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Abstract

The integration of deep learning and optimization techniques in
precision agriculture has significantly enhanced environmental
monitoring systems, particularly with the emergence of energy-efficient
wireless sensor networks. This paper presents a comprehensive review
of advanced deep learning approaches, focusing on optimized
Riemannian Residual Neural Networks (RRNNs) for precision
agriculture applications. RRNNs extend traditional residual neural
networks to non-Euclidean domains, enabling effective learning on
manifold-structured data commonly encountered in agricultural
environments such as spatial-temporal sensor data and environmental
variables. The incorporation of Low-Power Wide-Area Network
(LPWAN) technologies, particularly LoRa-based wireless sensor
networks, facilitates long-range communication with minimal energy
consumption, making them suitable for large-scale agricultural
deployments. These networks enable real-time monitoring of soil
moisture, temperature, humidity, and crop health parameters. This
review critically analyses recent advancements in deep learning models,
optimization strategies, and IoT-enabled architectures for smart
farming systems. It also explores the challenges associated with
computational complexity, energy efficiency, scalability, and data
heterogeneity. Furthermore, comparative analysis highlights the
superiority of hybrid models integrating Riemannian optimization and
residual learning techniques. The study concludes that optimized RRNN-
based frameworks, combined with LoRa-based WSNs, provide a
promising solution for sustainable and intelligent precision agriculture
systems.

Introduction
Precision agriculture has

emerged as a

result in inefficient resource utilization and
reduced crop yield. In contrast, precision

transformative paradigm aimed at enhancing
agricultural productivity while minimizing
environmental impact through the integration of
advanced technologies such as Internet of Things
(IoT), wireless sensor networks (WSNs), and
artificial intelligence. Traditional agricultural
practices often rely on manual monitoring and
generalized decision-making processes, which

© 2025 The Authors. Published by MRI INDIA.

agriculture leverages real-time data acquisition
and intelligent analytics to optimize irrigation,
fertilization, and pest control strategies. The
deployment of wireless sensor networks has
enabled continuous monitoring of environmental
parameters such as soil moisture, temperature,
humidity, and nutrient levels. Among various
communication technologies, LoRa-based
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wireless sensor networks have gained significant
attention due to their long-range communication
capabilities and low power consumption. These
characteristics make LoRa highly suitable for
large-scale agricultural fields where energy
efficiency and cost-effectiveness are critical. The
integration of such networks facilitates reliable
data transmission across vast geographical areas,
enabling farmers to make informed decisions
based on real-time insights.

Simultaneously, the rapid advancement of deep
learning techniques has revolutionized data-
driven decision-making in agriculture. Deep
neural networks, particularly convolutional
neural networks (CNNs) and residual neural
networks (Res Nets), have demonstrated
remarkable performance in tasks such as crop
disease detection, yield prediction, and soil
classification. However, conventional deep
learning models are primarily designed for
Euclidean data structures, limiting their
effectiveness when dealing with complex, non-
linear, and manifold-based agricultural data. To
address these limitations, geometric deep
learning approaches, including Riemannian
Residual Neural Networks (RRNNs), have been
introduced. These models extend traditional
neural networks to operate on non-Euclidean
spaces, enabling them to capture intrinsic
geometric relationships within the data. RRNNs
combine the advantages of residual learning—

such as mitigation of vanishing gradient
problems—with  Riemannian  optimization
techniques, resulting in improved learning

stability and performance.
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Figure 1. Deep Learning and LoRa-Based
Precision Agriculture Monitoring Framework

Furthermore, optimization plays a crucial role in
enhancing the efficiency of deep learning models,
particularly in resource-constrained
environments such as IoT-enabled agricultural
systems. Techniques such as gradient-based
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optimization on manifolds, network pruning, and
model compression have been widely adopted to
reduce computational complexity and energy
consumption. These methods ensure that deep
learning models can be deployed effectively on
edge devices with limited processing capabilities.
In addition to model optimization, the
integration of deep learning with IoT-based
architectures has led to the development of
intelligent environmental monitoring systems.
These systems utilize sensor data to detect
anomalies, predict environmental changes, and
automate decision-making processes. For
instance, smart farming frameworks combine
sensor networks, cloud computing, and Al
algorithms to provide real-time
recommendations for irrigation scheduling and
disease management.

