. Forecasting 

the yield of crops is used to forecast production in the agricultural industry in order to improve the 

cultivation process, as well as make long-term strategic decisions that would increase crop yield. The 

prediction model that has been suggested can be transformed into a decision support system (DSS) for 

precision agriculture, which strives for whole farm management. 

The enormous burden of applying AI approaches to agricultural production forecasting is made more 

difficult by the lack of a uniform model, which makes algorithm creation difficult. Regression 

algorithms, as well as neural networks, show the greatest promise for predicting agricultural production. 

Benefits of machine learning for predicting crop production: 

1. Complex dataset – Predicting agricultural yields requires analyzing large datasets made up of 

historical and/or satellite imagery. Algorithms for regression (SVR, RF) as well as neural networks 

(CNN) are two examples of AI approaches that may be used to make forecasts more quickly and 

accurately. 

2. Parameter variation – Numerous variables, including climate, the state of the soil, NDVI, altitude, 

and air parameters, affect crop output. The AI-powered prediction systems effectively manage the 

dependence of variables. 

3. Accurate prediction – Low error indexes, such as RMSE as well as R2, which are common 

indicators of correctness for statistical evaluation, are displayed by parameter predictions using ML. 

 

Figure 1: Proposed system flowchart 
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Obstacles and constraints in agricultural yield forecast: 

1. Complex datasets, as well as changing factors, make it difficult for prediction algorithms to be 

universally designed. 

2. Since of this intricacy, choosing the right database is essential since a poor choice of data might 

lead to an unfit or overfit projection pattern. 

3. A lack of a common set of features for yield prediction and analyses over a set of sub-features, 

which affects the yield prediction and underlying aspects that vary for the crop in variance with 

climate and other vegetational environments. 

2) Preprocessing

Processing includes tasks such as discretization, alteration, and cleansing of the information. The 

procedure of filling in missing numbers, eliminating noise from data, and fixing any discrepancies in the 

data is known as data cleaning. Normalizing data to make it suitable for data analysis is known as 

transforming it. The process of translating continuous values into an array of attribute intervals is known 

as information discretization. Figure 2a illustrates the simulation process used for crop yield prediction. 

In this work, for example, we employed the technique of breaking down the factor that is dependent, 

crop yield, into three separate values: Low Yield, Average Yield, and High Yield. The Deep Q-Network 

(DQN) environment was modeled using normalized features such as weather conditions, soil humidity, 

and soil fertility, where each state represented a feature vector and the action corresponded to a predicted 

yield class Figure 2b. The agent received a reward of +1 for correct predictions and 0 or –0.1 otherwise, 

with each episode consisting of 100 randomized samples. The Q-network comprised two optional 1D 

convolutional layers followed by three intermediate layers with 128, 64, and 32 neurons activated 

through the ReLU function, ending with an output layer that produces Q-value predictions for various 

yield categories. The network was optimized using the Adam algorithm with a learning rate of 0.001, a 

discount factor (γ) of 0.95, and an ε-greedy exploration policy where ε decayed from 1.0 to 0.1. Training 

was carried out with a batch size of 32 over 500 episodes per crop, leading to consistent and stable model 

convergence. 

 

Figure 2a: Simulation diagram 
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Figure 2b: Dataset description 
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3) Feature Selection 

A crucial technique for reducing the dimension of data that is frequently applied in machine learning 

algorithms is feature selection. The feature selection techniques based on a limited representation are 

particularly appealing in this context. This is due to the way these techniques work, which seeks to 

represent information with the fewest feasible non-zero components. 

Network data typically contains a large number of elements that are either irrelevant or don't yield a 

lot of information. These parameters have no discernible effect on the categorization findings. The 

feature selection procedure largely eliminates these superfluous attributes, which also lowers their 

detrimental consequences on the rating system. 

A very high-dimensional space for features is typically present in deep neural networks. One might 

consider the benefits of feature selection procedures in such a scenario. This research initially compares 

three minimal choices of feature techniques: PCA, Random Forest, and Select Best Figure 3. The feature 

evaluation model is being used. Information Gain utilizes entropy assessment at the second level, while 

Principal Component Analysis uses feature correlations at the first level. 

