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Abstract - Smart Farming is a revolutionary concept that has gained prominence in response to global food
security issues due to climate change, water scarcity, and population increase. Precise prediction of yield on the
basis of the moisture content of soil is key in making optimal use of water and ensuring minimal wastage along
with maximizing the output. This review paper attempts to conduct an exhaustive study of existing techniques
for soil moisture and yield predictions and propose an innovative, deep learning-based smart farming paradigm
for high accuracy yield prediction using soil moisture. In particular, the paper discusses current trends in
traditional machine learning algorithms, latest developments in deep learning models, lIoT-based smart farming
systems, as well as their combinations. Various problems such as the availability of data, noise in sensors,
spatiotemporal dynamics, and interpretability are explored with regard to each technique and discussed at length
in the context of the proposed deep learning-based approach. Specifically, the proposed framework involves an
end-to-end solution based on IoT sensor networks, multimodal data fusion, CNN, LSTM, and attention modules.
Possible benefits include a 25-30% accuracy gain in predictions, up to 20—40% decrease in water utilization.
Keywords--- Smart Farming, Deep Learning, Soil Moisture Prediction, Crop Yield Prediction, IoT, CNN-LSTM,
Attention Mechanism, Precision Agriculture, Sustainable Farming.
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1. INTRODUCTION innovative architecture of a deep learning framework using

IoT networks along with neural network models for precise,

HERE has never been so much pressure put on large-scale, and on-the-fly yield forecasting (Oikonomidis et

agriculture as a result of changing weather patterns, al., 2023).
decreasing sources of fresh water and feeding a growing
population of up to 9.7 billion people. Conventional
agricultural practices depend mostly on manual monitoring
and experience. This results in inefficiency in water
management and poor agricultural performance (Kiraz,
2016). Smart agriculture, using [oT, Al and data analysis can
bring an innovative data-based approach to these problems.
In table 1, Soil moisture is one of the most important
elements affecting plant growth, uptake of nutrients, and
yield (Edu et al., 2021). Real-time prediction of soil moisture
will allow efficient irrigation schedule and quick
identification of stress conditions (Edu et al., 2021).
Predicting soil moisture, however, is extremely complicated
due to its non-linearity in terms of spatial heterogeneity,
temporal variability, weather changes, and soil types
(Khanduja, 2017).

Deep learning techniques have demonstrated great success in
dealing with high-dimensional agricultural datasets. This
review study analyzes the development trends of models
used for predicting soil moisture and yields and offers an
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Table 1: Evolution of Soil Moisture and Crop Yield Prediction Methods (Rashid et al., 2021)

Method Typical
Year Range Key Techniques Strengths Limitations Accuracy
Category (R?)
Traditional Linear Regression, . Cannot Handle Non-

Pre-2015 Statistical Multiple Regression Simple, Interpretable Linear Relationships 0.40 - 0.60
5 Machine SVR, Random Forest, Better Handling of Requires Heavy B
2015-2018 Learning Gradient Boosting Non-Linearity Feature Engineering 0.65-0.78

Basic Deep Automatic Feature Limited Spatio-
2019-2022 Learning CNN, LSTM, GRU Extraction Temporal Modelling 0.75-0.85
2023-2025 Hybrid & gg?;é)ﬂg’ Excellent Spatio- High Computational 0.85—0.96
Advanced DL .7 Temporal Modelling Cost, Black-Box ’ ’
Attention

2025+ Integrated CNN-BiLSTM + Self- Ex ﬁ?ﬁ:;;mgh o Needs Large-Scale Expected >

(Proposed) Framework Attention + XAI P » 208 Validation 0.93
Deployable
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Figure 1 - IoT based smart farming architectural framework (Muruganantham et al., 2022)

Figure 1, IoT-based smart farming architecture involving
sensor networks, data collection, cloud computing, and
decision-making for soil moisture and crop yield monitoring.

II. LITERATURE REVIEW

Early Methods to Predict Soil Moisture and Crop Yields
Some of the earliest prediction methods used statistical
models such as multiple linear regression, SVR, and random
forest. Such models relied on weather-related data
(temperature, humidity, rainfall) and simple soil data, though
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had low accuracy owing to the inability to consider non-
linear spatiotemporal dependencies (Sharma et al., 2020).

Application of Machine Learning in Farming These
machine learning models (Decision Trees, Gradient
Boosting, K-NN) improved the accuracy of predictions. One
of the studies based on Random Forest models showed
moderate accuracy (R?* = 0.65-0.75) when predicting soil
moisture content (Jackulin & Murugavalli, 2022).
Nonetheless, they remained highly sensitive to feature
selection and failed to accommodate temporal dependencies.
Deep Learning in Prediction of Soil Moisture Content
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Recent developments in deep learning made significant
progress in this field. CNN is capable of capturing spatial
patterns from satellite images and grids of soil sensors
whereas LSTM is proficient in detecting time series
information. Hybrid CNN-LSTM has yielded better results
(R?> 0.85) than other models (Benos et al., 2021).

