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Abstract
Monitoring crop growth is crucial for sustainable food production, land use efficiency, and agricultural policy. Remote sensing approaches using radar and optical sensors have emerged as significant for obtaining crop-related information. Synthetic aperture radar (SAR) is increasingly important in agricultural surveillance due to its weather-independent, cloud cover-independent, and daylight-independent capabilities. SAR is used for crop assessment, acreage mapping, natural disaster damage assessment, land classification, crop harvesting, soil quality estimation, and aquaculture structure mapping. The research on SAR satellite systems has demonstrated the potential for agricultural applications. This is achieved by utilizing the distinct polarimetric signature of different scatterers, as SAR is highly sensitive to agricultural targets' geometric designs and dielectric characteristics. Additionally, SAR possesses the unique ability to penetrate specific agricultural targets, but some areas that require improvement include the temporal and spatial resolution of SAR sensors. Recently, there have been notable improvements in SAR remote sensing devices, leading to a considerable increase in the available SAR data sources (Sentinel series, RADARSAT series). The accuracy of crop classification and the extraction of parameters using SAR data has shown steady advancements. Integrating deep learning with SAR data has improved the accuracy of soil moisture and yield estimation. Also, an ensemble of SAR and ORYZA2000 has proven to increase the accuracy of yield prediction. Nevertheless, the progress of modern agriculture has required more significant standards for SAR remote sensing. This research aims to provide a comprehensive overview of recent advancements, challenges, and potential future directions of SAR technology for agriculture. There will be scope for extensive research on agriculture remote sensing in the future, specifically focusing on integrating SAR and optical remote sensing data. 
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1. Introduction
1.1. Background
In agriculture's vast and dynamic world, technological advancements have consistently played a pivotal role in enhancing productivity and sustainability. Among these innovations, synthetic aperture radar (SAR) emerges as a revolutionary tool, offering unprecedented capabilities in monitoring and managing agricultural resources. SAR technology transcends the limitations of traditional optical remote sensing by providing high-resolution images regardless of weather conditions or daylight availability (Arii et al., 2019; Liu et al., 2019; Singh et al., 2023). Its importance in agricultural applications cannot be ignored, particularly in crop monitoring, soil moisture inversion, and vegetation coverage analysis, where timely and accurate information is crucial for decision-making and yield optimization (Liu et al., 2019; Singh et al., 2023).
This article focuses on the multifaceted applications of SAR in agriculture, highlighting its advantages over conventional methods. It covers a brief overview of SAR, bibliometric analysis, crop identification, and planting area statistics, facilitated by SAR's unique ability to produce detailed SAR images for precise crop type mapping and crop parameter estimation. Further, the discussion extends to crop yield estimation, a critical aspect of agricultural planning and forecasting, where SAR's advanced data collection techniques substantially improve accuracy (Arii et al., 2019; Chen et al., 2024; Zebker et al., 1991). Additionally, challenges and limiting factors in the broader adoption of SAR technology will be examined alongside future innovations that promise to enhance its effectiveness in crop change detection and crop growth monitoring. Through these discussions, the article provides a comprehensive overview of SAR's role in revolutionizing agricultural practices, from unmanned aerial vehicles to large-scale crop classification and monitoring.
1.2.  Brief overview of synthetic aperture radar (SAR)
Synthetic Aperture Radar was first developed in the 1950s, with significant contributions from Carl A. Wiley, a mathematician at Goodyear Aircraft Company (Ferro-Famil & Pottier, 2016). Wiley's innovation laid the groundwork for SAR technology by utilizing the movement of the antenna to simulate a larger antenna, thus overcoming the limitations imposed by the physical size of traditional radar antennas (Shi et al., 2017). The need for improved surveillance capabilities during the Cold War era primarily drove this early development. The first experimental SAR systems were airborne, and the technology evolved through various stages of advancement facilitated by both military and civilian research efforts. Over the years, the technology has transitioned from airborne platforms to spaceborne applications, significantly expanding its reach and impact (Chen et al., 2024; Shi et al., 2017). 