A number of parts make up the design: i. primary Component Analysis: In this process, the data set's 

fundamental elements are produced. The most important elements are found by analyzing the association 

among the characteristics. With the use of a conversion method called PCA, it is possible to condense 

big data sets with a lot of interconnected characteristics so that the present data may be described using 

fewer variables. ii. Information gain (IG) evaluation of features: In this step, the already chosen feature 

set is assessed to find the most relevant characteristics. The last aspect set is chosen by calculating the 

IG for elements and using a predetermined threshold (t). iii. Model Training and Categorization: In this 

step, a training data set is used to train the classification algorithm or algorithms. Later, test data and 

fresh data sets are classified using the trained model Figure 4. 

The Random Forest method (Random Forest) is an automatic learning methodology. It uses 

bootstrap, random resampling, and node stochastic classification technology to construct multiple 

decision trees and votes to determine the final category outcome. Complex categorization features may 

be analyzed using RF, which can also quickly learn new features and is resilient to missing and redundant 

data. The random forest algorithm's variable significance measure is a crucial component. For feature 

selection in this work, we use a permutation of the Area Under the Curve (AUC)-based variable 

importance measure (VIM) (Ravi & Baranidharan, 2020). Generally, it provides four methods for 

measuring the components' significance. 

An AUC-driven permute. By computing the average decrease before and after the region under the 

line after the mild disruption of the information that is an independent variable, VIM primarily reveals 

the significance of the variable. Consequently, the variable receives an importance measure 𝑉𝐼𝑥𝑗
𝐴𝑈𝐶 of 𝑥𝑗 

predictor is calculated as follows: 

Predictor equation (1): 

𝑉𝐼𝑥𝑗
𝐴𝑈𝐶 =

1

 𝑛𝑡𝑟𝑒𝑒 
∑ (𝐴𝑈𝐶𝑡𝑗 − 𝐴𝑈𝐶𝑡𝚥‾)

𝑛𝑡𝑟𝑒𝑒∗

𝑡=1      (1) 

ntre 𝑒∗ shows the forest's trees, 𝐴𝑈𝐶𝑡𝑗 (1) shows the AUC determined using OOB data prior to 

permuting predictor 𝑥𝑗 in tree 𝑡, 𝐴𝑈𝐶𝑡𝐽 shows the AUC derived from the OOB data after predictor 

permutation 𝑥𝑗 randomly in tree 𝑡. 
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Figure 3: Comparison of methods 

 

Figure 4: Error metrics comparison 

4) DRL 

With the rapid expansion of data and enhanced measurement persistence, deep reinforcement training 

has developed to create new options for identifying, assessing, and acknowledging large-scale data 

processes for agricultural frameworks. Among the crucial elements that must be examined in order to 

structure the deep reinforced models for learning are: 

Recognizing the fundamental patterns and structures within the constrained sample space. The tasks 

associated with the continuous representation of events are being reviewed. The framework must 

function well enough to accommodate activities that are always evolving. The next part provides a 

detailed explanation of the deep Q-Network technology, Q-learning, and reinforcement learning. A yield 

prediction environment is constructed based on input parameters that converts the controlled learning 

process into a reinforcement learning procedure. One could characterize the setting as a "yield prediction 
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game." Each game includes a collection of samples and the labels that go with each combination of 

parametric features and thresholds that help improve crop productivity. 

When an agent first begins playing the game, it estimates the values of the crop production parameters 

by completing the tasks to receive rewards. Every nearby anticipated quantity for the goal yields a 

positive reward for the agent, whereas every other location yields a negative benefit. 

The representative will be given a final score for all of the activities they took during the procedure. 

The Markov decision-making procedure (MDP), which is an equation made up of S, A, T, and R 

where S is a set of indicates, A is a set of decisions, T is the mapping function that allows every state-

action pair to move to a new state—is the foundation of reinforcement learning, which is a method used 

in machine learning. R is the function of rewards that results from this process. T, which has the Markov 

property, controls every phase in the MDP from the present phase-action combination to a subsequent 

state. As a result, when the MDP is defined, its approach is a one-to-one translation of every state to an 

activity. This means that the MDP makes it possible to choose the appropriate course of action for every 

state in order to optimize the overall anticipated reward R. The approach, which is in accordance with 

the appraisal of what was done in the present situation Q, may be gathered, with V corresponding to the 

appraisal of every state, as well as Q corresponding to the appraisal of every state action pair. The 

optimum criterion is often connected through the worth operate V, and this is an estimation of the worth 

