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Achieving sustainable agricultural development, improving resource efficiency, and ensuring
sustainable food security are among the fundamental goals of the general agricultural policies of the
Islamic Republic of Iran. In this regard, the present study aims to design and develop a technological
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. enables continuous monitoring of crop status in Iranian regions. In addition to providing a data-driven
Smart agriculture, general

. .. . infrastructure for decision-making, this framework is aligned with the principles of general agricultural
agricultural policies, satellite, deep

. . policies, including improving water and soil productivity, improving the exploitation system, sustainable
learning, resource efficiency. o ) o )
rural development, and modernizing production based on indigenous knowledge and new technologies. The
developed model enables offline and low-cost monitoring in areas without communication infrastructure.
These achievements are a practical step towards realizing general agricultural policies, namely sustainable
development, self-sufficiency, modernization of the knowledge base, improving productivity, and

improving the livelihoods of rural people.
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Extended Abstract

Introduction

Agriculture is a strategic sector of the Iranian economy and plays a fundamental role in food security, sustainable
development, rural livelihoods, and the protection of natural resources. However, the agricultural sector in Iran faces
major challenges, including water scarcity, climate variability, fragmented farming units, inefficient resource use,
and weaknesses in agricultural data collection and monitoring systems. Traditional agricultural monitoring methods,
which largely depend on field surveys, sampling, and periodic administrative reports, are costly, time-consuming,
and insufficiently responsive to the requirements of modern evidence-based policymaking. The development of
remote sensing, unmanned aerial vehicles (UAVs), and artificial intelligence provides an opportunity to transform
agricultural monitoring from a predominantly conventional and descriptive process into an integrated, data-driven,
and predictive system. Satellite imagery, particularly Sentinel-2 multispectral data, provides broad spatial coverage
and regular temporal observations, whereas UAV imagery offers substantially higher spatial resolution and enables
detailed observation of field-level conditions. However, each source has inherent limitations when used independently.
The integration of UAV and satellite observations can therefore combine local spatial detail with regional and
temporal coverage. Against this background, this study aims to design and develop a technologically grounded and
context-specific framework for the modernization of Iran’s agricultural monitoring system. The proposed framework,
referred to as the “Hybrid Agricultural Network”, integrates high-resolution UAV imagery and Sentinel-2 multispectral
satellite data through a hybrid deep-learning architecture based on Convolutional Neural Networks (CNNs) and
Transformers. The central research question is how a multi-source deep-learning framework can be designed to
provide an accurate, scalable, and reliable system for intelligent agricultural monitoring under the diverse climatic
and infrastructural conditions of Iran. The study is also explicitly aligned with the General Policies of Agriculture
of the Islamic Republic of Iran, particularly the objectives related to sustainable agricultural development, resource
conservation, modernization based on knowledge and new technologies, improved water and input productivity, food
security, and the improvement of rural livelihoods.

Methods

The research employed a multi-source, multi-scale remote-sensing and deep-learning framework. The required data
were obtained from two principal sources: multispectral UAV imagery and Sentinel-2 satellite observations. UAV
data were collected using a Phantom 4 Pro equipped with a MicaSense RedEdge multispectral sensor, providing
high-resolution observations across five spectral bands in addition to RGB imagery. Sentinel-2 data, comprising 13
spectral bands with spatial resolutions of approximately 10-20 meters, were used to provide broader regional coverage
and regular temporal observations. The study was conducted in three provinces representing substantially different
agricultural and climatic conditions: Qazvin, Yazd, and Golestan. Qazvin represented a mixed rainfed and irrigated
agricultural environment, Yazd represented an arid region characterized by severe water constraints, and Golestan
represented a relatively humid and highly productive agricultural region. Ground-reference observations included
vegetation health indicators such as the Normalized Difference Vegetation Index (NDVI), chlorophyll content measured
by SPAD, Leaf Area Index (LAI), soil moisture, soil salinity, and actual crop yields. Field data were collected with
the participation of local farmers. Prior to model development, radiometric correction of UAV imagery, cloud masking
of satellite imagery using the Fmask algorithm, and precise spatial co-registration using ground control points were
performed. The proposed architecture consisted of two independent processing branches. The UAV branch employed
a CNN-based structure with approximately 23 million parameters and 50 layers to extract detailed spatial features,
while the satellite branch employed a Transformer-based structure with 12 attention layers, 768 hidden dimensions, and
approximately 86 million parameters to model broader spatial, spectral, and temporal dependencies. The two branches
were integrated at an intermediate stage through a cross-attention mechanism. The model was trained using the Adam
optimizer with a learning rate of 0.001, a batch size of 32, and 50 training epochs, while five-fold cross-validation
was employed for model validation. Model performance was assessed using Accuracy, mean Intersection over Union
(mloU), Fl-score, and Root Mean Square Error (RMSE). Statistical significance was examined using a t-test at a
significance level below 0.01. The proposed framework was compared with Random Forest, LSTM, Graph Neural
Network (GNN), ResNet-50, and ViT-Base Transformer models. In addition, the final model was deployed on an
NVIDIA Jetson Xavier NX edge-computing platform. Quantization and structural parameter reduction were used to
decrease computational requirements and enable offline and near-real-time operation in areas with limited Internet
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connectivity.

