’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 02 | Feb 2026

www.irjet.net

p-ISSN: 2395-0072

DEEPAGRIVISION: GRU-Based Predictive Analytics for Crop Yield and
Market Intelligence

N. Anjalil, Karne Charan Kumar 2, Basvoju Sharath Kumars3, Garrepalli Abhilash4, Goskonda
Rohith Reddy 5

14ssistant Professor, Department of Information Technology, TKR College of Engineering and Technology,
Telangana, India
2345Department of Information Technology, TKR College of Engineering and Technology, Telangana, India

Abstract - However, modern agriculture is increasingly
beset by uncertainties in terms of weather and environmental
changes, which makes precise forecasting more imperative
than ever. This project examines the potential of deep
learning, and more specifically, a GRU-based model, to
enhance crop yield prediction by learning from climatic data,
soil data, and past crop yields. The model analyzes raw
agricultural data through a sophisticated preprocessing and
time-series feature engineering process to produce robust and
informative inputs for the GRU model. After training, the
model predicts future crop yields and associated values, and its
accuracy is verified by RMSE, MAE, and R? measures to ensure
its reliability and accuracy. Through the demonstration of the
power of Al prediction in agriculture, this project will help
create a smarter agricultural ecosystem. Apart from
prediction, this project will help in the allocation of resources
and the risks associated with climate variability, leading to
improved food security.
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1. INTRODUCTION

Agriculture plays an important role in our daily lives, but it
is also one of the most affected sectors by changes in
weather and the environment. Farmers often have to make
important decisions without knowing how future conditions
will turn out, which can affect food supply, income. Having
the right information at the right time can make a big
difference.

Today, there is more data available than ever before,
including weather records, soil information, and past crop
yields. The main challenge is turning all this data into
something useful. This project focuses on doing exactly that
by using modern deep learning approach, specifically a GRU-
based model, to predict crop yields more accurately.

By studying patterns in climate and soil data over time, the
model can be trained relationships that are difficult to
capture with traditional methods. This can helps farmers and

planners better understand risks, plan ahead, and make
smarter decisions.

The project follows step by step process that starts with
cleaning and preparing raw data and training the model on
historical agricultural data. The model’s performance is then
evaluated using standard measures like RMSE, MAE, and R?
to ensure the predictions are reliable.

Despite the availability of large volumes of agricultural data,
most decision-making in farming still relies on intuition or
delayed historical analysis. Conventional statistical and
machine learning models often fail to capture long-term
temporal dependencies and nonlinear interactions among
climatic, soil, and market variables. As a result, prediction
accuracy degrades significantly under volatile conditions
such as irregular rainfall, climate anomalies, and market
fluctuations. This gap between data availability and
actionable intelligence highlights the need for advanced deep
learning approaches capable of extracting meaningful
temporal patterns from complex agricultural datasets.

Recurrent neural networks have shown promise in time-
series prediction; however, traditional RNNs suffer from
vanishing gradient problems when learning long-term
dependencies. Gated Recurrent Units (GRUs) address this
limitation through update and reset gates, enabling efficient
learning with reduced computational complexity compared
to LSTM models. This makes GRU particularly suitable for
agricultural forecasting, where datasets are large,
multivariate, and sequential in nature. By leveraging GRU
architecture, the proposed system achieves a balance
between prediction accuracy, training efficiency, and
scalability.

1.1 GRU Model Development

The objective of this project is to create an effective GRU
forecasting model that is capable of comprehending the
patterns of crop yields and prices. The GRU model is able to
analyze the data and learn the patterns that affect crop yields.
The use of the GRU model is effective because it is able to
provide accurate results compared to other models.

The core component of this project is the forecasting model
that is capable of analyzing data in order to provide future
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projections. The data provided by the forecasting model can
be used to make effective decisions in the agriculture sector.