of every state. Utilizing the ε-greedy technique, investigate the actions that need to be carried out in the 

current state while keeping a close eye on the condition-action space in order to get the optimal model 

policy. With probability p, the agent will select the present state, whereas with likelihood 1 − p, it will 

select random actions. The agent matches the real V as well as Q functions by constantly communicating 

with the surroundings and modifying its own V as well as Q function. The Q function, the data entered 

are examined, sorted by feature significance utilizing three FS classifiers, and the best subset of 

characteristics is selected. Redundant features are eliminated from the dataset, leaving just the subset of 

chosen attributes. In parallel, the information set is modified using Mini-Batch, and the DRL model 

receives the recoded data samples. A neural network trained using characteristics will extract the data 

input for the DRL system. The classification algorithm will then undergo DQN training, and the 

algorithm will determine whether the supplied transport is in two classes. 

In this paper, 𝑋 = (𝑋𝑙 ,  𝑋2, … ,  𝑋𝑛) is an 𝑛 × 𝑑 matrix with samples of d-dimensional information. 

𝑋𝑖,𝑗 alludes to a matrix component, and 𝑋𝑗 and 𝑋𝑖 correspondingly allude to the row j(𝑗 = 1,2, … , 𝑑) in 

addition to the 𝑖 th column (𝑖 = 1,2, … , 𝑛) within the grid. The total number of classes is denoted by c 

in the label matrix Y, which is an n×c matrix. 𝑒𝑛 = [1 … 1] ∈ 𝑅𝑛 is a vector where each member is equal 

to one. W is the matrix of d×c mappings. 

Figure 5 shows the input parameters, such as soil, weather, crop area, and other factors affecting crop 

yield prediction. The model's input consists of Mini-Batch samples chosen based on features, from which 

feature values are retrieved subsequent to convolutional layers. The activation mechanism of every layer 

in the network that is completely connected is then assessed after the characteristics have been flattened 

and fed into the three-layer fully interconnected layer Figure 6a. In a fully connected network, the ReLU 

function acts as every layer's activating function, guaranteeing that all computed Q values are positive. 

The Deep Q-Network (DQN) model's overall processing flow is depicted in the Figure 6b. The 

Experience Replay Memory (E) receives a set of input states that represent the current state of the 

environment. By storing previous experiences as state–action–reward–next state tuples, this memory 

component improves stability and speed by allowing the model to learn from a variety of samples rather 

than sequential observations. The Q-network function, F(), is then used to process the recorded 
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experiences and estimate the Q-values, or the anticipated future rewards for each potential course of 

action. 

The goal output, Ytw, which represents the expected reward or value connected to the selected action, 

is finally produced by the network. The DQN can iteratively improve its decision-making approach and 

converge towards optimal policy learning by using this prediction to adjust the network parameters 

through backpropagation. 

The DRL model's entire layer of connections is where the DQN method is mostly used, and the model 

computes the prediction.  𝐴̂𝑡 and 𝑎ˆ𝑡+1 corresponding to 𝑠𝑡 and 𝑠𝑡+1 states, in that order; if the anticipated 

action (a hat t) and the state st right action at this point are identical, the reward is 1; if not, it is 0, and 

the value of the reward is found as 𝑟𝑡. 

Remarkably, assuming that the information being studied is labeled, as well as the labels are 

independent, the algorithm's reward discount rate is set to 0.01 to get the best possible performance, as 

well as motivate the algorithm to concentrate on the current learning reward. In order for the action 

chosen by the model, as well as estimated by its Q function, to receive the largest anticipated total reward 

in the current state. 

Matching the Q operation, which represents the maximum predicted reward that the surroundings 

might offer in a certain circumstance and activity, is the main goal of the DQN algorithm. The system's 

activity and condition define the Q function. Once we have Q(s, a), we may get the policy function. 

𝑃𝑜𝑙𝑖𝑐𝑦 (𝑠) = 𝑎𝑟𝑔𝑎 𝑚𝑎𝑥(𝑄(𝑠, 𝑎)) is a state-dependent strategy functional that chooses the course of 

action that will optimize 𝑄. 

