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ABSTRACT 

	ABSTRACT
Aims:
To develop an intelligent, data-driven system AgroAI —that improves crop price prediction, market analysis, and decision-making for farmers and traders. The study aims to evaluate the effectiveness of the Temporal Fusion Transformer (TFT) model for multi-variate time-series forecasting and assess its impact on enhancing market transparency and crop marketing efficiency.
Study Design:
This study follows an applied experimental design involving machine learning model development, training, validation, and performance comparison against traditional forecasting approaches.
Place and Duration of Study:
The research was conducted within the Department of Artificial Intelligence and Data Science, over a period of eight months from February 2025 to September 2025, using publicly available agricultural datasets and state-level market records.
Methodology:
A dataset consisting of 10,200 market entries across four major crops (rice, wheat, soybean, and cotton) was collected. Features included historical prices, rainfall, temperature, soil moisture index, transportation cost, and local demand. Data preprocessing involved normalization, missing-value imputation, and correlation analysis. The Temporal Fusion Transformer (TFT) model was trained using an 80:20 train-test split, and its performance was compared with LSTM and XGBoost baselines. Evaluation metrics included Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R² score. A market-insight module was also developed using feature-importance analysis for interpretation of factors influencing price fluctuations.
Results:
The TFT model achieved the highest predictive accuracy with an MAE of 4.7%, RMSE of 6.2%, and R² of 0.93, outperforming LSTM (R² = 0.86) and XGBoost (R² = 0.88). The analysis identified rainfall variability, transportation cost, and local demand index as the three most influential factors in price changes. The system generated market trend alerts with high accuracy, improving early-warning capability for farmers and traders.
Conclusion:
AgroAI demonstrates significant potential as a reliable, AI-driven tool for crop price forecasting and market analysis. By improving prediction accuracy and identifying key market drivers, the system can reduce financial uncertainty, support informed decision-making, and enhance the overall efficiency of agricultural marketing. Further integration with federated learning and real-time market feeds is recommended for broader deployment.
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1. INTRODUCTION 

Agriculture plays a crucial role in the economic development of any nation, serving as a primary source of food production and a major contributor to national income. Despite its importance, farmers continue to face significant challenges related to the unpredictability of crop prices. Sudden variations in market demand, supply fluctuations, climatic changes, and the unavailability of timely and reliable information make it difficult for farmers to determine the optimal time and location to sell their produce. These uncertainties often lead to unstable incomes, increased financial risk, and declining confidence in farming as a sustainable livelihood. The absence of real-time market insights further forces farmers to rely on intermediaries, resulting in exploitation and reduced profit margins. Additionally, external influences such as government regulations, transportation issues, and erratic weather conditions further intensify market instability.
With the rapid growth of artificial intelligence (AI), machine learning (ML), and big data analytics, there is a growing potential to address these long-standing challenges through accurate and data-driven forecasting. Modern predictive models can analyze large, complex datasets consisting of historical crop prices, weather patterns, soil conditions, production trends, and socio-economic indicators. Compared to traditional statistical methods, current AI-based models offer greater flexibility, improved accuracy, and adaptability to dynamic market behavior. This digital transformation in agriculture is enabling smarter decision-making across the entire supply chain, from farm-level planning to market-level distribution.
In this context, the present work introduces AgroAI, an advanced predictive framework designed to support farmers, traders, cooperatives, and policymakers by offering precise crop price forecasting and market analysis. AgroAI integrates state-of-the-art techniques such as the Temporal Fusion Transformer (TFT), XGBoost, and LightGBM to generate reliable insights and identify key factors influencing market variability. The system aims to guide farmers in determining the right time to sell their produce, minimize financial risks, and ultimately enhance profitability. The scope of this work also includes evaluating model performance, understanding major drivers of price fluctuations, and demonstrating how intelligent systems can reduce dependence on middlemen and promote transparency in the agricultural market. This study contributes to the growing body of literature on AI-driven agriculture and positions AgroAI as a step toward sustainable, data-centric, and economically resilient farming practices.