In addition to yield prediction, the GRU model also supports
market intelligence by learning price movement trends
influenced by seasonal patterns, production volume, and
climatic variability. The model processes sequential inputs
using a sliding window mechanism, allowing it to understand
short-term fluctuations as well as long-term seasonal effects.
This dual capability enables the system to function not only
as a forecasting engine but also as a strategic decision-
support tool for farmers and agricultural stakeholders.

1.2 Motivation

The need for precise forecasting of crop prices is
becoming increasingly necessary in order to help and
support farmers, traders, and agricultural markets. Crop
prices directly affect the income and planning of farmers, but
they are also affected by unpredictable factors such as crop
supply, market trends, and weather conditions. Farmers can
decide on which crops to grow, when to sell them, and how
to deal with financial risks using the assistance of precise
crop price forecasts.

The complexity of the problem makes it difficult for
conventional models to deal with. Conventional models are
less reliable when the situation is rapidly changing, as they
tend to work on certain assumptions and trends. Therefore,
their predictions may not be accurate and may not consider
the unpredictability of the real world.

Beyond individual farmers, accurate agricultural
forecasting plays a critical role in stabilizing supply chains
and supporting policy-level planning. Government agencies,
cooperatives, and agri-markets require reliable insights to
manage storage, pricing policies, and food distribution. A
data-driven forecasting system powered by deep learning
can significantly reduce uncertainty across the agricultural
ecosystem, enabling proactive interventions instead of
reactive measures. This broader impact further motivates
the development of an intelligent, scalable forecasting
framework.

2. Proposed System

This model applies a GRU deep learning model to predict
what will happen in agricultural time series. It is not like
other models because it can identify complex relationships
between temperature, rainfall, humidity, soil, and past crop
growth. Since itapplies the GRU model’s gating mechanism, it
can learn seasonal patterns and short-term patterns. This
helps it to make accurate predictions.

To ensure that the data it employs is accurate, this model
employs a data cleaning process. This process removes
missing data, validates data consistency, and handles time

series data such as lag features and rolling statistics. This
model employs data from different sources such as weather
APIs, farm databases, and remote sensing. By employing all
this data, the GRU model is able to identify variables that
affect the growth of crops and other agricultural outcomes.
Moreover, the system has evaluation and deployment
components that can be used for practical implementation.
The performance of the models is checked using common
metrics like RMSE, MAE, and R? values. Visualization
components such as prediction graphs and the plots of
residuals can be used for understanding the output. The
system is developed in such a way that it is modular and
scalable, therefore it can be implemented on alocal machine,
and also it can be implemented on a cloud platform.

The proposed system has many crucial advantages. The
system is able to efficiently process complex agricultural
data by modeling the nonlinear and seasonal dependencies
between variables, which are difficult to capture using
traditional approaches. The system takes a comprehensive
approach to agricultural dynamics by considering
multivariate data from weather, soil, and yield sources, and
it is able to improve the accuracy of predictions. The
proposed system is suitable for different regions and types
of crops, and it only requires less modifications for new
environments. The system capability to work with live
weather data and enables real-time and future predictions,
which are used to make timely decisions related to
irrigation, harvesting, and risk management. Additionally,
the system use of user-friendly evaluation metrics and
flexible deployment capabilities ensures that the system is
useful for a wide range of users.

The proposed system follows a modular pipeline
architecture, ensuring clear separation between data
ingestion, preprocessing, model training, forecasting, and
visualization components. Such a design improves
maintainability and allows individual modules to be
enhanced or replaced without affecting the overall system.
This modularity also supports scalability, enabling the
system to adapt to new crops, regions, or data sources with
minimal structural changes.

