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 Mathuranthagam, Tamil Nadu, India is the site of this research initiative that 

employs state-of-the-art hybrid machine learning (ML) architectures to 

forecast crop suitability in relation to environmental and soil characteristics. 

The model takes advantage of the strengths of linear support vector machine 

(SVM) classifier, bidirectional long short-term memory (BiLSTM), and 

convolutional LSTM (ConvLSTM) networks, and the data to capture 

complicated temporal and spatial correlations. To prepare the dataset for 

model training, it is normalized using min-max scaling and then feature 

selected using a Jaya optimization technique. The dataset contains variables 

such as humidity, rainfall, temperature, and pH. Both the BiLSTM and the 

ConvLSTM improve the model's comprehension of context from both 

previous and subsequent time steps. The ConvLSTM also records spatial 

dependencies. A powerful decision-making tool for differentiating across 

crop varieties is the linear SVM classifier. Comparing the hybrid model's 

performance to that of traditional LSTM approaches using measures such as 

recall, accuracy, precision, and F1-score shows that it performs much better. 

Using this approach can see how deep learning (DL) can supplement more 

conventional ML methods and see how important local environmental data 

is for agricultural policy and planning. 
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1. INTRODUCTION  

Agriculture is a fundamental component of India’s economy, with crop yield significantly 

influenced by soil properties and environmental factors. In areas include Mathuranthagam, Tamil Nadu, India 

erratic weather patterns, soil heterogeneity, and climate change provide considerable obstacles to 

conventional crop planning and management. Traditional methods, dependent on historical data or expert 

heuristics, often neglect the complex spatio-temporal interactions among environmental and soil variables, 

resulting in inadequate crop selection and reduced yields. Precise crop suitability prediction is essential for 

farmers, insurers, and regulators, facilitating informed choices about crop planning, risk management, and 

resource distribution. This research introduces a hybrid machine learning (ML) framework that combines 

convolutional long short-term memory (ConvLSTM), bidirectional LSTM (BiLSTM), and linear support 

vector machine (SVM) classifiers to predict crop suitability for 22 principal crops, such as rice, maize, 

chickpea, pulses, fruits, and commercial commodities. The model utilises ConvLSTM to capture spatial 

dependencies in soil and climatic data, BiLSTM to analyse temporal trends, and SVM to enhance 

https://creativecommons.org/licenses/by-sa/4.0/
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classification performance. The input features are temperature, rainfall, humidity, soil pH, NPK 

concentration, and texture, which are normalised and optimised by feature selection using the Jaya algorithm. 

The primary aims of this study are to i) improve prediction accuracy compared to individual classifiers or 

conventional models, ii) provide seasonal and geographical crop suitability maps, and iii) deliver actionable 

insights for agricultural planning. The primary contributions are: i) a region-specific dataset that captures the 

soil and climate variability of Mathuranthagam, ii) a hybrid model exhibiting exceptional performance with 

an accuracy, and iii) visualisations comprising feature importance rankings, seasonal suitability charts, and 

geographic information systems (GIS)-based prediction maps to facilitate decision-making. Crop forecasting 

in Mathuranthagam, Chengalpattu, Tamil Nadu, India is crucial for food security, agriculture, and farmer 

livelihoods. Weather, rainfall, and soil variables, including pH, organic content, and nutrient levels, 

complicate crop prediction.  

An IoT-based climate-adaptive crop recommendation method that uses deep ensemble learning and 

data detected by IoT sensors to accurately propose the best crops to grow in specific locations at certain  

times [1]. This research presents a neural network mathematical optimisation hybrid model for 

environmentally friendly food supply chains [2]. It deals with issues including manufacturing expenses, 

water shortages, pollution, and industrial waste. This research used the Food and Agriculture Organization 

(FAO)-agro-climate approach in conjunction with ML algorithms to wheat yield (WY) production in 

Southwest Iran by analysing soil and environmental parameters [3]. Continuous WY mapping was 

accomplished using artificial neural networks (ANN) and random forests (RF) [4]. This research compared 

the effects of climatic variables on the transmission of anthrax infections in India with those of more 

conventional parameters, such as the distribution of animal populations and the soil-moisture management, 

soil enrichment, and sustainable agriculture. The study proposes a smart composting approach that uses IoT 

and gradient boosting algorithms [5]. Predicting agricultural yields, mapping soil fertility, assessing food 

grain quality, and predicting pest and disease outbreaks are all being transformed by AI applications [6]. The 

goal of this research is to create a crop forecast system that uses weather, soil pH, and nutrient data collected 

in real-time and integrated into the IoT [7]. The technology uses deep learning (DL) and ML to determine the 

local environment and then proposes crops that will thrive there. The pressing problem of crop prediction is 

addressed by incorporating genetic algorithms into the predictive model and making use of state-of-the-art 

machine-learning approaches [8]. 

