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Abstract

This study focuses on sophisticated deep learning ensemble model to overcome the challenges faced by volatile
agricultural prices in Tamil Nadu, India for 23 crops. The model provides a method to accurately predict future crop
prices for market stability and economic planning. Integration of historical price from the Agmarknet portal (2015-
2025) with district specific lookback weather data using the Open-Meteo API, to match the unique agronomic timeline
of each crop. By establishing a clear baseline prediction using the traditional SARIMAX model and improving the
results with four deep learning models: Gated Recurrent Unit (GRU) and Long-Short Term Memory networks (LSTM)
networks and optimized versions of the same. Finally, the project aimed to combine these results in an ensemble that
aggregates the outputs of these four deep learning models. The findings were that the deep learning ensemble of GRU-
LSTM models significantly outperforms the baseline SARIMAX across most commodities, for example, predicting
the forecasted garlic prices with high accuracy, with a Mean Absolute Percentage Error (MAPE) of only 2.51%. These
findings were then applied to accurately predict prices of various crops and establish certain trends across various
crops and districts in Tamil Nadu. The research further confirms that deep learning models provide far superior
forecasting accuracy compared to traditional models, highlighting the importance of feature engineering, along with
the inclusion of weather data, guided by agricultural expertise, into providing a noticeable increase in predictive
performance.
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1. Introduction

Agriculture forms the backbone of Tamil Nadu’s economy, supporting millions of lives. However, this sector faces
financial uncertainty due to a significant fluctuation in wholesale crop prices. These fluctuations, often driven by
external factors like market dynamics, seasonality and unpredictable climatic events, cause major problems for
farmers, exposing them to financial risk, making it extremely difficult to determine the optimal time to sell their yield
for a profitable return. Thus, the ability to accurately predict crop prices is of paramount importance, to help enable
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farmers to stay informed of market and weather trends, to stay ahead of the curve and make informed decisions
regarding the selling of their produce.

The main motivation for this project is the current limitations of traditional forecasting methods in this domain. While
widely used, classical statistical models often fail to adequately capture the complex, non-linear patterns that
characterize agricultural price movements (Mehtab and Sen 2020; Fathima and Ahmed 2023; Sharma et al. 2023).
This creates a critical need for more sophisticated and accurate predictive tools. Recent advancements in deep learning
offer a promising solution, yet there remains a significant gap in research applying these techniques at a granular,
district-level in Tamil Nadu, particularly with the integration of contextually relevant environmental data. Many
existing studies do not account for crucial external variables like weather, which is a primary driver of crop yield and,
consequently, price (Kumar et al. 2020). This study addresses this gap by developing a robust forecasting system that
not only leverages advanced deep learning models but also incorporates tailored, district-specific weather data to
enhance predictive accuracy. The problem statement is therefore to design, implement, and validate a superior price
forecasting system that can provide reliable, district-level predictions for key agricultural commodities in Tamil Nadu,
thereby offering a valuable decision-support tool for its agricultural community.

1.1 Objectives
The primary objectives of this research are to address the identified gaps and contribute a novel solution to the
agricultural commodity price prediction field. The key research contributions are embedded within these goals:

e To Develop a Robust Data Integration Pipeline: The first objective is to construct a comprehensive dataset
by systematically collecting, cleaning, and merging historical price data with district-specific meteorological
data. The unique contribution here is the creation of agronomically-relevant weather features based on
variable lookback windows tailored to each crop's specific growing cycle.

e To Establish a Rigorous Performance Baseline: This research aims to implement and evaluate a traditional
SARIMAX model to serve as a strong statistical baseline, providing a clear benchmark against which the
performance of more advanced models can be measured.

e To Compare and Optimize Advanced Deep Learning Models: The main goal of this project is a
comparative analysis of the two recurrent neural networks, GRU and LSTM. This involves evaluation of both
the general implementation and optimized versions of the same models, with additional features like early
stopping and learning rate schedulers to find the best configuration of each model.

e To Construct and Validate a Superior Ensemble Model: The final objective is development and validation
of an ensemble model consisting of the best performing models for each crop, using the predictive strengths
of the GRU and LSTM model for each individual crop. Finally, by combining these findings to create an
accurate and reliable graphical model of district level crop wise price predictions in Tamil Nadu.