2.1 System Architecture

This flow chart illustrates the procedure of a GRU-based crop
yield prediction model using agricultural time series data.
The procedure starts with the collection of raw data from
various sources, including temperature, rainfall, and
humidity, which make up the agricultural time series data.
The data is then processed using the preprocessing step,
where missing data is handled to ensure data quality.
Feature engineering is then performed to identify important
features like lag variables to represent temporal
relationships. The preprocessed features are then input into
the GRU network in the model component, where complex
patterns are learned to produce prediction results. The
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process concludes with the evaluation of prediction results
using metrics such as RMSE, MAE, and R? values to
determine accuracy and validity.
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Fig -1: Proposed System
2.2 Workflow

This flowchart represents the entire process of creating and
implementing a GRU deep learning model for agricultural
forecasting. The process starts with the loading of the raw
agricultural data, followed by data cleaning and
normalization to get the data ready for modeling. Then, time
series features are extracted to identify the temporal
patterns in the data.

The data is then split into training, validation, and testing
sets to properly evaluate the model. The GRU model is
created and compiled, and then it is trained using past
agricultural data to identify patterns associated with
agricultural yields or prices. After training, the model
forecasts future values. The accuracy of the model is then
checked using appropriate metrics to verify the correctness
of the forecasted values.

Finally, the results are shown and saved for future use,
marking the end of the entire agricultural forecasting
process.

This structured workflow ensures transparency and
repeatability across all stages of the forecasting process. By
systematically validating each phase—from data preparation
to model evaluation—the system minimizes error
propagation and improves prediction reliability. The
workflow design also facilitates future enhancements such
as automated retraining, real-time data ingestion, and multi-
step forecasting, positioning the system for real-world
agricultural deployment.

[ Load Raw agricultural dataset ]

[ Perfarm Data Cleaning and Normalization ]

[ Generate Time series Features ]

Split Dataset into train,
validation and test sets

[ Build and Compile GRU model I

[Train Madel with Historical data I

[ Make Forecast for future ime ]
steps

[ Evaluate Model Accuracy ]

|

[ Display and save results ]

Fig -2: System Architecture

3. Implementation
3.1 Data Preprocessing

The collected datasets were then cleaned and prepared for
analysis and modeling. Missing values were handled
carefully to ensure that there were no gaps in the data, while
outliers were removed to ensure that they did not affect the
performance of the model. The data was standardized to
ensure that errors and noise that could affect the learning
process of the model were eliminated. At the end of the
preprocessing phase, the data had been transformed to a
clean and trustworthy state, ready for feature engineering.

Missing values were handled carefully to ensure that there
were no gaps in the data, while outliers were removed to
ensure that they did not affect the performance of the model.
Numerical features were normalized and standardized to
ensure that they were on an equal scale. Additionally, the
data was carefully checked and synchronized to ensure that
all inconsistencies were eliminated.

3.2 Feature Engineering

The cleaned data was converted into a form of data that is
more informative to aid the model in understanding the
patterns that exist over time. New variables such as lag
variables, rolling statistics, and season variables were
introduced to the data to enable the model to understand the
trends and the past dependencies that exist in the data. This
step is greatly improved the accuracy of the forecast.

Features related to lag were developed to indicate historical
patterns of target variables, while rolling statistics were
developed to indicate both short-term and long-term
patterns. Seasonal features like month and week were also
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developed to indicate periodic patterns in the data. All the
features were carefully synchronized to avoid data leakage.

3.3 Training and Testing

The GRU neural network model was developed and trained
using the designed features to learn patterns from the past
agricultural data. The training of the model involved a series
of learning iterations for the model to adapt its parameters
in order to reduce the errors that existed in the predictions.
The validation sets and early stopping methods were used to
ensure that the model learned well without overfitting, in
order to make predictions on new data. The model was
optimized using hyperparameters, and the best model was
chosen for future predictions and analysis. After this stage,
the GRU neural network model had gained sufficient insight
into patterns in time to enable it to make accurate
predictions for agricultural variables such as crop yields and
other time-dependent variables.