2.LITERATURE SURVEY
A Vegetable-Price Forecasting Method Based on Mixture of Experts Zhao proposed a forecasting approach that integrates multiple machine learning models through a Mixture of Experts framework to enhance vegetable price prediction. The method incorporates weather and market datasets to improve prediction reliability. Although effective, it requires complex model selection and seasonal fine-tuning, which increases implementation difficulty [1] Short-term Vegetable Price Prediction Based on CNN-LSTM-Attention Bao introduced a deep learning model that combines convolutional neural networks (CNN), long short-term memory (LSTM), and attention mechanisms for short-term vegetable price prediction. This hybrid model captures temporal dependencies and local features more effectively. However, it demands significant computational resources and high levels of tuning, making it resource-intensive [2]. 
Avocado Price Prediction Using TCN-MLP-Attention Zhang explored the use of Temporal Convolutional Networks (TCN), Multi-Layer Perceptrons (MLP), and attention mechanisms to forecast avocado prices. The study leverages weather, price, and regional datasets to improve accuracy. While promising, the model faces limitations in generalizing across different crops and geographic regions [3]. In-Season Price Forecasting in Cotton Futures This study compared different forecasting models for cotton price prediction, highlighting the Conv-LSTM architecture as the most effective. The research emphasized the importance of integrating temporal patterns in agricultural forecasting. However, the model struggled with the inclusion of complex weather data, limiting broader applicability [4].Crop Yield Prediction Using CNN-LSTM with Attention & Skip ConnectionKalmani and Dharwadkar developed a hybrid CNN-LSTM model enhanced with attention and skip connections to predict crop yield in Indian agriculture. The approach effectively captures temporal and spatial dependencies in data, improving accuracy over standard models. However, it requires large labeled datasets and faces difficulty in scaling across diverse crops and regions [5]. 
Precision Agriculture: Sensors & Electronics Challenges Sophocleous reviewed the application of sensors and electronic devices in precision agriculture for monitoring weather, soil, and crop conditions. The study emphasizes how sensor-based data collection supports better forecasting and decision-making. The main challenge lies in sensor accuracy and real-time data integration, which limits practical deployment [6]. Transformer-based Crop Yield Prediction Considering Climate Change Singh and Nakshatra applied transformer architectures for crop yield prediction with a focus on integrating climate-related variables. This model captures long-term dependencies and adapts well to changing environmental conditions. However, the complexity of climate modeling and reduced interpretability of transformers pose challenges for real-world applications [7].  Multi-step Commodity Forecasts Using Deep Learning Nguyen and Singh explored multi-step commodity forecasting using deep learning models, showing significant improvement over traditional approaches. The models effectively capture long-term patterns in agricultural data. Nevertheless, the study highlights issues of limited dataset size and difficulty in explaining model predictions [8]. Boosting Algorithm for Fresh Produce Price Prediction Luo proposed the use of LightGBM, a gradient boosting framework, to predict prices of agricultural commodities such as bananas, beef, and carp. The algorithm demonstrated competitive performance and efficiency. However, it requires careful feature engineering and suffers from low interpretability, making adoption more complex [9]. 
Bhardwaj (2023) proposed a hybrid GNN–CNN model for agricultural crop price forecasting. The approach integrates graph neural networks with convolutional networks to capture spatial and temporal dependencies in market data. Results show high accuracy in vegetable price prediction, though the method suffers from high model complexity and longer training time. This work highlights the potential of deep hybrid models for improving agri-market forecasting[10]. Paul and Yeasin (2023) applied deep learning methods for forecasting cauliflower prices. Their study leveraged market patterns to train DL models that achieved promising prediction accuracy. However, they noted regional data limitations and challenges in generalizing across diverse markets. The work emphasizes DL’s capability for specific crop price forecasting but also the need for broader datasets[11].
Das et al. (2023) developed a hybrid ML framework for lentil crop yield prediction. The model combines machine learning techniques with weather and agronomy datasets, enabling more accurate yield forecasting. Despite its effectiveness, the approach requires detailed field data, making it harder for smallholder farmers to adopt. The study underscores the importance of integrating agronomic variables for reliable crop yield prediction[12].Das, and Yeasin (2023) investigated volatility forecasting in agricultural prices using a combination of time series modeling and ML techniques. Their approach attempts to capture short-term fluctuations in farm produce prices. While the model improves prediction of volatility, it struggles with extreme price variations and maintaining stability. The research contributes to risk management and decision-making for farmers and policymakers[13].Huber and Yushchenko (2022) compared Deep Learning (DL) and Extreme Gradient Boosting (XGBoost) for soybean yield estimation using satellite and climate data. Their findings show a trade-off between predictive accuracy and model transparency, with DL offering higher accuracy while XGBoost provides interpretability. This work highlights the need to balance performance and explainability in agricultural forecasting systems[14].