2. Literature Review

Among the various papers surveyed, a noticeable change was observed in the field of time-series forecasting for
agricultural commodities, that has seen a significant evolution from traditional statistical methods to modern machine
learning and deep learning techniques. Statistical models like the Autoregressive Integrated Moving Average
(ARIMA) and its seasonal variant, SARIMA, have been used as an established standard for price forecasting. These
models are effective at capturing linear trends and clear seasonal patterns and are often used to establish a performance
baseline (Rathod et al. 2017). However, their primary limitation lies in the assumption of linearity in the data, making
them less effective for modeling the highly volatile and non-linear dynamics frequently observed in agricultural prices
(Kumar et al. 2020).

To address these limitations, recent literature indicates a strong trend towards deep learning, particularly Recurrent
Neural Networks (RNNs). Models such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are
consistently highlighted as superior to traditional methods due to their capacity to learn complex, long-term
dependencies from sequential data (Kamal et al. 2023; Sun et al. 2023; Wang et al. 2023). Their internal gating
mechanisms allow them to selectively remember important historical information and forget irrelevant noise, making
them well-suited for noisy financial and agricultural time series.
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A prominent theme in recent research is the enhancement of predictive models through the inclusion of exogenous
variables. The findings in the surveyed literature consistently confirm that incorporating meteorological data—such
as rainfall, temperature, and humidity—improves the accuracy of both statistical and deep learning models for crop
price prediction (Lam et al. 2023). Studies have explicitly noted the significant impact of rainfall on onion price
forecasting, validating the hypothesis that weather is a critical predictive feature (Rathod et al. 2017). Furthermore,
the concept of creating hybrid models (e.g., ARIMA-LSTM, CNN-LSTM) is an active area of research, showing that
combining the strengths of different architectures can lead to state-of-the-art performance (Bhavani et al. 2023). This
strongly supports the rationale for an ensemble approach.

3. Methods

The methodology of this study is structured around a multi-stage modeling process, beginning with a traditional
statistical baseline and progressing to a sophisticated deep learning ensemble. The core deep learning architectures
evaluated are the Gated Recurrent Unit (GRU) and the Long Short-Term Memory (LSTM), both chosen for their
proven efficacy in capturing temporal dependencies.

For the training process, a General Approach and an Optimized Approach was considered and performed. The
General Approach involved training the models with a standard set of hyperparameters to establish an initial
performance level. The Optimized Approach incorporated a suite of advanced techniques designed to improve
robustness and prevent overfitting. These included:

e A dedicated validation set for unbiased performance monitoring during training.
e Early Stopping for automatically determining the optimal number of training epochs.

e The AdamW optimizer, which provides better regularization through improved weight decay
implementation.

e A ReduceLROnPlateau learning rate scheduler to dynamically adapt the model's learning rate.

Finally, a Simple Averaging Ensemble was created. This model aggregates the predictions from all four deep learning
models (General GRU, Optimized GRU, General LSTM, and Optimized LSTM). The final prediction is the arithmetic
mean of these four outputs; a technique designed to reduce variance and improve the overall generalization of the
forecast.

4. Data Collection

The primary dataset comprises daily wholesale prices for 23 agricultural commodities across all districts of Tamil
Nadu, sourced from the Indian Government's Agmarknet portal, spanning from January 2015 to July 2025 (Agmarknet
2025). This raw data underwent a rigorous cleaning and preprocessing pipeline which included date standardization,
imputation of missing values using time-series appropriate methods, removal of duplicate entries, and numerical
encoding of categorical features such as 'District Name' and 'Market Name' using label encoding.