The IoT is a tool for optimising agricultural output via the use of advanced sensor technologies, 

protocol connections, ML techniques, and real-time monitoring [9]. An RF model is used to provide precise 

forecasts based on data sent over long-range wide area network (LoRaWAN) by sensors that evaluate soil 

nutrients, moisture, and weather conditions. Through the integration of IoT and GIS technologies, this 

research study presents a novel approach to real-time monitoring of soil health and nutrient status in 

agricultural regions [10]. Used IoT data and ML algorithms to predict and advise farmers on crops in real 

time [11]. Ensemble techniques have become popular for crop prediction, mixing numerous models. Bagging 

and boosting reduce overfitting and improve crop prediction model generalization [12]. This research 

evaluates the efficacy of several ML models for soil classification, including decision trees, k-nearest 

neighbors (k-NN), ANN, and SVM [13]. Farmers use soil and environmental variables to forecast their crops. 

By including pertinent information such as soil composition, temperature, and humidity, ML models using 

filter, wrapper, and embedding approaches decrease redundancy and temporal complexity [14]. An efficient 

sequential pattern discovery approach evaluates the PrefixSpan algorithm that recursively makes frequent 

patterns from prefixes, thus minimizing the search space and improving efficiency [15]. Improved food 

safety, economic steadiness, and resource efficiency are all outcomes of this study's use of ML to forecast 

agricultural production [16]. The proposed method predicts the need for expensive and time-consuming 

traditional soil testing by predicting crop compatibility for soil based on pH, moisture, temperature, and 

humidity measurements [17]. Utilising decision trees, RF, naive Bayes, k-NN, and SVM proposes an ML 

strategy for crop type prediction utilising soil and environmental variables [18]. 

By using environmental parameters to forecast crop results, ML is transforming agriculture. For 

better yield prediction and better farming methods, this research analyses meteorological conditions, soil 

qualities, and crop traits to create ML models [19]. Through the integration of data input and IoT sensors, a 

web-based application predicts and recommends agricultural yields using ML algorithms [20]. The system 

finds the best methods for prediction works by analysing models such as SVM, RF, and gradient boosting. 

Aiming to revolutionise crop management using an ML method, this project is motivated by the pressing 

need for modern agricultural techniques [21]. Crop recommendation methods that take soil and 

environmental data into account are developed using DL models such as DENSE, recurrent neural network 

(RNN), and LSTM [22]. Smart agriculture yield and fertilizer optimization system (SAYFOS), a new method 

for optimizing agricultural yields and fertilisers. With SAYFOS, users can monitor the crops and soil 

conditions in real time due to its superior data analytics, IoT technology, and ML algorithms [23]. Using ML 
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methods for input characteristics, the research demonstrates two strong ML architectures for regression and 

classification for the crop recommendation dataset [24]. Reduced agricultural yield loss in India is achieved 

using algorithms such as linear regression, logistic regression, and SVM to determine the optimal crop for a 

given soil and environment [25]. Sustainable agriculture benefits from this model's ability to maximize 

efficiency while reducing negative effects on the environment. By rotating crops, farmers may improve soil 

fertility, structure, and biodiversity [26]. 

i) Problem domain: the complex and ever-changing soil and environmental conditions of 

Mathuranthagam, Tamil Nadu, India pose substantial challenges to the agriculture sector. Improving 

agricultural methods, increasing crop yields, and providing sustainable food production all depend on 

accurate crop prediction, as shown in Figure 1. This research presents a hybrid ConvLSTM-BiLSTM-