The fundamental procedure of the algorithm, known as DQN is shown in Figure 4, where the model 

is given an instance of the Mini-Batch specified in the preceding paragraph, and each iteration 

regenerates all of the Mini-Batches. The equivalent 𝑄(𝑠𝑡 , 𝑎) and 𝑄(𝑠𝑡+1, 𝑎) are calculated using the 

current conditions of each state and 𝑎ˆ𝑡. The highest Q value in the present state is then ascertained by 

feeding those, the main fitted Q function, to the Policies module as previously indicated. 

𝑄(𝑠𝑡 , 𝑎) is further processed by the Policy method to provide the highest Q value, and the next action 

(label) that will be tried is chosen using the 𝜀-greedy In order to calculate the reward amount, an 

algorithm with the likelihood of success is supplied into the Reward section and compared with what 

was actually done (label) 𝑄(𝑠𝑡+1, 𝑎) is further calculated using the Policy function. 

The 𝑞𝑡 , 𝑞𝑡+1 are then calculated using the corresponding choice made at and 𝑎𝑡+1, and the rt 

computed via 𝑞𝑡+1 and the reward function obtains the reward as 𝑞𝑟𝑒𝑓 = 𝑟𝑡 + 𝜆 ∗ 𝑞𝑡+1, If the incentive 

is set to a 0.01 deduction factor, indicating therefore there is no connection between 𝑠𝑡 and 𝑠𝑡+1. Next, 

we will get 𝑞𝑡 and 𝑞𝑟𝑒𝑓. To update the parameters of the DQN model, compute the loss value, and 

backpropagate across the initial network. 

The DRL approach is used in addition to the FS procedure to accurately identify and categorize 

attacks on networks (Anbananthen et al., 2021). The DRL is a prominent algorithm for machine learning 

that trains an agent to choose the best way to get a predicted return. The Markov Decision Process (MDP) 

provides a simple theoretical framework for handling the DRL issue. During the process of 

communication, the situation reacts to the activity, the agent analyzes the current environment's states 

and chooses a particular policy π, and the agent is fed new state observations and rewards. Thus, it is 

assumed that the beginning is the early condition. 𝑠0, By using the Markov decision process (MDP), one 

might potentially 𝑠0, 𝑎0, 𝑟0, 𝑠1, 𝑎1, 𝑟1, … , 𝑠𝑛, 𝑎𝑛,  𝑟𝑛. 
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Improving the policy for acting in a way that takes advantage of the anticipated profit is the agent's 

job. The quantity of the discounted incentives is returned in step t. 𝐺𝑓 = ∑𝑘=0
∞  𝛾𝑘𝑟𝑟+𝑘+1, whereas 𝛾 ∈

[𝑂, 1] shows the discount rate that establishes the current worth of future benefits. Using the activity 

function of value to teach agents to solve MDP problems may be a crucial strategy in reinforcement 

learning 𝑄𝜋(𝑠; 𝑎). 𝑄𝜋(𝑠; a) describes the action's predicted return that is taken into consideration based 

on the state's policy π𝑠. 

Activity equation (2): 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝜋[[𝐺𝑡 ∣ 𝑠, 𝑎],                     (2) 

𝑄𝜋(𝑠, 𝑎) (2) determines the action value for a given state. Generally, 𝑄𝜋(𝑠, 𝑎) mention the advantages 

of the agent being in a certain condition. As a result, the optimal strategy depends on the ideal quantity. 

Particularly after the ideal action value function 𝑄∗(𝑠, 𝑎) = 𝑚𝑎𝑥𝜋  𝑄𝜋(𝑠, 𝑎) is reached, the ideal course 

of action 𝜋∗(𝑠) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑎𝑥𝐴 𝑄∗(𝑠, 𝑎) chooses the course of action that aligns with the maximum 

𝑄∗(𝑠, 𝑎) in all the states. Usually, 𝑄∗(𝑠, 𝑎) is clarified as Bellman optimality, which shows the 

connections between the current suitable action function of values and the next optimal action values 

function. The next function, which is used to determine the next action value, is described as the Ideal 

value function. 

Ideal action value equation (3): 

𝑄∗(𝑠, 𝑎) = 𝐸𝑠′[[𝑟 + 𝛾𝑚𝑎𝑥𝑑′  𝑄∗(𝑠′, 𝑎′) ∣ 𝑠, 𝑎],      (3) 

Whereas 𝑠′ indicates the condition obtained subsequent to the activity conducted. A, and 𝑎′ show the 

action taken into consideration in the subsequent state. After running through Eq.(2) many times, it 

finally converged to the ideal action value function 𝑄∗(𝑠, 𝑎). 