Exogenous weather data, specifically daily mean temperature and precipitation sum, was sourced from the Open-
Meteo historical weather API using the precise latitude and longitude for each district (Open-Meteo 2025). A key
innovation in our data engineering process was the creation of agronomically-relevant weather features. Instead of
using raw daily weather, a customized lookback window was established for each commodity based on its typical
growing cycle. For each day's price point, features representing the average temperature and total precipitation over
the corresponding lookback period were calculated. This ensures that the weather data fed to the model is temporally
aligned with the crop's development phase leading to its market arrival. All features were then normalized using Min-
Max scaling to a range of 0,1 before being used for model training.

5. Results and Discussion
5.1 Numerical Results

The models were trained and evaluated on all available crop datasets, and the results were collated for comparative
analysis.
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Table 1. Combined SARIMAX and Champion Deep Learning Model using Ensemble Averaging Techniques

SARIMAX | SARIMAX .
Crop RMSE Accuracy % | Model Type Bes(t Alif _gs;ep s Bes(;l‘g\/;SE Acc(t;agcgf %
(Avg.) (Avg.) ) - )
Garlic 4066.34 81.08 GRU General 7 857.80 97.48
Cashewnuts 2904.3 89.99 GRU General 60 2871.60 93.47
Rubber 2927.06 81.85 LSTM 60 1034.56 93.44
Optimized
Red Chilies 2907.85 87.78 GRU General 14 2380.68 91.43
Blackgram 1894.04 57.91 GRU General 60 913.65 91.13
Turmeric 3630.54 75.59 GRU General 14 1300.44 90.29
Bajra * 692.79 75.65 Ensemble 18 551.47 90.76
Cotton 3012.72 57.96 GRU General 30 1048.96 88.93
Onion 452.12 87.79 GRU General 60 425.60 88.61
Maize * 1411.05 80.90 Ensemble 40 1363.53 88.41
Groundnut 1023.53 87.33 LSTM 60 933.62 87.51
General
Ragi * 777.54 75.54 Ensemble 50 471.15 87.22
Paddy * 433.15 80.98 Ensemble 50 343.55 84.96
Seasame * 2776.22 74.54 Ensemble 50 1545.52 83.60
Tapioca 619.99 83.45 GRU General 60 672.37 84.44
Guava 1693.86 75.81 GRU General 14 1599.09 83.25
Sunflower 1373.16 74.26 LSTM 21 1167.98 81.66
General
Mango-Raw- |19 ¢g 57.26 GRU 60 704.65 80.17
Ripe Optimized
Banana 1554.15 77.9 LSTM 60 1656.74 78.92
General
Banana - 877.02 76.47 GRU General 21 891.87 78.77
QGreen
Lemon 9948.50 12.90 LSTM 60 8283.54 78.22
Optimized
Jowar * 930.51 68.88 Ensemble 45 825.89 77.95
Coconut * 992.55 68.20 Ensemble 16 986.37 75.89
Coriander 1878.66 65.59 LSTM 30 1794.91 72.20
Optimized
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Mousambi 1725.82 70.12 LSTM 14 1705.86 71.66
General
Mango 255931 53.22 GRU General 60 2491.03 65.49

* Aggregated Results for the crops are taken due to splitting up large amounts of data into various batches

The SARIMAX model, while providing a stable baseline, was consistently outperformed by the deep learning
approaches. The deep learning models demonstrated a superior ability to capture the complex variations in the price
data. This performance gap was particularly evident for commodities with high price volatility, where the SARIMAX
model's linear assumptions were insufficient. For instance, across the aggregated results, the deep learning models
achieved an average accuracy of 74.8%, a significant improvement over the baseline. The top-performing deep
learning model for Cashewnuts achieved an accuracy of 89.99%, showcasing the high potential of these advanced
architectures.

The key finding from the comprehensive experiments is the high degree of variability in model performance across
different commodities. For crops with relatively stable price trends, the models achieved excellent results. Notably,
the Garlic model reached an accuracy of 97.48%, while Cashewnuts and Rubber also demonstrated high
predictability with accuracies of 93.47% and 93.44%, respectively. Conversely, for notoriously volatile commodities
such as Mango, the models struggled significantly, yielding much lower accuracies of 65.49% and 62.44%. This
indicates that their price movements may be driven by external factors not captured in the dataset. The results also
revealed that no single model architecture was universally superior; the best-performing model varied by crop, with
GRU General being the champion for Garlic and LSTM Optimized for Rubber, reinforcing the data-dependent nature
of model selection.