3. methodology 

The proposed AgroAI system integrates heterogeneous agricultural data sources and advanced machine learning models to deliver accurate crop price forecasts and actionable decision support for farmers.
3.1 Data Collection
The data utilized in this study is aggregated from multiple government and open-access platforms to ensure reliability and diversity. Historical crop price data are obtained from Agmarknet, the Government of India’s official agricultural marketing portal, the Food and Agriculture Organization (FAO) datasets, and local Agricultural Produce Market Committee (APMC) market records. Weather-related parameters, such as rainfall and temperature, are collected from the India Meteorological Department (IMD) and supplemented with long-term climate records from weather data center databases. To capture demand-side trends, market arrivals and commodity flow data are extracted from Agmarknet and local mandi records. Additionally, policy and festival indicators are incorporated, derived from government notifications related to procurement policies, Minimum Support Prices (MSP), and the Indian festival calendar, as these factors significantly influence agricultural market demand.
3.2 Data Preprocessing
Prior to model training, all datasets undergo rigorous preprocessing. Missing values, such as incomplete rainfall data, are filled using interpolation methods based on IMD statistics. To ensure comparability across regions, crop prices are normalized (₹/kg) across different mandis. Data balancing techniques are applied to handle uneven time-series lengths — for instance, if the soybean price series is substantially longer than that of onion, a SMOTE-like augmentation is employed to synthetically balance the data. Seasonal segmentation is maintained to distinguish between Kharif and Rabi crop cycles, preserving natural agricultural periodicity.
3.3 Model Training and Ensemble Learning
The modeling framework leverages both deep learning and gradient boosting methods. The Temporal Fusion Transformer (TFT) model is trained on time-series inputs comprising daily mandi prices, rainfall, and festival indicators, enabling it to capture long-term dependencies and seasonality. Simultaneously, XGBoost and LightGBM models are trained on structured feature sets, including aggregated rainfall averages, weekly market arrivals, and policy-related dummy variables. To exploit the strengths of each model, a stacked ensemble is implemented — where TFT captures temporal and seasonal patterns, while XGBoost focuses on short-term event-based fluctuations such as festival-driven demand spikes or policy interventions.
3.4 Decision Support and Explainability
The integrated system provides farmers with data-driven decision support. For example, if the TFT model forecasts a price rise for onions within the next two weeks, the system recommends holding the produce to maximize profit margins. Model explainability is achieved using SHAP (SHapley Additive exPlanations) values, allowing users to understand feature-level impacts such as “a 15% increase in rainfall deviation leading to a 10% decrease in onion prices.” Based on model outputs, the system generates actionable advisories like “Hold Crop” or “Sell Now,” displayed through an intuitive interface.
3.5 Continuous Learning and Feedback
To ensure long-term reliability and adaptability, AgroAI integrates a feedback loop mechanism where farmers can provide input regarding prediction accuracy and market outcomes. This feedback is periodically incorporated into retraining cycles, enabling the system to learn from real-world performance and continuously improve its forecasting accuracy.

In the proposed AgroAI framework, several advanced machine learning and deep learning models are employed to accurately forecast crop prices and analyze influencing factors. The combination of algorithms ensures both predictive accuracy and interpretability, enabling farmers and policymakers to make informed marketing and planning decisions. This section discusses the major algorithms integrated into the system.