[bookmark: _Hlk168496668]Synthetic Aperture Radar (SAR) is a kind of active data collection in which a sensor creates energy and measures the energy reflected from the Earth. SAR and optical imaging interpretations differ. SAR data is sensitive to surface factors like structure and moisture; therefore, it must be interpreted differently than optical images (Carrillo et al., 2024). Synthetic Aperture Radar (SAR) systems have revolutionized Earth observation by providing high-resolution, all-weather, day-and-night imaging capabilities. Digital signal processing and antenna design advancements have significantly enhanced SAR systems, enabling unprecedented image detail. A key breakthrough was the development of InSAR, which uses phase information to measure land surface topography changes with high precision (Cloude & Pottier, 1997). Integrating SAR with optical and thermal imaging has improved the accuracy and comprehensiveness of Earth surface monitoring. Recent miniaturization has allowed SAR deployment on small UAVs, expanding its accessibility for urban planning and disaster response applications. These ongoing developments underscore SAR technology's growing importance and versatility in remote sensing and Earth observation (Zebker et al., 1991; Liu et al., 2019)
The spatial resolution of SAR data is intricately linked to the ratio of the sensor's wavelength to the length of the antenna. To achieve high-resolution data, SAR employs a technique known as the synthetic aperture, where multiple data acquired from a shorter antenna are combined to simulate a much larger antenna. This method allows SAR to generate high-resolution images with relatively small physical antennas, making it an invaluable tool in various applications, including agriculture, environmental monitoring, and military surveillance. Over the past 15 years or so, governments and space agencies have shifted their focus to larger wide-swath SARs with free and open data, while finer spatial and temporal resolutions of smaller constellations of SAR satellites are provided commercially by private companies with fee (Shi et al., 2017; Chen et al., 2024). Key SAR systems are utilized across various platforms, including airborne and spaceborne systems, operated by various countries and organizations. Details (platforms, frequencies, modes, and active years) of SAR systems important to agricultural applications are described below (Araujo-Carrillo et al., 2024; Chen et al., 2024; Shi et al., 2017). 
1. Convair-580: The Convair-580 is a modified aircraft used by the National Aeronautics and Space Administration (NASA) and other organizations for airborne remote-sensing missions. It is equipped with various radar and optical sensors, serving as a testbed for developing and validating new radar technologies. The versatility of the Convair-580 allows it to conduct a wide range of scientific studies, including environmental monitoring, geological mapping, and disaster assessment. The aircraft has been active since the 1980s and remains a vital research asset.
2. AirSAR: AirSAR (Airborne Synthetic Aperture Radar) was an airborne radar system operated by NASA. Active from 1988 to 2004, AirSAR featured multi-frequency capabilities in L-band, C-band, and P-band, along with polarimetric modes. This versatility allowed for detailed analysis of surface and subsurface features, contributing significantly to understanding vegetation, ice studies, and topographic mapping. AirSAR was instrumental in developing and testing SAR techniques that paved the way for future spaceborne SAR missions.
3. UAVSAR: Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) is an airborne radar system developed by NASA. It operates in the L-band and is designed for precise repeat-pass interferometry. Mounted on a Gulfstream III aircraft, UAVSAR has been operational since 2008 and is used to study surface deformation, ecosystem structure, and ice dynamics. Its modular design allows for rapid deployment and reconfiguration for various scientific missions, providing critical data for earthquake response, subsidence monitoring, and forest biomass estimation.
4. E-SAR/F-SAR: The Experimental Synthetic Aperture Radar (E-SAR) and its successor, F-SAR (Flexible Synthetic Aperture Radar), are airborne radar systems developed by the German Aerospace Center (DLR). E-SAR, operational since the 1980s, and F-SAR, introduced later, offer multi-frequency capabilities in L-band, C-band, X-band, P-band, and polarimetric modes. These systems are extensively used for environmental monitoring, glacier studies, and urban mapping, supporting the calibration and validation of satellite missions and developing advanced SAR techniques.
5. SIR-C/X: The Shuttle Imaging Radar-C/X-band Synthetic Aperture Radar (SIR-C/X) were radar instruments flown on Space Shuttle missions in 1994. Managed by NASA and international partners, SIR-C/X operated in multiple frequency bands, including L-band, C-band, and X-band, providing multi-polarization data. These missions aimed to study Earth's environment and surface processes, contributing invaluable data for understanding vegetation, soil moisture, and geological formations. SIR-C/X significantly advanced the knowledge of radar remote sensing and laid the groundwork for future SAR missions.
6. ERS-1/2: The European Remote Sensing Satellites (ERS-1 and ERS-2) were launched by the European Space Agency (ESA) in 1991 and 1995, respectively. Equipped with C-band SAR, they provided continuous radar imagery for nearly two decades. ERS-1/2 supported many applications, including oceanography, ice monitoring, and land surface studies. Their data have been crucial for understanding environmental changes and developing SAR interferometry techniques, paving the way for subsequent European SAR missions such as Envisat and Sentinel-1.
