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Abstract

Artificial Intelligence (Al), particularly deep learning, is transforming the agricultural sector
by offering novel approaches for crop price prediction and cultivation optimization. This paper presents a
comprehensive review of deep learning techniques applied in agricultural scenarios, including Recurrent
Neural Networks (RNN), Long Short-Term Memory (LSTM), Convolutional Neural Networks
(CNN), and hybrid architectures. The review focuses on the integration of multi-source agricultural
data—such as market prices, meteorological data, soil parameters, and satellite imagery—to build
predictive and prescriptive models. It highlights real world applications, technical challenges, and future
directions, emphasizing the potential of AI to enhance sustainable and data-driven farming.
Keywords: Artificial Intelligence, Deep Learning, Crop Price Prediction, Cultivation Planning,
Agriculture, LSTM, CNN, Smart Farming, Precision Agriculture

Introduction

Agriculture plays a critical role in economic development and food security. However,
it faces persistent challenges such as unpredictable market prices, inefficient resource
management, and climate variability. Traditional forecasting models lack the sophistication to
handle the multi dimensional, high-volume data generated in modern agricultural ecosystems.
Deep learning (DL), a subset of Al, provides advanced modeling capabilities that can process
structured and unstructured data for accurate forecasting and decision making. This paper aims
to review the deployment of DL techniques in agricultural price prediction and cultivation
planning, presenting recent developments, use cases, and opportunities for further research.

Literature Review

1. Traditional Models Classical statistical methods like ARIMA, linear regression, and
econometric models have long been employed for agricultural forecasting. These models
are effective in structured data but fall short in capturing complex temporal and spatial
dependencies [17.

2. Machine Learning Emergence The introduction of machine learning techniques such as
Decision Trees, Random Forests, and Support Vector Machines marked a significant leap
forward [27]. However, these models often require manual feature extraction and struggle
with scalability.

3. Rise of Deep Learning Deep learning models such as RNN, LSTM, and CNN can
automatically learn features and handle heterogeneous data sources. RNNs and LSTMs
are particularly effective for time-series price prediction, while CNNs are widely used in
analyzing satellite imagery and soil condition maps [37[4].

Data Sources in Agricultural AI Systems

1. Market Data: Historical prices of crops from government portals, mandi databases, and
commodity exchanges.

2. Weather Data: Temperature, rainfall, humidity, wind speed from services like NOAA or
Indian Meteorological Department (IMD).

8. Soil Data: Nutrient levels, pH, moisture, sourced via sensors or agricultural agencies.
Remote Sensing: Satellite imagery (e.g., Landsat, Sentinel-2) for vegetation indices like
NDVI, EVI.
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Deep Learning Architectures for Agriculture

1.  RNN and LSTM for Time-Series Forecasting LSTM networks, a variant of RNNs, are highly suited for time-dependent
data. Khaki and Wang [57 developed an LSTM-based yield prediction model for corn and soybean, demonstrating reduced
RMSE over linear models.

2. CNN for Image-Based Analysis CNN’s process spatial data effectively.

They are employed in image classification tasks for crop health, soil mapping, and weed detection. For instance, Rahnemoonfar

and Sheppard [67] trained CNNs to count tomato yields using synthetic images.

3. Hybrid Models Hybrid architectures combine CNNs for spatial feature extraction and LSTMs for temporal forecasting. You

et al. [7] proposed a Deep Gaussian Process model that integrates environmental and historical data for yield prediction.

Cultivation Planning and Optimization Deep learning aids in optimizing:

1. Irrigation Scheduling: Models predict water stress using multispectral imagery.

2. Fertilizer Application: DL estimates nutrient needs based on growth stages.

3. Pest and Disease Detection: CNNs trained on field images identify crop diseases with high accuracy.

4. Planting and Harvest Timing: LSTM models suggest optimal windows based on historical climate and yield data.

Applications and Case Studies

1. India: AgriTech startups like CropIn and AgNext use Al for soil analysis and price prediction.
2. USA: PrecisionHawk uses DL to analyze drone imagery for field planning.

3. Africa: DL-based mobile applications support smallholder farmers with real-time advisory.

Challenges and Limitations

Data Availability: Lack of high resolution, annotated datasets for rural areas.
Computational Resources: DL models require GPUs and large memory for training.
Interpretability: Black-box nature of DL poses issues for stakeholder trust.
Adoption Barriers: Digital illiteracy and affordability among small-scale farmers.
Future Research Directions

Federated Learning: Privacy preserving models for decentralized agricultural data.
Explainable Al: Techniques to enhance DL model transparency.