The trained GRU model was tested on unseen data to
determine the accuracy of the predictions made on future
values. The predictions were then compared to the actual
historical values to determine both the strengths and
weaknesses. The performance metrics of MAE, RMSE, and R?
were used to determine the accuracy of the predictions
made. The residual analysis was used to determine the
errors made, and the results confirmed that the model had
met the performance criteria and was ready for use in real-
world applications.

To improve training stability and generalization capability,
multiple optimization strategies were employed during
model development. Batch normalization layers were
introduced to stabilize gradient flow and accelerate
convergence, while dropout layers were used to reduce
overfitting caused by high model complexity. The AdamW
optimizer was selected due to its adaptive learning rate and
effective weight decay handling, which helps prevent
excessive parameter growth. Early stopping based on
validation loss further ensured that the model retained
optimal weights without unnecessary training iterations.

3.4 Predicting and Forecasting

Using the trained GRU model and the input data available,
the primary purpose of this stage is to predict the future that
it will be helpful for. Even though more complex functions
such as multi-step prediction and the estimation of
confidence intervals are currently being developed, at this
stage, the only prediction that can be made is a single-step
prediction. The aim of making these predictions is to have
them be as accurate as possible and useful for planning and
decision-making.

The forecasting capability of the proposed GRU model
enables proactive agricultural planning rather than reactive

decision-making. By predicting future yield and price trends
based on recent observations, the system allows
stakeholders to anticipate market movements and
production outcomes. Even in its current single-step
forecasting configuration, the model provides valuable
short-term insights that can guide harvesting schedules,
storage planning, and pricing strategies. These predictions
form the foundation for future extensions into multi-horizon
forecasting.

3.5 Visualization and Saving Results

This stage is all about providing the predictions and
performance outcomes of the model in an organized and
presentable manner. Currently, primary visualization tools
such as actual vs predicted graphs have been incorporated to
give a first glimpse of how the model is performing.
However, more sophisticated visualization tools, such as
interactive dashboards and automated reporting
capabilities, are still being developed. Additionally, work is
being putinto improving the storage and organization of the
forecast output to ensure that the results can be easily
accessed and evaluated at a later date. The aim of this stage
is to provide a meaningful and polished visual experience for
the end-user.

Visualization plays a critical role in building trust in
predictive systems, especially in agriculture where users
may not have technical backgrounds. By presenting actual
versus predicted values and training-validation performance
curves, the system enables users to visually assess model
accuracy and learning behavior. Such interpretability
ensures that the forecasts are not treated as black-box
outputs, but as informed insights supported by observable
performance trends.

4. RESULTS AND DISCUSSION

The performance of the proposed GRU-based predictive
analytics system was evaluated using real agricultural
datasets containing climatic, soil, yield, and market-related
parameters. The effectiveness of the model was assessed
through both quantitative metrics and visual analysis to
ensure reliability, stability, and practical usability in real-
world agricultural decision-making.

4.1 Quantitative Performance Evaluation

To measure prediction accuracy, standard regression
performance metrics such as Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and the coefficient of
determination (R?) were used. MAE provides an intuitive
measure of the average absolute prediction error, while
RMSE penalizes larger errors more heavily, making it
sensitive to extreme deviations. The R? score indicates how
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well the predicted values explain the variance in the actual
data.

The obtained results show that the GRU-based model
achieves low MAE and RMSE values, indicating minimal
deviation between predicted and actual crop prices and
yield-related outputs. A high R? score further confirms that
the model successfully captures the underlying temporal
patterns and dependencies present in multivariate
agricultural time-series data. These results validate the
suitability of GRU networks for agricultural forecasting tasks
involving complex nonlinear relationships.

4.2 Training Stability and Model Generalization

The training and validation loss curves were analyzed to
evaluate the learning behavior and generalization capability
of the model. The observed curves exhibit smooth and
consistent convergence, with both training and validation
losses are decreasing steadily over successive epochs.
Importantly, no significant divergence between training and
validation loss was observed, indicating that the model does
not suffer from overfitting.