To contextualize the performance of our proposed framework, we compare our results for specific commodities with
those reported in existing literature. It is important to note that a direct, absolute comparison is challenging due to
differences in datasets, geographical scope, and time periods. However, this analysis serves to benchmark our model's
performance against established findings.

Table 2. Comparative Performance Analysis Table (Manogoa, R. L. et. al 2025 vs Champion Model Predictions)

Crop Model Used Reported MAPE Chaml\s)[iAoil)}é\d odel
Onion GRU 16.17 11.39
Cotton LSTM 15.30 11.07
Turmeric XGBoost 11.21 9.71
Maize XGBoost 23.26 11.59
Groundnut GRU 58.72 12.49
Ragi XGBoost 34.61 12.78

However, this analysis serves to validate the effectiveness of our approach in relative terms. For all seven commodities
analyzed—Onion, Cotton, Turmeric, Maize, Groundnut, Ragi—our champion models consistently produced
strong MAPE scores, all below 15%. Notably, our models achieved a MAPE of 9.71% for Turmeric and 11.07% %
for Cotton, indicating a very low percentage error and high predictive accuracy.
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The consistently low MAPE values across this diverse range of crops firmly establish the reliability and effectiveness
of our proposed model. This strong performance can be attributed to key innovations in our methodology that were
not present in the comparative study, namely: the robustness of the ensemble approach, which mitigates the risk of
relying on a single architecture, and the integration of agronomically-timed weather data, which provided the

models with crucial predictive signals. These results validate our framework as a state-of-the-art approach for this
specific problem domain.

5.2 Graphical Results

Visual analysis of the prediction results provides further insight into the models' performance on the unseen test data
(Figure 1- Figure 3).

Best Model Prediction for Cashewnuts (MAPE: 6.53%)
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Figure 1. Actual vs. Predicted Prices for Cashewnuts using best performing model — GRU
For high-performing crops like Cashewnuts, the graphical results show that the champion model's predictions closely

track the actual price movements. The model successfully captures not only the long-term trend but also the smaller,
localized fluctuations, indicating a strong fit to the underlying data patterns.
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Mango-Raw-Ripe - SARIMAX Forecast (MAPE: 37.79%)
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Figure 2. MAPE Scores of SARIMAX Model for Volatile Crop: Mango — Raw Ripe
Best Model Prediction for Mango-Raw-Ripe (MAPE: 19.83%)
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Figure 3. MAPE Scores of Best Ensemble Model for Volatile Crop: Mango — Raw Ripe

In contrast, the plot for a volatile commodity like Mango demonstrates the challenges of forecasting in a noisy
environment. While the model may not capture every sharp spike and trough, it successfully identifies the general
directional trend of the price. The best performing Ensemble model also shows considerable improvement over the
SARIMAX Predictions with an improvement of 17.96%. This shows that even with lower accuracy, the model

provides valuable insight into the likely trajectory of the market, which is a significant improvement over a random
guess.
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Ensemble Model Accuracy by District for Cotton
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Figure 4. District Level Accuracy with Best Performing Ensemble Model for Cotton

The district-level analysis for Cotton, a key commodity, reveals significant performance disparities across different
regions of Tamil Nadu, as illustrated in Figure 4. The ensemble model achieved its highest accuracy in districts such
as Dharmapuri (88.13%) and Erode (87.79%), indicating that the price movements in these markets are well-
captured by the model's learned patterns and the included weather features. In contrast, the model's performance was
considerably lower in districts like Theni (61.94%) and Virudhunagar (57.96%).