Despite these advancements, several challenges
remain in the implementation of deep learning-
based precision agriculture systems. These
include issues related to data heterogeneity,
scalability, energy efficiency, and the need for
robust models capable of operating under
varying environmental conditions. Moreover, the
trade-off between model accuracy and
computational cost continues to be a critical
concern. Therefore, this review aims to provide a
comprehensive analysis of deep learning and
optimization approaches, with a particular focus
on optimized Riemannian Residual Neural
Networks in the context of LoRa-based wireless
sensor networks for precision agriculture. The
study highlights recent developments, identifies
research gaps, and proposes future directions for
developing energy-efficient and intelligent
agricultural monitoring systems.

Literature Review

Li et al. (2020) investigated the integration of
deep learning models with IoT-enabled wireless
sensor networks for precision agriculture
monitoring. The study focused on optimizing
environmental sensing using convolutional
neural networks (CNNs) for crop condition
analysis. Their proposed framework utilized
sensor data such as soil moisture, temperature,
and humidity collected through low-power
communication  networks. The  authors
emphasized  energy-efficient  transmission
mechanisms and applied lightweight deep
learning models to reduce computational
overhead. The results demonstrated improved
prediction accuracy of  environmental
parameters and efficient energy consumption in
large-scale agricultural fields. However, the
model was limited in handling complex non-
linear data distributions, indicating the need for
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advanced architectures such as residual or
manifold-based neural networks.

Zhang et al. (2021) proposed a LoRa-based
wireless sensor network integrated with deep
residual learning models for smart farming
applications. Their research highlighted the
importance of long-range communication in
agricultural environments and utilized residual
neural networks (Res Net) to process large-scale
environmental data. The study demonstrated
that residual connections significantly improved
model convergence and reduced vanishing
gradient  problems.  Additionally, LoRa
technology ensured low power consumption and
reliable data transmission across extended
agricultural areas. Despite these advantages, the
authors noted that traditional Res Net
architectures were not fully capable of capturing
the geometric structure of agricultural datasets,
suggesting the potential application of
Riemannian learning frameworks.

Kumar et al. (2021) explored energy-efficient
optimization strategies for loT-based
agricultural monitoring systems using deep
learning techniques. The study introduced a
hybrid optimization framework combining
gradient descent and evolutionary algorithms to
enhance model performance while minimizing
energy consumption. The authors implemented
their approach on sensor networks deployed in
agricultural fields and achieved significant
improvements in battery life and computational
efficiency. Their findings highlighted the
importance of optimization in deploying deep
learning models on resource-constrained
devices. However, the study primarily focused on
Euclidean optimization methods and did not
consider manifold-based approaches, which are
more suitable for complex environmental data.
Wang et al. (2022) introduced a geometric deep
learning  framework  for  environmental
monitoring using Riemannian manifold-based
neural networks. The study emphasized the
limitations of traditional neural networks in
handling non-Euclidean data and proposed a
Riemannian optimization-based approach for
improved feature representation. The model was
applied to agricultural datasets involving spatial-
temporal variations, demonstrating enhanced
accuracy and robustness compared to
conventional deep learning models. The authors
concluded that Riemannian learning techniques
are particularly effective in capturing intrinsic
data structures, making them suitable for
precision agriculture applications. However, the
computational complexity of the model posed
challenges for real-time deployment.

Singh et al. (2023) developed an advanced smart
agriculture framework integrating LoRa-based
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wireless sensor networks with deep residual
neural networks and optimization techniques.
The proposed system enabled real-time
monitoring of environmental conditions and
utilized deep learning algorithms for predictive
analysis. The study highlighted the role of
residual learning in improving model
performance and reducing training time.
Furthermore, optimization techniques such as
model pruning and quantization were employed
to enhance energy efficiency. The results
demonstrated significant improvements in
system scalability, prediction accuracy, and
energy consumption. However, the authors
suggested that further enhancements could be
achieved by incorporating Riemannian
optimization methods for better handling of
complex agricultural data.

Chen et al. (2020) proposed a deep learning-
based environmental monitoring system using
wireless sensor networks for precision
agriculture. Their study focused on integrating
Long Short-Term Memory (LSTM) networks to
capture temporal dependencies in agricultural
data such as soil moisture variation and climatic
conditions. The authors utilized low-power
communication protocols to ensure energy
efficiency across distributed sensor nodes. Their
results demonstrated improved forecasting
accuracy for environmental variables,
particularly in time-series prediction scenarios.
However, the model faced limitations in
capturing spatial relationships between sensor
nodes, highlighting the need for more advanced
architectures capable of handling both spatial
and geometric data structures.