The use of regularization techniques such as dropout, batch
normalization, and early stopping contributed significantly
to stabilizing the learning process. Early stopping ensured
that training was halted once the validation performance
stopped improving, thereby preserving the optimal model
state. This behavior demonstrates that the model is capable
of generalizing well to unseen data, which is critical for real-
world agricultural forecasting applications.

4.3 Visual Analysis of Predictions

Visual inspection of the actual versus predicted plots
provides further insight into the model’s performance. The
predicted values closely follow the actual data trends across
most test samples, indicating strong predictive alignment.
Minor deviations observed at certain points can be
attributed to sudden changes in market behavior or extreme
climatic variations, which are inherently difficult to model
accurately.
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Fig -3: Training vs Validation Loss

The predicted versus actual crop price graphs clearly
illustrate the model’s ability to track seasonal fluctuations
and trend shifts over time. Similarly, the training versus
validation loss and MAE plots confirm stable learning and
consistent error reduction throughout the training process.
These visual results reinforce the quantitative findings and
increase confidence in the robustness of the proposed
system.
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Fig -4: Predicted vs Actual Crop Prices

4.4 Comparative Discussion with Traditional
Models

Traditional statistical and machine learning models such as
linear regression and ARIMA rely on strong assumptions
about data linearity and stationarity. While these methods
perform adequately under stable conditions, they struggle to
adapt to sudden variations caused by climate anomalies,
changing soil conditions, or market volatility.

In contrast, the GRU-based model demonstrates superior
adaptability due to its gated architecture, which selectively
retains relevant historical information while discarding
irrelevant noise. This enables the model to handle both
short-term  fluctuations and long-term seasonal
dependencies effectively. As a result, the proposed system
provides more reliable and consistent predictions under
dynamic agricultural conditions compared to conventional
approaches.

4.5 Practical Implications

The results highlight the practical usefulness of the proposed
system as a decision-support tool for farmers, traders, and
agricultural planners. Accurate forecasting of crop yield and
market trends enables better planning of planting schedules,
harvesting timelines, storage management, and pricing
strategies. By reducing uncertainty and improving foresight,
the system contributes to improved resource utilization and
reduced financial risk in the agricultural sector.
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Overall, the experimental results confirm that the proposed
GRU-based predictive analytics framework is effective,
stable, and suitable for real-world agricultural forecasting
and market intelligence applications.

Conclusion

This project ended up working pretty well with deep
learning for forecasting crop prices. It used old agricultural
and market data to spot patterns and trends that make
prices go up and down. I think that part was key because
without seeing those over time, its hard to predict anything
useful.

The preprocessing stuff and feature engineering helped a lot
too. They cleaned up the data so it was better quality, which
probably boosted how accurate the forecasts got. Not sure if
everything was perfect there, but it seemed to make a
difference.

When it came to the GRU model, that handled the sequential
data from farming really effectively. Experiments showed it
beat out older methods like Linear Regression and ARIMA.
You know, on metrics such as MAE, RMSE, and R squared.
The predictions matched the real values closely, which
confirms the whole approach is solid.

Sometimes though, trends in crop prices feel unpredictable,
even with this. The visualization part for market
optimization was interesting, but  might be oversimplifying
how it all ties together.

The visualization stuff in the system makes the results easier
to understand, you know, by showing forecasts in a way
that’s clear and not too complicated for regular people. It
helps out farmers and traders, even policymakers, when they
need to decide on things like planning crops or how to store
them, pricing, or when to get into the market. I think
accurate predictions like that cut down on all the guesswork,
and it probably boosts profits along the whole agricultural
chain.

Deep learning, especially with GRU networks, seems to have
alot of potential here for turning old school forecasting into
something smarter, more based on data for decisions. The
system feels scalable and flexible, so it could work for
different crops or areas without much trouble. This project
sets up a solid base, I guess, for more ideas in smart farming
and market analytics down the line.
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