This variation can be attributed to several potential factors. First, districts with higher accuracy may correspond to
major trading hubs with greater data availability and more stable, high-volume market dynamics, making their price
series more predictable. Second, the lower performance in some districts could suggest that their local prices are
influenced by factors not captured in the current feature set, such as localized demand, specific market interventions,
or different weather patterns not fully represented by the regional data. This analysis underscores the importance of a
district-level approach, as it not only validates the model's effectiveness in certain areas but also pinpoints regions
where further investigation and potentially more localized features are needed to improve forecast reliability.

5.3 Proposed Improvements
Based on the results and identifying limitations, several avenues for future work could further enhance the predictive
power of the framework.

e Advanced Ensemble Techniques: Better and more sophisticated ensemble methods like Stacking and
Weighted Averaging could be used to yield better results. A stacking ensemble model involves combining
predictions from many base ensemble models, with the main goal of using different models and combining
them. A weighted averaging ensemble model is an extension of averaging techniques that includes reducing
the total errors aggregating predictions from multiple results using various classifiers for each model.

o Expanded Feature Set: The ensemble model can be enhanced by incorporating many more external factors.
This includes economic indicators (e.g., inflation rates, fuel prices), market data (e.g., trading volumes),
additional weather data (e.g., humidity, soil conditions) and textual data from news articles, which could
be processed using Natural Language Processing (NLP) to generate market sentiment scores.
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e Real-Time Deployment: Deploying the findings of this product into a practical tool. That uses Weather
Data API to predict future prices for various crops by using trained models. Furthermore, expanding this
into a dashboard for farmers to use in real-time while planning their harvest for various crops to maximize
their potential profits.

5.4 Validation

The multi-faceted validation methodology using strict hyperparameter tuning data splitting protocols guaranteed our
finding’s robustness. By using lookback windows optimization, or in this case, n_steps, for every commodity, was a
key strategy to enhance predictions. It involved training and assessing distinct models with a range of lengths (7, 14,
21, 30, 60 days), which were taken when it was recognized that different crops show price trends over different time
horizons. For each crop, the champion model was chosen based on the n_steps value that produced the best accuracy
on the testing data. The crucial validation step was the finding of ideal temporal dependency length, which made sure
each model was tailored to best represent the distinctive features of its particular time series.

This tuning was made while adhering to a rigorous data partitioning plan. A train-test split was applied to optimized
models. In this case, the automated mechanisms of early stopping and learning rate scheduling relied on the validation
set to provide an objective performance benchmark during training. For the General Models, a dynamic train-test
split was used, with the n_steps tuning performed against the test set. In all scenarios, the final reported performance
was measured on a completely unseen test set, providing a reliable measure of each model's ability to generalize.
Finally, the significant and consistent outperformance of the deep learning models compared to the SARIMAX
baseline serves as a strong external validation of the core hypothesis—that these architectures are better suited for
capturing the complex dynamics of agricultural price data.

6. Conclusion

Our research successfully met all our objectives, by developing a comprehensive framework for district-level crop
price prediction in Tamil Nadu. The main goal of combining historical weather data along with crop price data tailored
to each crop’s unique lifecycle. The comprehensive comparative analysis conducted against a strong SARIMAX
baseline definitively demonstrated the superiority of deep learning models, with both GRU and LSTM architectures
proving highly effective at capturing the complex, non-linear dynamics of agricultural markets.

The ensemble containing general and optimized dee learning model predictions was constructed and validated, while
demonstrating superior predictive accuracy and robustness across a wide range of commodities. The project confirmed
that deep learning models could accurately predict non-linear crop prices with high accuracy, achieving exceptional
performance on stable crops like Garlic with an Accuracy of 97.48%, while still providing valuable directional insights
for more volatile commodities like Mango. Furthermore, this work provides a nuanced understanding of model
optimization, revealing that while advanced techniques improve performance on some datasets, simpler models can
be more effective for others, highlighting the data-dependent nature of model selection. A granular district level
analysis was performed on Cotton, which revealed trends where districts recognized as high-volume community
trading hubs consistently reported higher prices, confirming the direct correlation between market characteristics and
price levels. Ultimately, the results highlight the immense value of combining domain specific feature engineering
with sophisticated model architecture, providing tangible decision support for regional stakeholders and a substantial
contribution to the field.
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