The simulation for this neural network model was conducted using Python with TensorFlow (Keras 

API) for neural architecture design and training. The dataset was pre-processed using scikit-learn, where 

features such as weather parameters, soil humidity, and soil fertility were normalized and used as inputs. 

The network architecture comprised an input layer representing the environmental parameters, a hidden 

layer with three neurons (F1, F2, and F3) using ReLU activation functions, and an output layer producing 

the final crop yield value. The model was trained using the Adam optimizer with a learning rate of 0.001, 

a batch size of 32, and 100–200 epochs under early stopping to prevent overfitting. The data was divided 

into 70% training, 15% validation, and 15% testing sets. 

Software Details 

The primary programming language utilised was Python. 

For the neural network model's implementation, with the deep learning architecture is designed and 

trained with the aid of the TensorFlow and Kera’s frameworks. NumPy and Pandas were used for 

numerical operations and dataset handling, while Scikit-learn was used for data preprocessing, feature 

normalization, and evaluation metric computation. A machine with an Intel Core i5 processor, 8–16 GB 

of RAM, and an optional GPU (NVIDIA CUDA-enabled) for quicker computing was used to run the 

simulations in a Windows 10 environment. 

Yield Prediction 

This focusses on predicting local yields by using the crop that is sown in the area. For some crops, 

production projections are established at the district level, like well as the best-yielding plants are 
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recommended for the future in order to maximize the analysis's benefits for producers.   Using the 

dataset, a number of regression models were applied to predict production. The prediction of crop yield 

is challenging with lack of proper set of common features and complicated with complex datasets 

Yield equation (4): 

𝑌𝑖𝑒𝑙𝑑 =  𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 / 𝐴𝑟𝑒𝑎         (4) 

 

Figure 5: Input parameters for DRL 
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(b) 

Figure 6(a, b): DQN model 

4 Results & Discussion 

This research aims to increase yield production by utilizing a variety of machine learning techniques. A 

dataset related to agriculture is used for experimentation. In order to identify the optimal classification 

that produces correct projections, classifiers based on machine learning such as Random Forest, 

XGBoost, Logical Linear Re regression, and neural networks are put into practice. These artificial 

intelligence methods are implemented utilizing NumPy, Scikit-learn, Pandas, as well as Keras, which 

are built-in libraries on Python version 3.7 (Jupyter Notebook). Eight gigabytes of RAM and an Intel i-

5 CPU are the hardware specifications for implementation (Figures 7-21). 

Compared to earlier machine learning (ML) models, the presented ID-RDRL intrusion detection 

model offers a number of advantages. Listed below are some of the benefits: 

(1) The policy, value operation, as well as Q function of the neural networks used for implementing 

the framework allow the system to quickly and accurately adapt to new networks; (2) The neural network 

models that are generated are appropriate for dispersed high-performance computer systems 

(e.g., TensorFlow, Pytorch); (3) the model's level of complexity is decreased as a result of the parameters 

being much less than those of deep learning networks, as well as (4) the framework is utilized for 

autonomous learning applications. 

The procedure is applied in the manner described below. 1. First, the dataset is preprocessed, 

involving standardized procedures, cleansing, transformation, and the integration of data. The step of 

selecting features receives the processed information in order to identify the optimal subset of 

characteristics. 

The dataset utilized in this study's research was first gathered from publicly accessible government 

websites, https://data.gov.in as well as www.mospi.gov.in. The acquired database includes the following 

information for the years 2010 through 2018: rainfall, region, area under agriculture, crop names, 

seasons, manufacturing, as well as yield. Figure 1 shows the crop's output over the previous eighteen 

years. The agricultural yield for India is predicted by this study using the PCA, Random Forest, as well 

as Select best Econometric techniques. Additionally, mean absolute mistake, the average squared error, 

as well as root mean square error are used for validation. 
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Figure 7: Feature value for rice (PCA) 

 

Figure 8: Feature value for rice (Select K Best) 

 

Figure 9: Feature value for rice (random forest) 
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Figure 10: Feature value for maize (PCA) 

 

Figure 11: Feature value for maize (select K best) 

 

Figure 12: Feature value for maize (random forest) 
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Figure 13: Feature value for wheat (PCA) 