Patel et al. (2021) developed an IoT-based smart
farming system integrating LoRa communication
with  machine learning algorithms for
environmental monitoring. The study
emphasized the importance of long-range, low-
power communication in agricultural
deployments and implemented classification
algorithms to predict crop health conditions. The
system showed improved scalability and reduced
energy consumption compared to traditional
wireless communication systems. However, the
use of conventional machine learning techniques
limited the model’s ability to process large-scale
and high-dimensional data, suggesting the need
for deep learning-based approaches, particularly
those incorporating residual and optimization
techniques.

Liu et al. (2022) introduced a Residual Neural
Network-based framework for analysing
agricultural sensor data collected from IoT-
enabled systems. The study demonstrated that
deep residual learning significantly improves
feature extraction and model convergence when



Deep Learning and Riemannian Residual Networks for Energy-Efficient Precision Agriculture Monitoring

dealing with complex environmental datasets.
The authors integrated their model with a cloud-
based architecture to process large volumes of
data efficiently. Experimental results showed
enhanced prediction accuracy for crop yield and
environmental conditions. However, the reliance
on centralized cloud processing increased
latency and energy consumption, indicating the
need for edge-based optimized models.

Sharma et al. (2022) proposed an energy-
efficient optimization model for wireless sensor
networks in precision agriculture using deep
learning techniques. The study introduced a
hybrid optimization algorithm combining
particle swarm optimization (PSO) and gradient-
based learning to improve network performance.
The authors focused on minimizing energy
consumption while maintaining high data
transmission reliability. Their findings revealed
that optimized routing and data processing
strategies significantly extend the lifetime of
sensor networks. Despite these advancements,
the study did not explore geometric deep
learning approaches, which could further
enhance model performance in handling non-
linear environmental data.

Ahmed et al. (2023) presented a deep learning-
driven smart agriculture system integrating
LoRa-based wireless sensor networks with
advanced neural network architectures. The
study utilized convolutional and residual
networks for real-time monitoring and
prediction of environmental conditions. The
authors incorporated optimization techniques
such as model compression and adaptive
learning to improve system efficiency. Their
results demonstrated high accuracy and reduced
energy consumption, making the system suitable
for large-scale agricultural deployments.
However, the study highlighted the need for
incorporating Riemannian optimization
frameworks to better handle manifold-
structured agricultural data and improve model
generalization.

Rodriguez et al. (2020) explored the application
of deep convolutional neural networks combined
with wireless sensor  networks for
environmental monitoring in agriculture. Their
study emphasized the integration of sensor data
with image-based analysis for crop health
assessment. The proposed framework utilized
multi-modal data inputs, including soil
parameters and aerial imagery, to improve
decision-making accuracy. The results indicated
significant improvements in crop disease
detection and environmental prediction.
However, the model required high computational
resources, limiting its applicability in real-time
and energy-constrained agricultural
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environments, thereby necessitating
optimization techniques and lightweight
architectures.

Gupta et al. (2021) proposed an energy-efficient
IoT-based agricultural monitoring system using
LoRa communication and deep learning models.
The study focused on optimizing data
transmission and reducing energy consumption
in sensor networks. The authors implemented a
hybrid deep learning model combining CNN and
LSTM for both spatial and temporal data analysis.
The system demonstrated improved prediction
accuracy and extended network lifetime.
However, the study primarily relied on
conventional optimization techniques and did
not consider Riemannian manifold learning,
which could further enhance the representation
of complex agricultural data structures.

Nguyen etal. (2022) introduced a geometric deep
learning approach for analysing agricultural
datasets using Riemannian manifold-based
neural networks. The study highlighted the
limitations of Euclidean-based models and
proposed a framework capable of capturing
intrinsic data geometry. The authors applied
their model to environmental monitoring data
and observed improved classification and
prediction accuracy. Additionally, the framework
demonstrated robustness against noisy and
incomplete data. Despite these advantages, the
model  exhibited  higher = computational
complexity, which poses challenges for
deployment in real-time IoT-based agricultural
systems.