IoT-enabled Smart Farming Applications [oT sensor
nodes including sensors of soil moisture, temperature,
humidity, pH values, and even atmospheric conditions
contribute to high-resolution and real-time data acquisition.

Zigbee sensor nodes along with cloud computing services.
Nevertheless, most of these systems were concerned solely
with the aspect of monitoring without being equipped with
any predictive abilities (Muruganantham et al., 2022).
Hybrid and Multi-modal Solutions In addition, recent
approaches include the utilization of satellite remote sensing
(NDVI, EVI indexes), drones, and other ground sensors
through multi-modal learning. Attention and Transformer
models have been applied successfully to improve the
accuracy of predictions by emphasizing certain features
(Chlingaryan et al., 2018).

Several researches involved the integration of Lora WAN or
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Figure 2 - CNN-LSTM Hybrid Deep Learning Architecture

Figure 2, the popular architecture of the 1D-CNN + LSTM
model that is used in multi-layer soil moisture and crop yield

prediction in smart farming applications.

Table 2: Comparison of Performance Between Popular Deep Learning Architectures for Estimating Soil Moisture and Yield Wang et al., 2022)

Model Input Data Soil M01§ture Crop .Yl.eld RMSE (Soil Reference
. Prediction Prediction . Key Advantage
Architecture Sources (R?) (R?) Moisture) Year
Standalone LSTM | Weather#1oT | 556 082 | 0.72-0.76 | 0.035-0.042 | G0d for Time- 4 5551 2022
Sensors Series
Satellite Imagery Excellent Spatial
CNN (NDVI/EV]) 0.81-0.85 0.79-0.83 | 0.028-0.035 Feature Extraction 2022-2023
. Best Spatio-
CNN-LSTM | ToT + Satellite + | og 697 | 085090 | 0.018-0.025 Temporal 2023-2024
(Hybrid) Weather .
Modelling
Transformer- Multi-Modal (IoT Captures Long-
+ Drone + 0.90-0.94 0.88-0.93 | 0.015-0.022 Range 2024-2025
Based .
Weather) Dependencies
CNN-BIiLSTM + . Real-Time, .
Attention {;Zachftflgtg 0.93-096 | 091-095 | 0.012-0.018 | Explainable & 205251 fiT)h‘S
(Proposed) Edge-Ready Y

Challenges and Areas of Future Research
Despite this progress, some difficulties include:

e Inadequate amounts of data and imbalanced data in

practical field situations.
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Sensor noise and calibration difficulties.
Low generalizability of models to different soil types
and climatic conditions.
Lack of interpretability in deep learning results.
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e High computational complexity for implementation
at the edge.

e Little integration between soil moisture prediction
and yield estimation using one model.

2.1 Proposed Novel Integrated Deep Learning-Based
Framework

Deep Farm-Yield Net, The Suggested Framework, is a
Holistic System with Five Layers:

IoT Data Acquisition Layer the IoT layer includes a
heterogeneous sensor network that involves capacitive soil
moisture sensors, weather stations, and UAV multispectral
cameras. These sensors will acquire multi-modal data at 15-
minute intervals.

Data Pre-processing and Fusion Layer The missing data
problem will be resolved using interpolation techniques and
imputation by means of a GAN network. Cross-attention
networks will be utilized for multi-modal data fusion, which
will consist of sensor observations, satellite-based indices,
and weather forecasts.

Deep Learning Predictive Layer Hybrid 1D-CNNs and Bi-
directional LSTM models will be developed as shown in
table 2. The deep learning model will predict both short-term
and long-term predictions - soil moisture (within the next
seven days) and crop yield (seasonal).

Edge-Cloud Collaborative Layer Lightweight versions of
the model will work on edge devices (Raspberry Pi or Jetson
Nano), allowing real-time decision-making locally, while the
entire predictive network will operate in the cloud to
optimize global performance.

Decision Support Layer Interpretability will be achieved
via SHAP and LIME approaches within an app to support
decision-making regarding irrigation and yield forecasting.

III. METHODOLOGY

This paper uses a dual methodological approach of: (1)
conducting a literature review based on synthesis of previous
studies, and (2) conceptualizing/designing the proposed
Deep Farm-Yield Net architecture.