 

Figure 14: Feature value for wheat (select K best) 

 

Figure 15: Feature value for wheat (random forest) 
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Figure 16: Feature value for cotton (PCA) 

 

Figure 17: Feature value for cotton (select K best) 

 

Figure 18: Feature value for cotton (random forest) 
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Figure 19: Feature value for soyabean (PCA) 

 

Figure 20: Feature value for soyabean (random forest) 

 

Figure 21: Feature value for soyabean (select K Best) 
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The Following Three Measures are Used to Assess the Algorithm's Performance 

Performance measures are crucial for evaluating the Deep Q-Network's (DQN) learning effectiveness 

and decision-making precision. They shed light on how well the DQN forecasts the best course of action 

and optimises cumulative rewards over time. The difference between the predicted and target Q-values 

is frequently assessed using metrics like Mean Squared Error (MSE), Root Mean Squared Error (RMSE), 

and Mean Absolute Error (MAE) (Ytw). Better policy selection and sustained convergence result from 

the network's effective learning to approximate the ideal Q-function, which is indicated by lower error 

values. As a result, these performance metrics are important markers of the DQN's overall predictive 

power and training quality. 

Mean Absolute Error (MAE) 

Using the Mean Absolute Error approach, the difference among two variables that are continuous is 

determined. When we compare the values of Y and X, which are observational values of identical 

phenomena, we may determine which states are anticipated and which ones are seen. 

The following is the formula for average absolute errors: 

Average absolute errors equation (5): 

1

𝑛
∑  |𝑦𝑖 − 𝑦ˆ𝑖| 𝑛

𝑖=1                               (5) 

Mean Squared error 

Mean squared is used to get the average of the squared errors between the estimated and actual values. 

also known as mean squared deviation.MSE is constantly in the green. Its role is risk. 

Mean Squared Error equation (6): 

1

𝑛
∑ (𝑦𝑖 − 𝑦ˆ𝑖)2𝑛

𝑖=1                               (6) 

Root Mean Squared Error 

RMSE calculates the difference among values that the algorithm predicts and what is observed. The 

following is the RMSE equation. 

Root Mean Squared Error equation (7): 

√
1

𝑛
∑ (𝑦𝑖 − 𝑦ˆ𝑖)2𝑛

𝑖=1                              (7) 

It is more important to accurately detect crop yield for production. We use F1-score, precision, recall, 

as well as ROC metrics to measure the model's effectiveness in addition to accuracy, which is one of the 

metrics to be taken into account. 

Confusion matrices, which comprise the following values: TP, TN, FP, and with a grid layout that 

allows the performance of the model to be seen, are used to generate these metrics. True positives, or 

TPs, denote accurately expected attack traffic; genuine negatives, or TNs, denote successfully predicted 

normal traffic; False positives, or FPs, are instances of normal traffic that are anticipated to be attack 

traffic, whereas false negatives, or FNs, are instances of attack traffic that are projected to be normal 

traffic. The crucial component is FN; the lower its value, the less likely it is that an intrusion detection 

system would misinterpret attack communications. This is the goal of our research. Below is a 

description of the metrics' basic nomenclature as it was previously explained. 
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Accuracy is the proportion of the overall number of forecasts that the model correctly predicts. 

Accuracy equation (8): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
            (8) 

Accuracy This statistic measures the percentage of assault traffic that is correctly classified as attack 

traffic and has the following mathematical definition. 

Precision equation (9): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                        (9) 

F1-Results This statistic is a reconciling average of the model's precision as well as sensitivity, which 

is an amalgamated version of both metrics. Our work focuses on the metric of improved F1-Scores, 

which indicates fewer incorrectly classified flows in an imbalanced dataset. 

F1-Scores equation (10): 

𝐹1 =
𝑇𝑃

𝑇𝑃+
1

2
(𝐹𝑃+𝐹𝑁)

                      (10) 

The link between specificity and sensitivity is shown by the receiver's operating characteristics curve 

(ROC); the better the effectiveness of the model, the wider the region of the curve. The ROC is created 

using continuous particular parameters and response sensitivities. 

Table 1: Algorithms and its description 

ML 

Algorithm 

Algorithm Description 

Regression 

Algorithm 

In supervised learning, regression algorithms use training data to establish a connection 

between input and output, allowing them to predict the numerical value of an unknown input. 