Das et al. (2022) investigated optimization
techniques for enhancing the performance of
deep learning models in wireless sensor
networks. The study proposed a metaheuristic-
based optimization algorithm integrated with
neural networks to improve energy efficiency
and network lifetime. The authors evaluated
their approach on agricultural datasets and
demonstrated significant improvements in data
transmission efficiency and prediction accuracy.
However, the model lacked the capability to

handle non-linear manifold structures,
suggesting the integration of Riemannian
optimization techniques as a potential
enhancement.

Ali etal. (2023) developed an advanced precision
agriculture framework integrating LoRa-based
wireless sensor networks with deep residual
neural networks and optimization strategies. The
system enabled real-time monitoring and
predictive  analytics for  environmental
conditions. The study emphasized the
importance of combining residual learning with
optimization techniques such as pruning and
quantization to achieve energy efficiency. The
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results showed improved scalability and reduced
computational overhead. However, the authors
identified that incorporating Riemannian
residual learning could further enhance the
model’s ability to process complex agricultural
data and improve generalization performance.
Kim et al. (2020) investigated the use of edge
computing combined with deep learning for
energy-efficient environmental monitoring in
precision agriculture. The study proposed a
distributed architecture where data processing is
performed at the edge nodes rather than
centralized cloud servers. A lightweight
convolutional neural network was implemented
to analyse sensor data in real-time. The results
demonstrated reduced latency and improved
energy efficiency compared to cloud-based
systems. However, the model’s performance was
limited when handling complex non-linear
environmental patterns, indicating the need for
advanced architectures such as residual and
Riemannian neural networks for improved
representation learning.

Verma et al. (2021) presented an optimized
wireless sensor network model for smart
agriculture using machine learning and energy-
aware routing protocols. The study focused on
minimizing power consumption in LoRa-based
networks while maintaining reliable data
transmission. The authors implemented a hybrid
optimization approach combining clustering
algorithms and reinforcement learning to
enhance network efficiency. The findings
revealed significant improvements in network
lifetime and data reliability. However, the study
did not incorporate deep learning-based feature
extraction, limiting its ability to handle large-
scale and complex datasets effectively.

Hassan et al. (2022) proposed a deep residual
neural network model for environmental
monitoring in agriculture, focusing on improving
prediction accuracy and model stability. The
study utilized sensor data collected from IoT
devices and applied residual learning techniques
to overcome vanishing gradient issues. The
model achieved high accuracy in predicting
environmental parameters such as temperature
and humidity. Despite these improvements, the

study highlighted challenges related to
computational complexity  and energy
consumption, suggesting the need for

optimization techniques and manifold-based
learning approaches.

Banerjee et al. explored the use of metaheuristic
optimization techniques in deep learning
frameworks for precision agriculture. Their
hybrid approach combined genetic algorithms
with gradient-based optimization to improve
prediction accuracy while reducing
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computational cost and energy consumption in
sensor networks. Although the framework
demonstrated enhanced efficiency, it did not
consider the geometric structure of agricultural
data, limiting its ability to model complex
nonlinear relationships. El-Sayed et al. later
developed an IoT-based environmental
monitoring framework integrating LoRa
communication, residual neural networks, and
model compression techniques for energy-
efficient agricultural monitoring. Their study
demonstrated improved scalability and lower
energy consumption in large-scale deployments
while emphasizing the future importance of
Riemannian optimization methods for handling
non-Euclidean agricultural data structures.
Torres et al. investigated deep learning-based
environmental monitoring using wireless sensor
networks for precision agriculture. Their
framework integrated IoT sensing systems with
neural networks to predict soil and climatic
conditions across large agricultural areas.
Although prediction accuracy improved, the
study lacked optimization mechanisms for
energy-efficient deployment. Reddy et al
proposed a LoRa-based wireless sensor network
combined with machine learning algorithms for
real-time agricultural monitoring. Their work
highlighted the benefits of low-power wide-area
communication  networks in  improving
communication efficiency and reducing power
consumption; however, the framework relied
mainly on traditional machine learning methods
without advanced deep learning integration.
Park et al. introduced a convolutional neural
network-based predictive framework for smart
agriculture using IoT sensor data. The model
significantly improved predictive analytics and
crop monitoring performance but required high
computational resources. Ibrahim et al. later
proposed an optimized residual neural network
framework  with  adaptive  optimization
algorithms for environmental prediction and
reduced training complexity. Choudhary et al.
further integrated LoRa communication with
deep neural networks to develop an energy-
efficient precision agriculture system, though
advanced Riemannian learning approaches were
still absent from the framework.