Results and Discussion

The empirical findings demonstrate the effectiveness of the proposed Hybrid Agricultural Network in integrating
complementary information from UAV and satellite observations. Across the three study provinces, the proposed
model achieved an overall classification accuracy of 91.4% =+ 1.2, an mIoU of 0.88, an Fl-score of 0.92, and an
RMSE of 0.42. In Qazvin, the model successfully distinguished wheat, barley, and maize fields, achieving an mloU of
0.89. In Yazd, the model accurately differentiated pistachio orchards, saline areas, and non-agricultural land, with
an Fl-score of 0.93. In Golestan, the identification of rice and rapeseed fields corresponded closely with ground
observations, reaching an accuracy of 92.1%. Comparative analysis showed that the proposed architecture significantly
outperformed the alternative models. The LSTM model achieved an accuracy of 83.7% =+ 2.1 and an RMSE of
0.58 tons per hectare, while the GNN achieved an accuracy of 85.9% =4 1.8 and an RMSE of 0.55. ResNet-50
obtained an accuracy of 85.2%, an Fl-score of 0.84, and an RMSE of 0.68, whereas ViT-Base achieved an accuracy
of 87.6%, an Fl-score of 0.87, and an RMSE of 0.55. Random Forest showed the lowest performance among the
compared approaches, with an accuracy of 82.1% and an RMSE of 0.91. The performance advantage of the proposed
model was statistically significant (p < 0.01). These findings suggest that the cross-attention mechanism provides
an effective means of exploiting the complementary spatial characteristics of UAV imagery and the broader spectral
and temporal information contained in satellite observations. The results further indicate that simple or conventional
data-fusion strategies may fail to fully capture the synergies between different spatial and temporal scales, whereas the
proposed hybrid CNN-Transformer architecture is better suited to modeling complex agricultural patterns. Beyond
technical performance, the results indicate potentially important operational and policy implications. The study reports
an average reduction of approximately 23% in water consumption, an 18-26% reduction in nitrogen and phosphate
fertilizer use, and a reduction of approximately 42% in field visits by agricultural experts. These outcomes suggest
that intelligent spatial monitoring can contribute to more targeted irrigation and fertilization, lower operational costs,
and more efficient use of scarce agricultural resources. Furthermore, deployment on the NVIDIA Jetson Xavier NX
demonstrated the feasibility of processing agricultural observations in environments with limited Internet connectivity.
Consequently, the proposed framework can potentially support crop-pattern planning, agricultural insurance, targeted
subsidies, water-resource management, crop monitoring, and evidence-based agricultural policymaking. From a policy
perspective, the findings demonstrate how advanced remote sensing and artificial intelligence can operationalize the
General Policies of Agriculture by connecting technological modernization with sustainable resource management, food
security, rural development, and data-driven governance.

Conclusion

This study developed and evaluated the Hybrid Agricultural Network as a context-specific framework for modernizing
agricultural monitoring in Iran. By integrating high-resolution UAV imagery with Sentinel-2 satellite observations
through a hybrid CNN-Transformer architecture and a cross-attention fusion mechanism, the proposed system
achieved superior performance compared with a range of conventional, recurrent, graph-based, and Transformer-based
benchmark models. The results obtained across Qazvin, Yazd, and Golestan demonstrate the potential of multi-source
deep learning to provide reliable agricultural information under heterogeneous climatic and production conditions. The
findings also indicate that the value of the proposed framework extends beyond classification accuracy. Its potential
contribution to reducing water and fertilizer consumption, decreasing field-monitoring requirements, and enabling
offline edge-based processing makes it particularly relevant to the infrastructural and environmental constraints of
Iranian agriculture. More broadly, the framework provides a technological foundation for evidence-based agricultural
governance by generating timely and spatially explicit information that can support crop-pattern planning, resource
allocation, agricultural insurance, subsidy targeting, and environmental management. Accordingly, the integration of
remote sensing, artificial intelligence, and agricultural expertise can contribute to translating the General Policies of
Agriculture from policy objectives into operational monitoring and decision-support mechanisms. Future development
should focus on incorporating Synthetic Aperture Radar (SAR) imagery, testing the framework on lower-cost hardware,
expanding the training dataset, and evaluating the system at the national scale. Such extensions could strengthen the
scalability, resilience, and practical applicability of intelligent agricultural monitoring in Iran.

Keywords: Smart agriculture, general agricultural policies, satellite, deep learning, resource efficiency.
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