SVM model for crop prediction in Mathuranthagam, Tamil Nadu, India using soil and environmental 

data. Significant contributions include a region-specific dataset, feature optimisation, spatio-temporal 

modelling, enhanced performance relative to baselines, and decision-support visualisations for 

agriculturalists, insurance strategizing, and policy development. 

ii) Design: Mathuranthagam, Tamil Nadu, India soil and environmental data are used in the architectural 

design to improve crop forecasts. Weather parameters, including temperature, humidity, pH, and 

rainfall, are collected initially. Split the data into training and test datasets after min-max scaling and 

missing values. Jaya optimization minimizes data dimensionality and picks key features. It improves 

model performance. SVM classifiers and powerful DL algorithms, such as BiLSTM and ConvLSTM 

networks, are used to create Figure 2 models. 

 

 

 
 

Figure 1. Region of Maduranthagam map 

 

 

 
 

Figure 2. Architecture diagram 

 

 

2. PROPOSED METHOD 

This study's novelty is in its hybrid architecture, which uniquely combines linear SVM, BiLSTM, 

and ConvLSTM to effectively harness temporal, spatial, and classification capabilities. Furthermore, it 
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employs Jaya-based feature selection for optimization and integrates both soil and climatic variables from 

localized Mathuranthagam data, providing the model methodologically creative and contextually pertinent 

for crop prediction in Tamil Nadu. The research uses BiLSTM and ConvLSTM for temporal crop 

forecasting, since LSTMs proficiently capture long-term relationships and seasonal variations in soil and 

climatic data. Their integration with ConvLSTM models captures spatial correlations, yielding great accuracy 

and interpretability, while alternatives such as transformer or gated recurrent unit (GRU), despite their 

potential, increase complexity. Weather and soil characteristics, including humidity, temperature, pH, and 

precipitation in record of Mathuranthagam's distinct. Regularizing data via min-max scaling improves model 

performance and consistency. The min-max scaler sets a per-feature minimum and maximum value during 

fitting. During transformation, the (1) converts all feature values to 0-1. 

 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
  (1) 

 

Where X represents the initial feature. 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥  are the feature minimum and maximum values. 

i) Properness: the scale sets upper and lower boundaries for every training dataset feature. Next, translate 

feature values to a 0-1 scale. Scaling is needed for all features to affect model learning equally. 

ii) Normalization: continuous variables, including temperature, rainfall, humidity, and soil nutrient values 

(NPK and pH), are standardized by min-max normalization to ensure uniformity across all features. 

iii) Categorical encoding: crop categories are represented by one-hot encoding, facilitating the model's 

efficient processing of categorical data. 

iv) Missing data management: incomplete or missing values are addressed by mean imputation for 

numerical attributes and mode imputation for categorical variables, therefore preserving dataset 

integrity. The code imports the data into a NumPy array, normalizes the features with the min-max 

scaler, and then outputs the scaled data to test. The proposed hybrid architecture integrates linear SVM, 

BiLSTM, and ConvLSTM networks to exploit their synergistic advantages for crop prediction. 

v) ConvLSTM: captures spatial relationships within the dataset, including differences in soil and 

environmental characteristics over Mathuranthagam. 

vi) LSTM: analysis temporal patterns by processing sequences in both directions, therefore capturing 

interdependence across several cropping seasons. 

vii) Linear SVM: functions as a conclusive classifier, delivering effective decision-making for crop 

appropriateness by distinguishing crop classes according to the acquired feature representations. 

viii) Fusion strategy: the outputs from BiLSTM and ConvLSTM are concatenated and input into the linear 

SVM using a stacked ensemble methodology. This enables the model to include spatial, temporal, and 

classification functionalities, improving forecast precision. 

 

2.1.  Linear support vector machine classifier 

The SVM is a supervised ML algorithm primarily used for classification tasks. It works by finding a 

hyperplane that best divides the data into classes. Linear SVM is particularly useful when the data is linearly 

separable, meaning that a straight line (or hyperplane in higher dimensions) can separate the different classes. 

In the context of crop suitability, the linear SVM classifier would be used to predict which type is most 

suitable based on environmental and soil features such as humidity, rainfall, temperature, and pH. SVMs are 

robust against overfitting, especially in high-dimensional spaces, and they can efficiently perform non-linear 

classification using the kernel trick. In this case, the linear SVM helps differentiate between crop varieties 

effectively, providing powerful decision-making. 