7. ASAR: The Advanced Synthetic Aperture Radar (ASAR) was a key instrument on ESA's Envisat satellite, launched in 2002. In the C-band, ASAR offered multiple imaging modes and polarizations, enhancing its versatility for various applications. It provided critical data for monitoring sea ice, land use, and environmental changes. ASAR's ability to detect surface deformation made it valuable for studying earthquakes and subsidence. The mission's data have been instrumental in advancing Earth observation techniques and supporting global environmental monitoring efforts until its decommissioning in 2012.
8. JERS-1/2: The Japanese Earth Resources Satellite-1 (JERS-1), launched in 1992 by the Japan Aerospace Exploration Agency (JAXA), was Japan's first satellite to carry a SAR instrument, operating in the L-band. It provided valuable data for forestry, agriculture, and disaster monitoring. Although its successor, JERS-2, was never launched, JERS-1's contributions significantly enhanced the understanding of SAR applications in resource management and environmental monitoring. The mission laid the foundation for subsequent Japanese SAR missions, including the Advanced Land Observing Satellite (ALOS) PALSAR.
9. RADARSAT-1: RADARSAT-1, launched by the Canadian Space Agency (CSA) in 1995, was a pioneering C-band SAR satellite designed for all-weather Earth observation. It provided data for various applications, including agriculture, forestry, disaster management, and ice monitoring. RADARSAT-1's versatility and high-resolution imaging capabilities made it a valuable tool for scientific research and operational use. The mission's success demonstrated the effectiveness of spaceborne SAR for environmental monitoring and paved the way for its successor, RADARSAT-2.
10. TerraSAR-X: TerraSAR-X, launched in 2007, is a high-resolution X-band SAR satellite developed by DLR and Airbus Defence and Space. It provides detailed imagery for scientific and commercial applications, including urban planning, environmental monitoring, and disaster assessment. TerraSAR-X offers multiple imaging modes and high geometric accuracy, making it ideal for generating digital elevation models (DEMs) and mapping surface changes. Its data have been instrumental in advancing remote sensing techniques and supporting global Earth observation efforts.
11. SAOCOM: Satellites for Observation and Communication (SAOCOM) is an Argentinian SAR mission with two satellites, SAOCOM 1A and 1B, launched in 2018 and 2020. Operated by the National Commission on Space Activities (CONAE), these satellites feature L-band SAR, providing data for agriculture, forestry, and disaster management. SAOCOM's ability to monitor soil moisture and surface deformation is precious for precision farming and natural disaster response. The mission contributes to global Earth observation by offering complementary data to other SAR missions, enhancing overall monitoring capabilities.
12. Sentinel-1: Sentinel-1, part of ESA's Copernicus program, consists of two satellites, Sentinel-1A and 1B, launched in 2014 and 2016. Equipped with C-band SAR, they provide all-weather, day-and-night Earth observation. Sentinel-1 supports various applications, including environmental monitoring, maritime surveillance, and disaster response. Its high revisit frequency and wide swath coverage ensure timely and comprehensive data. Sentinel-1 has become a cornerstone of global Earth observation, providing critical information for managing natural resources and responding to emergencies.
13. NISAR: The NASA-ISRO Synthetic Aperture Radar (NISAR) is a collaborative mission between NASA and the Indian Space Research Organisation (ISRO), scheduled for launch in 2024. It will carry L-band and S-band SAR instruments, providing high-resolution, all-weather Earth observation. NISAR aims to monitor global environmental changes, including deforestation, ice dynamics, and natural disasters. Its dual-frequency capability enhances the ability to study diverse surface features and processes, making it a key mission for advancing Earth observation science and supporting sustainable development.
14. PredaSAR: PredaSAR is a U.S.-based company developing a constellation of SAR satellites to provide high-resolution, all-weather Earth observation data. These X-band satellites, expected to launch in 2024, are designed for various applications, including defence, environmental monitoring, and infrastructure management. PredaSAR's innovative approach combines advanced SAR technology with a commercial business model, offering on-demand imagery and data services. The mission aims to support timely decision-making and improve understanding of dynamic processes on the Earth's surface.