Algahtani et al. (2022) explored the application
of geometric deep learning techniques in
agricultural monitoring systems. The study
proposed a Riemannian manifold-based neural

network  model to analyze complex
environmental datasets. The results
demonstrated  improved  accuracy  and
robustness compared to traditional deep

learning models. However, the computational
complexity of the model remained a challenge,
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particularly for deployment in real-time IoT
systems.

Mehta et al. developed an energy-efficient
precision agriculture system integrating LoRa-
based wireless sensor networks with deep
learning and model compression techniques to
improve scalability and reduce energy
consumption. Rahman et al. proposed a residual
learning  framework  for  environmental
monitoring that enhanced prediction accuracy
and training efficiency, though both studies
lacked  advanced Riemannian  learning
capabilities for nonlinear agricultural data
representation.

Bose et al. (2023) developed a hybrid
optimization framework combining deep
learning and metaheuristic algorithms for smart

results showed that hybrid optimization
techniques  significantly = enhance  model
performance. However, the framework did not
consider geometric deep learning approaches,
limiting its effectiveness in handling complex
environmental data.

Khan et al. (2023) presented an advanced
precision agriculture system integrating LoRa-
based wireless sensor networks with optimized
deep learning models. The study emphasized
energy-efficient monitoring and real-time data
analysis. The authors incorporated optimization
techniques such as pruning and quantization to
reduce computational overhead. The results
demonstrated improved scalability and system
performance. However, the study highlighted the
need for integrating Riemannian residual neural

agriculture applications. The study focused on networks to better capture the intrinsic
improving prediction accuracy and energy geometry of agricultural datasets.
efficiency in wireless sensor networks. The
Comparative Table
Study Yea | Technique Networ | Optimization Key Limitation
r Used k Type Method Contribution
Lietal. 202 | CNN WSN Basic optimization Improved No geometric
0 prediction learning
accuracy
Zhang et | 202 | ResNet LoRa Gradient Better No manifold
al. 1 WSN optimization convergence learning
Kumar et | 202 | DL + | IoT WSN | Hybrid optimization | Energy Euclidean
al. 1 Evolutionary efficiency limitation
Wang et | 202 | Riemannian | IoT Riemannian High accuracy | High
al. 2 NN optimization complexity
Singhetal. | 202 | ResNet + | LoRa Pruning/Quantizatio | Energy- No geometry
3 Optimization n efficient handling
system
Chenetal. | 202 | LSTM WSN Lightweight Time-series No spatial
0 optimization prediction learning
Pateletal. | 202 | ML Models LoRa Basic optimization Low  power | Low
1 communicatio | scalability
n
Liu et al. 202 | ResNet Cloud None High accuracy | High latency
2 IoT
Rodriguez | 202 | CNN IoT None Multi-modal High
et al. 0 analysis computation
Gupta et | 202 | CNN+LSTM | LoRa Basic optimization Hybrid No manifold
al. 1 learning learning
Nguyen et | 202 | Riemannian | IoT Manifold Better High cost
al. 2 NN optimization representation
Das et al. 202 | DL + | WSN Metaheuristic Improved No geometry
2 Metaheuristi efficiency
c
Alietal. 202 | ResNet + | LoRa Pruning Scalable Limited
3 Optimization system generalizatio
n
Kimetal. | 202 | CNN Edge Lightweight Low latency Limited
0 WSN complexity
handling

302




International Journal of Electrical, Electronics and Computer Systems

Verma et | 202 | ML+RL LoRa Reinforcement Energy-aware | No deep
al. 1 learning routing learning
Hassan et | 202 | ResNet [oT None High Energy
al. 2 prediction consumption
accuracy
Banerjee 202 | DL+GA WSN Hybrid optimization | Improved No geometry
et al. 2 performance
El-Sayed 202 | ResNet LoRa Compression Energy No
et al. 3 efficiency Riemannian
model
Ibrahim et | 202 | ResNet IoT Adaptive Fast learning No geometry
al. 2 optimization
Choudhar | 202 | DL LoRa Basic optimization Energy Limited
y etal. 2 efficient optimization
Algahtani | 202 | Riemannian | IoT Manifold High High
etal. 2 NN optimization robustness complexity
Mehta et | 202 | DL LoRa Compression Scalable No geometry
al. 3 system
Rahman 202 | Res Net IoT Optimization High accuracy | No manifold
etal. 3 learning
Boseetal. | 202 | DL + | WSN Hybrid Efficient No geometry
3 Metaheuristi prediction
c
Khanetal. | 202 | DL LoRa Pruning Energy No
3 efficiency Riemannian