 

2.2.  Bidirectional long short-term memory 

A BiLSTM network is a type of RNN designed to process sequential data. Bidirectionality: unlike 

traditional LSTMs that process data sequentially from the past (forward), BiLSTMs process data in both 

directions (past-to-future and future-to-past). This is especially beneficial when predicting crop suitability 

because it allows the model to capture both past and future temporal dependencies. For example, weather 

conditions such as rainfall or temperature at any given time might influence crop growth not only in the past 

but also in the future. LSTMs are a type of RNN that are good at capturing long-range dependencies in 

sequences, making them particularly suited for time-series forecasting, such as predicting the suitability of 

crops over time based on weather and soil conditions. 

 

2.3.  Convolutional long short-term memory 

The ConvLSTM is another variant of the LSTM that incorporates convolutional operations into the 

LSTM framework, making it suitable for data with spatial-temporal dependencies. Spatial-temporal 
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dependencies: ConvLSTM is particularly useful when the data has both temporal and spatial components. In 

the context of crop forecasting, spatial data can include geographic locations, soil quality variations, or 

different environmental conditions across regions. By using convolutional operations in conjunction with 

LSTM, the ConvLSTM captures spatial relationships between different regions of the dataset, enhancing the 

model's ability to learn both the temporal and spatial features of the data. The ConvLSTM will capture 

dependencies not only across time but also across spatial dimensions. 

 

2.4.  Min-max scaling 

Before applying the ML models, the dataset is normalized using min-max scaling, a feature scaling 

technique that rescales all feature values to a common range. The main reason for applying min-max scaling 

is to make sure that all features have equal weight in the learning process. This is particularly important for 

models such as SVMs, neural networks, and others that are sensitive to the scale of input features. Without 

scaling, features with larger values could dominate the learning process, making the model inefficient. 

 

2.5.  Jaya optimization technique for feature selection 

Jaya optimization is an optimization algorithm that works on finding the best possible solution by 

iteratively improving the candidate solutions. Feature selection: in your methodology, Jaya optimization is 

used to select the most relevant features from the dataset. In crop suitability forecasting, features such as 

humidity, rainfall, and pH are used, but not all features may be equally important. Jaya optimization helps in 

automatically identifying and selecting the best features that contribute most to predictive accuracy. Jaya 

optimization works by iterating through candidate solutions and adjusting them based on the best-found 

solution and the worst-found solution. 

 

2.6.  Performance metrics 

Using metrics for both classification and regression, evaluate the hybrid model's performance. When 

false positives are expensive, accuracy is more important than precision in determining total correctness 

because precision assesses the accuracy of positive predictions. An all-encompassing performance measure, 

the F1-score strikes a good balance between recall and accuracy by identifying real positive events. 

 

 

3. RESULTS AND DISCUSSION 

This study's dataset was collected from Mathuranthagam, Tamil Nadu, India and it was designed to 

assist reliable crop prediction using the hybrid ML architecture. The dataset included soil, crops, and 

environmental data. Providing geographical resolution down to the block level, the data set captures the 

localized agro-climatic conditions in Mathuranthagam and spans numerous cropping seasons. Rice, maize, 

and chickpea are some of the most important crops grown in the area, and this information contains their 

cultivation patterns and practices. Soil characteristics such as pH, nitrogen (N), phosphorus (P), potassium 

(K), and soil texture are essential for determining crop compatibility and fertility. Temperature, precipitation, 

and humidity are examples of environmental factors that mirror climatic and seasonal changes that impact 

agricultural yields. Feature selection utilizing Jaya optimization and min-max normalization are two of the 

data preparation steps used to keep the most important variables for training the model. Complex spatio-

temporal relationships may be captured by the hybrid architecture, which consists of ConvLSTM for spatial 

dependencies, BiLSTM for temporal patterns, and linear SVM for classification. The dataset integrates both 

soil and climatic information. The proposed hybrid architecture for crop prediction in Mathuranthagam, 

Tamil Nadu, India is assessed using a thorough technique to provide robustness and dependability. 