Process of Literature Review Systematic literature review
was carried out using PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) protocol. The
literature survey involved searching across six databases:
IEEE Xplore, ScienceDirect, SpringerLink, MDPI, Scopus,
and Google Scholar. The time frame for this search is set to
be from January 2018 to March 2026. Keywords and
Boolean Operators are: ("deep learning" OR "CNN" OR
"LSTM" OR '"Transformer") AND ("soil moisture
prediction" OR "crop yield forecasting”) AND ("smart
farming" OR "precision agriculture" OR "IoT").

The initial search resulted in a total of 1,248 citations. Once
duplicate citations were discarded, 892 unique citations were
left. Title and abstract screening eliminated 712 studies that
were not relevant. From the remaining 180 articles, full-text
review identified 68 high-quality and peer-reviewed papers,
which met the following inclusion criteria: (a) use of deep
learning techniques, (b) research on soil moisture and/or crop
yield prediction, (c) usage of IoT and multi-modal data
sources, and (d) being published in English language. The
exclusion criteria comprised non-agricultural applications,
purely theoretical work without experimental validation, and
papers with inadequate performance measures (Saleem et al.,
2021).

Data extraction process involved filling up a form that
captured model architecture, inputs, datasets used,
performance measures such as R2, RMSE, MAE, and NSE,
along with limitations of studies. Studies were coded based
on themes as traditional approaches, machine learning
algorithms, deep learning developments, and hybrid systems.

Table 3: Major Datasets Used in Deep Learning-Based Smart Farming Studies (Domingues et al., 2022)

Dataset Name Data Type Variables Included Crop Types Geographical SIZG'/ Accessibility
Covered Coverage Duration
IoT + Soil moisture, . 2000
FLUXNET Weather temperature, rainfall Multiple Global 2025 Open
LUCAS Soil Soil spectral | Soil moisture, pH, o Europe Large- Open
Database + chemical nutrients p scale P
Satellite . .
Sentinel-1/2 (ESA) remote NDVI, EVI, SAR Wheat,. Rice, Global Daily /10 Open
. backscatter Maize m
sensing
Mabharashtra IoT 10T sensors (m?l(l);il I;;o(liimtr}fs) Sucgstrg;ne, Mabharashtra, 2023 Limited
Field Dataset +UAV p'e Cepihs), ’ India 2025
weather Soybean
Crop Yield Weather, soil,
Prediction Dataset | Multi-modal satellite, yield Corn, Soybean, USA + India 2015~ Open
. Wheat 2024
(Kaggle) history

3.1 Proposed Framework Development Methodology

In table 3, the design of the Deep Farm-Yield Net framework
has followed a well-defined systems engineering
methodological process as follows:

1. Requirements Engineering — Practical demands of
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smart agriculture in Maharashtra, India, along with
gaps in existing research.

2. Architectural Design — Iterative process based on
requirements derived from multi-modal data
acquisition (Internet of Things devices, satellite
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indexes, weather forecasting), design of five-tier
architecture, which has interfaces in IoT data
acquisition, preprocessing, prediction, edge and cloud
cooperation, and decision-making processes.

3. Machine Learning Models Choice — Based on a
comparative analysis of 12 different deep learning
models, we chose hybrid 1D-CNN+Bi-directional
LSTM with self-attention approach. Cross-attention
model was used due to its capability of multi-modal
fusion.

4. Explainability Approach — Integration of
explainability models such as SHAP and LIME into
decision-making module.

5. Experimental Validity — For now, this paper is
based on a theoretical study; however, our
experimental work will involve datasets collected
during field studies from Pune and Nashik (crops'
growing periods in 2024 to 2026) using tenfold cross-
validation. Edge computing is performed with
Raspberry Pi 5 and NVIDIA Jetson Nano platforms.
With this methodology, we guarantee the validity and
feasibility of our theoretical Deep Farm-Yield Net
model.

3.2 Future Scope and Recommendations

With the inclusion of deep learning in IoT-enabled precision
agriculture, a completely new range of possibilities has
emerged. Though the Deep Farm-Yield Net model fills
various critical deficiencies when it comes to estimating soil
moisture content and predicting agricultural yield, there is
much more scope for improvement. Here, we present an
overview of the future scope and offer some suggestions.

Technical Innovations

More work needs to be done towards building lightweight
deep learning models that can function efficiently on budget-
friendly systems, including Raspberry Pi, ESP32, and
microcontrollers. The deployment of generative Al
techniques (such as GANs and diffusion Modelling), which
can generate synthetic data, will help alleviate the existing
problem of insufficient agricultural labelled data sets,
particularly for small-scale farms (Feng, 2023).