Polynomial regression, logistic regression, and simple but multiple linear regression are 

examples of common regression approaches. 

𝑘𝑁𝑁 A simple supervised categorization method is kNN. The labeled dataset is initially split into 

distinct classes in this approach according to their respective outputs. Then, depending on its k-

nearest neighbors, a newly collected object is given a class. 

RF Numerous decision tree classifiers are part of the Random Forest ensemble classification 

system.The majority class projected by many decision tree classifiers determines the last class 

of a new item. 

SVM SVM is a method for regression as well as classification that creates multi-dimensional borders 

in the feature space among data points. Using the initial data to split into groups, the SVM's 

output is anticipated. 

RNN An RNN is a forwarding neural network model in which input layers get feedback from 

neurons' output layers. Self-loops are another component of the network. 

ELM ELMs are single- or multi-layered feedforward neural networks. Its non-iterative methodology, 

which allows parameter adjustment to be finished in one pass, makes it suitable for real-time 

classification and regression issues. 

MLP NN A feedforward artificial neural networks with numerous layers of neurons, MLP NN is inspired 

by biology. The network's synaptic weights are improved using the training dataset before it is 

used to generalization. 

𝐶𝑁𝑁 The most popular deep neural network is CNN. The system in question is made up of many 

layers of neurons, and at least a single of the network levels uses the mathematical function 

convolution rather than matrix multiplication. 
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(d) 

 

(e) 
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(g) 

Figure 22: Error analysis (a). Rice, (b). Wheat, (c). Maize, (d). Cotton, (e). Soyabean, (f). Sugarcane 

and (g). Corn 

We found remarkable accuracy and precision in the error analysis for wheat yield prediction, the new 

model exhibited strong predictive stability and reliability. Figure 22 and 23 evaluate the error and 

accuracy of the model, showing performance for different crops. The Mean Absolute Error (MAE) was 

measured at 0.5, indicating minimal deviation from actual yield observations, while the Mean Squared 

Error (MSE) of 0.5 reflected consistent performance with limited variance in predictions. Additionally, 

the Root Mean Squared Error (RMSE) value of 1.0 demonstrated the model’s effectiveness in reducing 

overall prediction errors. Taken together, these results highlight the model’s robustness and 

dependability, emphasizing its ability to deliver precise and consistent yield estimations when compared 

to conventional machine learning, model scoring 85% in both, indicating the Deep Q-Network's 

enhanced capability in accurately identifying true positives and negatives. Moreover, substantial 

improvements were observed in other key evaluation metrics, including precision, recall, and the F1-

score, underscoring the model’s overall robustness and predictive effectiveness more accurately than 

conventional machine learning approaches. 
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(e) 

 

(f) 

 

(g) 

Figure 23:  Accuracy analysis (a). Rice, (b). Wheat, (c). Maize, (d). Cotton, (e). Soyabean, (f). 

Sugarcane and (g). Corn 
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In evaluating the performance of the proposed model for yield prediction, the results demonstrated a 

notable improvement over conventional machine learning approach. The DQN accomplished an 

accuracy of 92% in predicting rice yield, surpassing the 90% accuracy attained by the Random Forest 

model. This enhancement was further reflected in the sensitivity and specificity measures, where the 

DQN consistently outperformed the Random Forest model, indicating its stronger capability to 

accurately classify yield outcomes and reduce prediction errors is shown in Figure 24. 

 

Figure 24: Yield prediction result 

5 Conclusion 

For countries like India, growing food is the main industry. Nonetheless, the use of technology to 

agriculture must be prioritized in order to advance precision farming. In this work, we examined the 

necessity for predicting crop yields as well as the several approaches that were previously proposed in 

the literature. To anticipate crop productivity, we used deep reinforcement learning algorithms. Accurate 

agricultural output forecasting can assist authorities as well as organizations with making key policy 

decisions. We suggested a framework that makes it easier to incorporate different approaches into 

forecasting crop yields in a flexible way. The integration of ANN with the Grey Wolf Optimizer led to 

a notable improvement in emission optimization. Quantitatively, our model achieved a 15% reduction 

in NOx emissions competing with traditional methods. The new method accuracy as well as efficiency 

were further underscored by its performance metrics. For instance, it outperformed the existing standard 

models by 10% in terms of accuracy and reduced the error margin to 5%. 
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