Hyperparameter tuning is conducted for the ConvLSTM and BiLSTM networks, optimizing the number of 

layers, hidden units, dropout rates, and learning rates using grid search and Bayesian optimization, while the 

regularization parameter of the linear SVM is modified for optimum classification. Jaya-based feature 

selection significantly improves model efficiency. The model is validated using multi-seasonal records of 

rice, maize, and chickpea to measure performance stability and ensure accurate forecasts despite climatic 

fluctuation. Performance measures such as accuracy, precision, recall, and F1-score are used to quantify both 

predictive capability and mistake rates. This assessment approach demonstrates that the hybrid model 

provides consistent, high-accuracy, and context-specific predictions of crop suitability, making it appropriate 

for practical applications such as farmer advisories, crop insurance planning, and regional agricultural  

policy formulation. 

Figure 3 shows the monthly trends of temperature, humidity, soil pH, and rainfall at 

Mathuranthagam. Data was gathered over a span of 100 consecutive days in Mathuranthagam, Tamil Nadu, 

India a representative agricultural area. Measurements included daily temperature and humidity recorded by 

weather stations or IoT sensors, soil pH assessed using a digital meter, and precipitation obtained from 

meteorological stations. The dataset concentrated on primary crops: rice, maize, and chickpea, documenting 



           ISSN: 2252-8814 

Int J Adv Appl Sci, Vol. 15, No. 1, March 2026: 405-415 

410 

their distinct microclimates. Documented parameters included daily mean temperature, relative humidity, 

interpolated soil pH, and daily precipitation. This data aims to predict temporal changes in crop adaptability, 

functioning as input for a hybrid ML architecture (ConvLSTM-BiLSTM-SVM) to improve agricultural 

planning. Figure 3(a) shows the temperature graph, which likely represents the variation in temperature over 

a given period. Temperature is a key factor influencing crop growth, and this graph could be showing how 

temperature fluctuations throughout the year or during specific seasons impact crop productivity. Figure 3(b) 

shows a humidity graph showing the changes in relative humidity over time. High humidity levels can 

promote fungal growth and reduce crop yields, while low humidity can lead to water stress for crops.  

Figure 3(c) denotes the pH graph displaying the soil's acidity or alkalinity over time, measured on a scale 

from 0 to 14, with 7 being neutral. Figure 3(d) shows a rainfall graph that represents the amount of 

precipitation received over a given period, typically shown in millimeters or inches. The dataset used for crop 

classification consists of 2,200 samples uniformly allocated among 22 crop classes, with each class including 

100 samples [27]. The dataset was divided to achieve balanced representation, including 70% for training 

(1,540 samples) and 30% for testing (660 samples). Every crop category provides 70 training samples and  

30 testing samples, ensuring the dataset remains impartial across classifications, including coconut, rice, 

papaya, maize, chickpea, pigeon peas, pomegranate, moth beans, mung beans, black beans, banana, lentil, 

apple, mango, grapes, muskmelon, jute, orange, watermelon, kidney beans, cotton, coffee. Figure 4 illustrates 

the ranks of feature relevance, highlighting rainfall, temperature, and soil pH as the predominant contributors. 

Figure 5 depicts fluctuations in seasonal suitability, highlighting temporal changes in agricultural potential. 

Figure 6 shows prediction maps that illustrate spatial suitability zones. 
 

 

  
(a) 

 

(b) 
 

  
(c) (d) 

 

Figure 3. Seasonal variation of key environmental factors (a) temperature, (b) humidity, (c) pH, and (d) rainfall 
 

 

 
 

Figure 4. Feature importance 

 
 

Figure 5. Monthly suitability trend 
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Figure 6. Spatial distribution 

 

 

This equitable division facilitates rigorous training, impartial assessment, and reduces overfitting, 

hence improving the model's generalization for various crop prediction tasks. The ConvLSTM confusion 

matrix in Figure 7 shows a high level of accuracy across all crop classes, as shown by the mostly strong 

diagonal entries. Showing strong performance with minimal uncertainty across comparable crops, small  

off-diagonal values indicate rare misclassifications. Figure 8 shows the performance evaluation of the 

classification report. 