Comparative Analysis

The comparative analysis of recent studies
demonstrates a clear progression in the adoption
of deep learning and optimization techniques for
precision agriculture systems. Early research
mainly focused on conventional deep learning
models such as convolutional neural networks
and long short-term memory networks for
environmental monitoring and prediction. These
approaches significantly improved classification
and forecasting accuracy but struggled to capture
complex nonlinear relationships and manifold-
based agricultural data structures. Later studies
introduced residual neural network
architectures, which enhanced convergence
efficiency and reduced vanishing gradient
problems, improving the stability and
performance of deep learning models in
agricultural applications.

Simultaneously, major advancements occurred
in wireless sensor network optimization.
Researchers integrated techniques such as
particle swarm optimization, genetic algorithms,
and evolutionary optimization to improve
network lifetime, resource utilization, and
energy efficiency. The introduction of LoRa-
based wireless sensor networks further
improved communication efficiency by enabling
low-power and long-range environmental
monitoring across large agricultural fields. These
systems supported scalable data collection and
real-time monitoring; however, most existing
frameworks still relied on conventional
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Euclidean-based deep learning models that were
limited in representing complex geometric
relationships within environmental datasets.
More recent studies explored Riemannian
manifold-based neural networks for handling
non-Euclidean agricultural data structures more
effectively. =~ These models demonstrated
improved robustness, accuracy, and feature
representation capabilities. However, high
computational complexity and limited edge
deployment optimization remain significant
challenges. Overall, the literature indicates a
strong need for unified frameworks integrating
Riemannian residual neural networks,
optimization techniques, and energy-efficient
LoRa communication systems for intelligent
precision agriculture.

Discussion

The reviewed literature demonstrates a
significant evolution in precision agriculture
systems through the integration of deep learning,
optimization techniques, and IoT-based wireless
sensor networks. Early approaches primarily
focused on conventional machine learning and
basic deep learning models, which improved
prediction accuracy but lacked scalability and
energy efficiency. The introduction of residual
neural networks addressed training challenges
such as vanishing gradients and enabled deeper
architectures for more accurate environmental
monitoring. Furthermore, optimization
techniques, including metaheuristic algorithms
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and model compression methods, have played a
crucial role in enhancing energy efficiency and
extending the lifetime of wireless sensor
networks. The adoption of LoRa-based
communication has further strengthened these
systems by enabling long-range, low-power data
transmission, making them suitable for large
agricultural deployments.

However, despite these advancements, a major
limitation across existing studies is the inability
to effectively model non-Euclidean data
structures inherent in agricultural environments.
Recent developments in Riemannian manifold-
based neural networks have shown promising
results in addressing this issue, but their high

computational complexity limits practical
deployment. Therefore, there is a critical need for
integrated frameworks that combine

Riemannian learning, residual architectures, and
optimization techniques to develop energy-

efficient, scalable, and intelligent precision
agriculture systems.

Conclusion

Precision agriculture has emerged as an
important solution for improving food
production, resource management, and
environmental sustainability. This review

analysed the integration of deep learning and
optimization techniques in environmental
monitoring systems using LoRa-based wireless
sensor networks and advanced neural network
architectures. Deep learning models such as
convolutional neural networks, residual neural

networks, and long short-term memory
networks have significantly ~ improved
environmental prediction and monitoring

accuracy. Residual learning techniques further
enhanced model stability and training efficiency
by addressing vanishing gradient problems.
However, conventional deep learning
approaches often struggle to represent complex
non-Euclidean agricultural data structures
effectively.

To address these limitations, Riemannian
Residual Neural Networks were introduced for
modelling nonlinear and manifold-based
agricultural data. These models demonstrated
improved robustness and prediction
performance but introduced higher
computational complexity  and energy
requirements. Optimization methods including
genetic algorithms, particle swarm optimization,
pruning, and quantization helped reduce
computational cost and improve deployment
efficiency on edge devices. LoRa-based wireless
sensor networks additionally enabled long-range
and low-power communication for real-time
agricultural  monitoring. Despite  these
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advancements, challenges related to scalability,
heterogeneous data  processing, energy
efficiency, and unified intelligent frameworks
still remain important concerns for future
precision agriculture systems.
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