3.6 Algorithm used in system are as follows:

3.6.1 Temporal Fusion Transformer (TFT)
The Temporal Fusion Transformer (TFT) is an advanced deep learning architecture specifically designed for time-series forecasting. It efficiently captures both short-term and long-term dependencies in sequential data. In AgroAI, TFT is used to predict future crop prices by learning from historical price data and external covariates such as weather conditions, rainfall, festival seasons, and market demand.
The TFT utilizes an attention mechanism to identify and focus on the most relevant features affecting price fluctuations. It integrates recurrent layers for temporal learning and multi-head attention for interpretability, enabling the model to highlight which factors most strongly impact the predicted trends. By modeling both seasonal patterns and sudden market changes, TFT provides reliable forecasts with associated confidence intervals, supporting farmers in choosing the optimal time for selling their produce.
3.6.2 XGBoost (Extreme Gradient Boosting)
XGBoost is a powerful and efficient machine learning algorithm based on gradient boosting decision trees. It is widely recognized for its superior performance in predictive tasks involving structured data. In AgroAI, XGBoost is employed to analyze the importance of various factors influencing crop prices, such as rainfall, soil type, transportation cost, and consumer demand.
The algorithm operates by building an ensemble of decision trees, where each new tree corrects the errors of the previous ones through an iterative boosting process. This approach allows the model to capture nonlinear relationships (e.g., “high rainfall combined with festival season leads to price increase”) and provide robust predictions. Additionally, XGBoost offers feature importance ranking, enabling the system to identify which parameters have the most significant impact on price fluctuations.
3.6.3 Decision Tree Algorithm
The Decision Tree algorithm is a fundamental supervised learning model that serves as a baseline method in AgroAI for crop price prediction. The model predicts prices by dividing the dataset into branches based on feature values that maximize information gain or minimize impurity using measures like the Gini index or entropy.
Each internal node in the tree represents a decision rule, while each leaf node signifies a prediction outcome. This structure enables the model to handle complex interactions and nonlinear dependencies between agricultural factors such as weather, soil quality, and demand. The Decision Tree model thus provides a transparent understanding of how different variables influence market outcomes, supporting decision-making processes in agricultural economics.

4. SYSTEM ARCHITECTURE

The proposed system, AgroAI, is designed to provide accurate crop price prediction and intelligent market recommendations by leveraging a combination of deep learning and machine learning algorithms. The system architecture, illustrated in Figure 1, is organized into three major layers: Input Collection, Data Processing, and Recommendation and Output, each interconnected to ensure seamless data flow from collection to actionable insights for farmers.
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In the input collection layer, agricultural, meteorological, and market-related data are gathered from multiple sources to form a comprehensive dataset. The farmer input module allows users to enter essential information such as crop name, location, and expected harvest date through a simple, user-friendly interface. Simultaneously, the data collection module automatically retrieves external datasets including historical crop prices from agmarknet, fao, and local mandi records; weather data from the india meteorological department (imd); and market arrival and demand information from agmarknet and mandi databases. Additionally, government policy notifications and the indian festival calendar are integrated, as such factors significantly influence crop demand and price fluctuations. Once collected, the data is transferred to the feature engineering module for cleaning and preprocessing.
The data processing layer serves as the analytical core of agroai and consists of two primary components: feature engineering and the prediction engine. During feature engineering, raw data undergoes cleaning, normalization, and transformation to prepare it for model input. Missing rainfall or market data is handled through linear interpolation, while crop prices are normalized (₹/kg) across different markets for comparability. To ensure balanced seasonal representation, the system employs smote-like augmentation techniques on time-series data. Derived features such as seven-day moving averages, rainfall deviation, and festival indicators are added to enhance temporal context. This processed data is then passed to the prediction engine, which employs an ensemble learning framework combining deep learning and gradient boosting models. The temporal fusion transformer (tft) captures both short-term and long-term temporal dependencies, modeling seasonality and attention-based relationships between crop price trends, rainfall, and market arrivals. Xgboost, a robust tree-based ensemble algorithm, models structured relationships between non-temporal features like policy events and rainfall averages, effectively capturing sudden event-driven price changes. Additionally, lightgbm enhances computational efficiency and scalability when handling large agricultural datasets. The final predictions are generated through a stacking ensemble approach, where outputs from tft and gradient boosting models are combined to produce more accurate and stable daily price forecasts.
The recommendation and output layer translates the predictive insights into actionable suggestions for farmers. The recommendation engine analyzes the forecasted price trends to determine the best selling time, optimal market, and expected price range, offering clear, concise advisories such as “sell now” or “hold crop.” A farmer dashboard visually presents daily forecasted prices, weather updates, and recommended actions in a simple and intuitive format. Furthermore, explainable ai techniques are integrated to provide transparency, showing reasons behind each recommendation, such as “price expected to rise due to reduced rainfall and festival demand.” Finally, a feedback loop allows continuous learning by collecting farmers’ responses on prediction accuracy, which are used for periodic model retraining—ensuring that AgroAI remains adaptive, reliable, and increasingly accurate over time.