S T A I

Real-Time IoT Integration: Linking DL models with sensor networks for on-the-go predictions.

©

Policy Support: Government backing for Al-based advisory systems in local languages.

Conclusion:

Deep learning technologies offer transformative potential for addressing key challenges in agriculture. From price
prediction to cultivation optimization, Al models enhance precision, reduce waste, and improve yields. However, realizing these
benefits requires collaborative efforts in infrastructure, policy, and research.

Acknowledgement

The author sincerely acknowledges the support and encouragement provided by Padmashri Vikhe Patil College of Art, Science and
Commerce, Loni-Pravaranagar (MS), India, for facilitating an academic environment conducive to research. Special thanks are
extended to the faculty members and colleagues for their valuable guidance, constructive suggestions, and continuous motivation
throughout the preparation of this review paper.

Financial support and sponsorship
Nil

Conflicts of interest
The authors declare that there are no conflicts of interest regarding the publication of this paper.

References:

1. Box, G.E.P, Jenkins, G.M,, and Reinsel, G.C,, "Time Series Analysis: Forecasting and Control,"Wiley,2015.

2. Breiman, L., "Random Forests," Machine Learning, vol. 45, pp. 5-32, 2001.

3. Kamilaris, A., and Prenafeta-Boldd, F.X., "Deep Learning in Agriculture: A Survey," Computers and Electronics in
Agriculture, vol.147,pp.70-90,2018.
LeCun, Y., Bengio, Y., and Hinton, G., "Deep Learning," Nature, vol. 521, pp. 436— 444, 2015.

5. RKhaki, S., and Wang, L., "Crop Yield Prediction Using Deep Neural Networks,” Frontiers in Plant Science, vol. 10, p. 621,
2019.

6. Rahnemoonfar, M., and Sheppard, C., "Deep Count: Fruit Counting Based on Deep Simulated Learning," Sensors, vol. 17, no.
4, p.905,2017.

7. You, J, Li, X., Low, M., Lobell, D., and Ermon, S., "Deep Gaussian Process for Crop Yield Prediction Based on Remote
Sensing Data," AAAI 2017.

8. Kamilaris, A., Kartakoullis, A., & Prenafeta-Bold4,I*.X.(2017).“A review on the practice of big data analysis in
agriculture.”Computers and Electronics in Agriculture, 143, 28-37. https://doi.org/10.1016/j.compag.2017.09.03



- CompSci Journal
(@fppsq Double Blind Peer Reviewed, Open Access International Research Journal.

X=-" |SSN: 3067-3089 Website: https://csjour.com | Volume-1, Issue-6 | December- 2025

Liakos, K. G. et al. (2018). “Machine Learning in Agriculture: A Review.”Sensors,18(8),2674.https://doi.org/
10.8390/518082674

Pantazi, X. E., Moshou, D., & Tamouridou,A.A.(2016).“Automated leaf disease detection in different crop species through
image features analysis and One ClassClassifiers.”Computers and Electronics in Agriculture, 130,91-99.
https://doi.org/10.1016/j.compag.2016.10.00 5

Chlingaryan, A., Sukkarieh, S., & Whelan,B.(2018).“Machine learning approaches for crop yield prediction and nitrogen
status estimation in precision agriculture:Areview.”Computers and Electronics in Agriculture, 151,61-69.
https://doi.org/10.1016/j.compag.2018.05.01

Russello, G., & Vassilev, A. (2020). “Privacy and Security Challenges in Al EnabledAgriculture.” IEEE Security & Privacy,
18(8), 76—79. https://doi.org/10.1109/MSEC.2020.297410

Feng, Q., Liu, J., & Gong, J. (2015). “Urban Flood Mapping Using Remote Sensing Data Based on Support Vector Machine.”
IEEE Transactions on Geoscience and Remote Sensing, 53(8), 4407—4419. (Useful methodology reference for image based
DL in agriculture.)

Kussul, N., Lavreniuk, M., Skakun, S., & Shelestov,A.(2017).“Deep Learning Classification of Land Cover and Crop Types
Using Remote Sensing  Data.” IEEE Geoscience and Remote Sensing Letters,14(5),778—
782.https://doi.org/10.1109/LGRS.2017.268 1128

Zhang, X., Wang, L., Duan, Y., & Ma, J. (2022). “Crop Yield Prediction Using Deep Neural Networks with Attention
Mechanisms.”IEEE Access, 10, 11256— 11267.https://doi.org/10.1109/ACCESS.202 2.8147510