 

 

  
 

Figure 7. Confusion matrix analysis for crop classes 

 

Figure 8. Model performance evaluation 

 

 

It may include metrics such as the following:  

i) Accuracy: the proportion of correct predictions (both true positives and true negatives) out of the total 

predictions. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃 +𝑇𝑁+𝐹𝑃+𝐹𝑁
 (2) 

 

ii) Precision: the ratio of correctly predicted positive observations to the total predicted positives. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

 

iii) Recall: the ratio of correctly predicted positive observations to all actual positives. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 
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iv) F1-score: the weighted average of precision and recall, used to balance both metrics, particularly in 

cases of imbalanced classes. 
 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙)
  (5) 

 

Missing or interference in environmental data can bias outcomes, whilst insufficient dataset sizes 

may lead to overfitting. Class imbalance may result in deceptive accuracy for unusual crops unless suitable 

safeguards are implemented. Inadequate control of temporal and spatial correlations may distort model 

efficacy. Ultimately, using training data for testing or inadequate cross-validation may artificially enhance 

performance metrics. This research improves agricultural decision-making by forecasting crop suitability in 

Mathuranthagam, Tamil Nadu, India using a hybrid model that combines linear SVM, BiLSTM, and 

ConvLSTM. It incorporates climatic variables such as temperature and precipitation, assisting farmers in 

optimum crop selection and facilitating regional agricultural planning. The models include climate 

variability, which facilitates the adoption of resilient farming practices and methods, enhancing food security 

and promoting sustainable agriculture in the face of changing climatic conditions. 
 

3.1.  Accuracy 

Accuracy refers to the percentage of correctly predicted instances (i.e., the number of correct crop 

predictions divided by the total number of instances). The model likely shows high accuracy because the 

hybrid nature of the model, using linear SVM, BiLSTM, and ConvLSTM, enables it to capture both spatial 

and temporal dependencies in the data, leading to better predictions. 

i) Precision: precision measures the proportion of correct positive predictions. 

ii) Recall measures the model's ability to correctly identify all the relevant instances. A high recall value 

indicates that the model is good at detecting all possible crop types, reducing the likelihood of missing 

an appropriate crop recommendation.  

iii) F1-score: the F1-score is the harmonic mean of precision and recall, providing a balanced measure of 

the model's performance.  
 

3.2.  Hybrid model vs. traditional LSTM models 

When comparing the hybrid model (linear SVM+BiLSTM+ConvLSTM) with traditional LSTM 

models, the hybrid approach is expected to outperform in several ways, such as higher generalization. The 

inclusion of linear SVM alongside DL models ensures better generalization over a variety of crop types and 

environmental conditions. Traditional LSTM models may struggle to capture complex spatial relationships, 

whereas ConvLSTM excels in this domain. Table 1 demonstrates that the hybrid ConvLSTM-BiLSTM-SVM 

model outperforms its individual models, achieving superior accuracy, precision, recall, and F1-score via the 

successful integration of spatial, temporal, and classification functionalities. Table 2 hybrid design 

demonstrates high performance across all parameters, significantly improving individual classifiers, 

regression models, and rule-based systems by adeptly capturing spatial, temporal, and categorisation patterns. 
 

 

Table 1. Performance comparison of hybrid and individual models 
Model component Accuracy Precision Recall F1-score 

Linear SVM 0.9421 0.9440 0.9421 0.9420 

BiLSTM 0.9615 0.9623 0.9615 0.9612 

ConvLSTM 0.9678 0.9682 0.9678 0.9677 
Hybrid (SVM+BiLSTM+ConvLSTM) 0.9758 0.9764 0.9758 0.9757 

 

 

Table 2. Comparative analysis of crop classification techniques 
Model type Accuracy Precision Recall F1-score 

Rule-based system 0.7820 0.7900 0.7800 0.7850 
Statistical regression 0.8700 0.8750 0.8700 0.8720 

Linear SVM 0.9421 0.9440 0.9421 0.9420 

BiLSTM 0.9615 0.9623 0.9615 0.9612 
ConvLSTM 0.9678 0.9682 0.9678 0.9677 

Hybrid (SVM+BiLSTM+ConvLSTM) 0.9758 0.9764 0.9758 0.9757 

 

 

This study's findings indicate that a hybrid ML architecture integrating linear SVM, BiLSTM, and 

ConvLSTM significantly enhances crop prediction accuracy (0.9758) and F1-score (0.9757) relative to 

standalone models. This demonstrates that the integration of temporal (BiLSTM) and spatial (ConvLSTM) 
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dependencies with a robust classifier (SVM) more successfully captures complicated environmental-soil 

interactions than traditional methods. The superior prediction performance proposes that local environmental 

and soil data may be dependably used to guide agricultural planning, enhance crop selection, and minimize 

resource waste. The proposed hybrid ML architecture combines ConvLSTM, BiLSTM, and linear SVM. 