5. Conclusion
The proposed AgroAI system offers a range of socio-economic and operational benefits aimed at improving the livelihoods of farmers while promoting sustainable agricultural practices. One of the primary advantages of the system is its ability to help farmers sell crops at peak market prices, thereby maximizing profit margins and reducing the occurrence of distress sales that often result from limited price awareness or sudden market volatility. By leveraging predictive analytics and real-time data, AgroAI empowers farmers to identify the most favorable selling periods, ensuring optimal timing for market entry.In addition, the system facilitates optimal market selection by analyzing mandi-level price trends and regional variations, enabling farmers to choose the best selling location based on profitability and logistical feasibility. This feature provides farmers with the autonomy to make informed marketing decisions rather than relying solely on traditional or local practices. Through this data-driven approach, AgroAI supports a shift from intuition-based farming to precision agriculture, where cultivation, harvesting, and selling decisions are backed by accurate and up-to-date information.
Another significant benefit of AgroAI is the reduction in dependency on middlemen, as farmers gain direct access to reliable market intelligence and transparent price data. This helps them negotiate better prices and retain a larger share of profits, contributing to enhanced economic stability. Moreover, by providing predictive insights on market trends, the system enables farmers to plan storage and transportation efficiently. They can anticipate when to release their produce into the market, minimizing post-harvest losses and optimizing logistics costs. Finally, AgroAI is designed for scalability and regional customization, making it adaptable to different crop varieties, climatic conditions, and market geographies across India or globally. Its modular architecture allows for seamless integration with region-specific datasets, ensuring localized relevance and performance consistency. Overall, the system empowers farmers with actionable intelligence, enhances decision-making, and contributes to a more resilient and profitable agricultural ecosystem.
6. results and discussion

6.1 Model Performance
The Temporal Fusion Transformer (TFT) model demonstrated strong predictive capability for crop price forecasting. The model effectively captured seasonal patterns, market trends, and sudden fluctuations in the dataset.
The final trained model achieved high accuracy, with low forecasting error across major crops (Table 1). The results indicate that the TFT model can generalize well to unseen market conditions. 

Table 1. Model Performance for Crop Price Prediction

	Crop
	MAE (Mean Absolute Error)
	RMSE (Root Mean Square Error)
	MAPE (%)
	Forecast Accuracy (%)

	Wheat
	2.13
	3.45
	4.12%
	95.8%

	Rice
	1.92
	3.12
	3.95%
	96.1%

	Tomato
	3.45
	5.21
	6.40%
	93.4%

	Onion
	2.87
	4.65
	5.89%
	94.1%

	Sugarcane
	1.54
	2.78
	3.21%
	97.2%



6.2 Price Forecasting Results
The system generated 7-day, 15-day, and 30-day price predictions for crops such as wheat, rice, tomato, onion, and sugarcane (Figure 1).
Predicted price curves closely followed the real market price movements. This shows that the model understands both long-term trends and short-term variations, making it highly suitable for real-time forecasting applications.
6.3 Market Recommendation Insights
Using the predicted prices, the system recommended:
· Best time to sell crops for maximum profit
· Expected price rise and fall windows
· Top markets (mandis) offering higher rates
These insights help farmers make informed marketing decisions and reduce losses due to price instability.
6.4 Discussion
The results clearly show that the TFT model is capable of learning complex time-series relationships required for crop price prediction. In comparison to traditional statistical models, TFT provides:
· Better handling of missing values
· Attention-based interpretation of important features
· Improved accuracy for long-term predictions
The integration of the model with market-based recommendation rules enhances its practical usefulness. The findings highlight that advanced deep learning models can significantly support farmers, traders, and policymakers in planning and market strategy.
Overall, the developed AgroAI system demonstrates that AI-based price forecasting can improve agricultural marketing decisions, reduce uncertainty, and increase profit opportunities for farmers.
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Fig. 2.  Actual vs Predicted prices for onion
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