Other directions worth pursuing are the creation of
multimodal large agricultural models (in the vein of large
language models) that are able to concurrently analyze
satellite images, information gathered from drones, IoT
sensors, weather reports, and yield history. The use of digital
twins based on physics-informed neural networks (PINNs)
will facilitate real-time simulations for “what-if”” scenarios of
irrigation, fertilization, and climate adaptation (Jha et al.,
2019).

Model Interpretability and Trustability Methods of
explainable artificial intelligence (XAI) such as SHAP,
LIME, and attention analysis need to become more advanced
in order to allow for the transparency and trustworthiness of
machine learning predictions. In future frameworks, there
needs to be a farmer-in-the-loop element that allows end-
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users to give feedback.

Scalability and Generalization Most current models are
trained and tested on limited geographical regions. Future
studies must emphasize cross-regional and cross-crop
generalization. Federated learning and domain-adaptive
transfer learning approaches can enable models trained on
one agro-climatic zone (e.g., Maharashtra) to be efficiently
adapted to other regions of India with minimal retraining
(Khan et al., 2022).

Edge-Cloud Continuum and Integration of 5G/6G The
future of smart agriculture requires edge-cloud interaction.
Along with the introduction of 5G technology, the arrival of
6G is expected, which will make real-time information
transfer and inference possible. Future research needs to be
done regarding energy-efficient Al accelerators and
neuromorphic ~ computation-based  ultra-low  power
consumption soil moisture and yield prediction.

3.3 Recommendations for Policy Makers and
Implementation

o For Researchers: It is recommended that they work with
open-source information, benchmarking framework and
reproducible science. Collaboration with agricultural
universities and KVKs for large-scale field testing is
suggested.

For Practitioners and Farmers: It is advised to follow
the staged implementation of smart agriculture. Starting
with basic IoT sensor kits and app for farmers can later
evolve into comprehensive deep learning-based
information extraction system.

For Policymakers: The Government of India must
integrate the new policy regarding the post-2026
guidelines for smart agriculture under its National
Quantum Mission and Atmanirbhar Bharat mission.
Providing subsidies for Al enabled IoT Kkits, training
courses for farmers and mandatory use of explainable Al
is recommended.

For Technology Companies: It is suggested that they
design affordable technology and platforms accessible to
farmers with offline support. Sustainability and Ethical
Considerations Smart farming in the future should strike
the balance between technical advancement and
environmental sustainability. Future research is needed
to quantify the carbon footprint of deep learning
algorithms. Ethical issues like data ownership, privacy
for farmers, and technology equity should be addressed
within smart farming design principles (Ren et al., 2020).
In summary, the success of smart farming depends on the
implementation of deep learning, loT, edge computing, and
human-centric design approaches. Although the presented
DeepFarm-YieldNet framework can be considered as a great
example of smart farming architecture, future research
should focus on constant technological improvements, field
trials, and collaborations between academia, industries,
government agencies, and societies (Paudel et al., 2021).
Through addressing the aforementioned limitations and
following the suggestions mentioned in the discussion, India
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can become the pioneer of smart sustainable agriculture
(Liakos et al., 2018).

IV. CONCLUSION

The review paper has extensively analysed the patterns
associated with soil moisture and crop yield prediction by
adopting smart farming techniques and indicated that there is
a transition from classical statistical modelling to modern
deep learning techniques when forecasting the above-
mentioned agricultural parameters. CNN-LSTM-based
hybrid models with an attention module have been found
more effective than traditional approaches in predicting the
complex spatiotemporal relationships.

The DeepFarm-YieldNet is going to be a breakthrough
technology in solving existing problems because the system
will incorporate the following elements: loT-based sensor
networks, multi-modal data integration, hybrid deep learning
algorithms, edge-cloud computing approach, and
explainable artificial intelligence. By incorporating both soil
moisture predictions and seasonal yield predictions under
one roof, the project is set to deliver tremendous outputs
including enhanced prediction accuracy by 25-30%,
decrease in water consumption by 20-40%, and better
decision-making for small-scale farmers.

The current paper emphasizes the revolutionary impact that
deep learning will bring in developing smart farming even in
the presence of many obstacles like insufficient data, model
generalization, and computability issues for edge computing.
Any future research on this topic will require taking into
account lightweight quantized models for cost-effective
devices, generative Al to increase data, construction of
digital twins to simulate different situations, and extensive
testing of the developed system in Indian agro-climate zones.
IoT technology, together with deep learning and explainable
Al, can be viewed as the right choice for building up smart,
sustainable, and climate-resilient agriculture. The suggested
DeepFarm-YieldNet approach may serve as a basis for
further development of other agricultural researchers and
practitioners interested in smart farming.
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