ConvLSTM identifies spatial dependencies in soil and environmental characteristics, BiLSTM analysis 

temporal patterns, and SVM executes the final crop classification using the outputs from stacked LSTM, thus 

harnessing both spatio-temporal and classification advantages. The information, gathered from 

Mathuranthagam, Tamil Nadu, India has 2,200 samples spanning 22 crops, including attributes such as 

temperature, humidity, rainfall, soil pH, and NPK levels. A 70:30 ratio was used for training (1,540 samples) 

and testing (660 samples). The hybrid model had an accuracy of 0.9758, outperforming the performance of 

separate models. Hyperparameters for LSTM layers and SVM were calibrated by cross-validation and 

parameter change studies to enhance performance. 

A hybrid model that combines ConvLSTM, BiLSTM, and linear SVM within a complementary 

framework. ConvLSTM captures spatial relationships, BiLSTM models temporal trends, and linear SVM 

performs classification based on features retrieved by LSTM. This layered methodology allows an integrated 

predictive system that improves the accuracy and reliability of crop predictions, outperforming individual 

models and demonstrating the efficacy of integrating spatio-temporal learning with traditional categorization 

techniques. The proposed hybrid SVM-BiLSTM-ConvLSTM model with Jaya feature selection incorporates 

Mathuranthagam's climatic and soil data. This ensures that farming decisions in Tamil Nadu are localized, 

data-driven, and sustainable, given the state's specific environmental conditions. Connecting the model to 

agricultural extension networks, GIS platforms, and mobile applications allows for data-driven decision 

assistance in agriculture, as well as real-time crop alerts, geographic visualization, and farmer outreach. 

Despite its robust performance, the proposed hybrid ConvLSTM-BiLSTM-SVM architecture has several 

limitations. Initially, although the dataset is balanced for experimental purposes, actual agricultural data often 

exhibit imbalances, potentially impacting performance for under-cultivated crops. 

The model is trained on soil and climatic data particular to Mathuranthagam, perhaps restricting its 

applicability to other places in Tamil Nadu without localized calibration. While forecasts exhibit high 

accuracy, practical implementation in real-time encounters obstacles, including the need for constant data 

streams from meteorological stations, IoT sensors, and dependable internet access in remote regions. 

Rectifying these deficiencies is crucial for the scalable, agriculturist-friendly implementation. Improving the 

hybrid system's scalability, accuracy, and reliability for more widespread agricultural uses may involve future 

extensions such as integrating dynamic weather for real-time adaptability, fusing satellite imagery to capture 

large-scale spatial variability, and federated learning frameworks to guarantee privacy-preserving crop 

prediction while enabling interaction across regions. In the future, these results may facilitate the creation of 

decision-support systems for farmers and policymakers, allow for real-time crop recommendations using IoT 

sensors, and inform adaptive tactics in response to changing climatic conditions. 
 

 

4. CONCLUSIONS 

This research effectively addressed the issue of predicting crop suitability in Mathuranthagam, 

Tamil Nadu, India by using a hybrid ML framework that combines linear SVM, BiLSTM, and ConvLSTM 

networks. The hybrid model enhanced prediction performance by effectively capturing both temporal and 

spatial dependencies, achieving an accuracy of 0.9758 and an F1-score of 0.9757, improving linear SVM 

(accuracy 0.9421), BiLSTM (0.9615), and ConvLSTM (0.9678). Min-max normalization and Jaya 

optimization efficiently used environmental and soil variables, such as humidity, rainfall, temperature, and 

pH, for model training. The quantitative findings validate that the integration of DL with traditional ML 

methodologies offers a formidable solution for crop forecasting and underscores the importance of localized 

environmental data in agricultural strategy and decision-making. Future works may concentrate on 

augmenting the dataset, integrating real-time sensor data, and introducing supplementary environmental 

characteristics to improve model generalization and flexibility, thereby facilitating precision agriculture 

across various geographies. 
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