2. Application of Synthetic aperture radar (SAR) data in Agricultural
2.1.  Bibliometric Analysis 
Bibliometric studies, often used for big datasets, aim to look at existing research to find hidden patterns in how information is shared and to understand how fields of study are evolving (Rejeb et al., 2022). The publishing output of studies conducted on remote sensing for precision agriculture till 2023 was analyzed using the SCOPUS, PubMed, and Web of Science datasets. The keywords selected for the publication search were 'Synthetic Aperture Radar' or ‘SAR’, 'Agriculture', and 'Remote Sensing'. Between 1978 and 2023, a total of 1516 unique publications were found focusing on the application of Sar technologies for various agricultural purposes. Figure 1 illustrates the trends in the number of research studies related to applying Synthetic Aperture Radar (SAR) in agriculture from 1978 to 2023. Initially, the number of research studies remained relatively low and stable, with minor fluctuations until the early 2000s. A notable increase in research activity was observed around 2010, indicating a growing interest and advancements in SAR technology and its agricultural applications. This upward trend peaks between 2015 and 2020, reflecting heightened research activity and possibly significant technological breakthroughs or increased funding in this field. After 2020 suggests either a saturation point in research, a shift in academic focus, or external factors affecting research output. This historical data highlights the evolving landscape of SAR research in agriculture, showcasing periods of growth and decline in scholarly output. Sishodia et al. (2020) analyzed studies on the increase in the application of SAR techniques in precision agriculture from 2015 to 2020.
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Figure 1. Historical Analysis of Annual Numbers of Publications.
The association of keywords within the selected timeframe of 1978 to 2023 is shown in Figure 2. All keywords were checked for co-occurrence using the VOSviewer software (Centre for Science and Technology Studies, Leiden University, The Netherlands). Figure 2 shows that ‘synthetic aperture radar’ is a more frequently used keyword, followed by 'agriculture' and ‘remote sensing'. The distribution of keywords emphasizes the significant impact of synthetic aperture radar in agricultural research. The frequent use of SAR satellite data indicates a significant emphasis on exploiting SAR data for different agricultural purposes.
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Figure 2. Co-occurrence network of the 22 most popular keywords in the publication collection. 

2.2. [bookmark: _Hlk168507736] Crop Classification and Identification using Synthetic aperture radar (SAR) data
Sentinel-1A SAR imagery has proven reliable for crop identification despite the challenges of identifying crop types using single-temporal SAR data. However, crop types can be accurately differentiated by employing multi-temporal SAR (Guo et al., 2022). Advanced techniques like Jeffries-Matusita (J-M) distance analysis and object Markov random field (OMRF) model can help differentiate agricultural and non-agricultural areas (Guo et al., 2022). SAR images provide high-resolution data sensitive to crop dielectric properties, enabling accurate crop classification (Chen et al., 2021; Guo et al., 2022; Sahu & Sahu, 2023). Techniques like the Grey Level Co-occurrence Matrix (GLCM) feature extraction and deep learning algorithms have also been proven accurate for classifying different crop types (Table 1). 
Precision crop mapping and retrieval of SAR data can be achieved using advanced remote sensing techniques in coherence with vegetation indices. Numerous studies have successfully employed SAR images for crop-type identification, such as mapping paddy rice in France and winter wheat in winter. By leveraging SAR technology's advanced data acquisition and processing capabilities, agricultural professionals can obtain accurate, timely, and actionable insights into crop types and growth patterns, enhancing the decision-making process in farming operations (Kobayashi & Ide, 2022). Table 1 shows various applications of the SAR data for crop classification and identification.
Table 1. Research conducted on crop classification and identification using SAR data.
	Author
	Study
	Data used
	Methodology
	Results
	Conclusions

	(Sahu & Sahu, 2023)
	Crop classification
	Sentinel 1A SAR Data
	Grey Level Co-occurrence Matrix (GLCM) feature extraction
Statistical analysis for fruit crop and major Kharif crop
	The mean backscatter value is lowest for bananas (99.12 dB).
The mean backscatter value is highest for Mango (198.26 dB).
	The SAR data GLCM feature is essential for crop classification.
Texture information is useful when optical images are challenging to acquire.

	(Guo et al., 2022)
	Identification of crop type
	Sentinel-1A SAR Data
	Convolutional-autoencoder neural network (C-AENN).
Comparison with ML methods such as RF, SVM, etc., and deep learning like 1D-CNN 
	The C-AENN technique yielded the highest accuracy, with a kappa coefficient of 0.9705, an overall accuracy of 0.9794, and a macro-F1 score of 0.9825.
	An innovative technique for crop type identification using time-series Sentinel-1A images was proposed.


	(Lai et al., 2021)
	Crop classification
	RADARASAT-2 and Sentinel-1 Data
	Random forest classification method
Comparative analysis of SAR data

	Overall classification accuracy improved by 17.94% with fully polarimetric SAR data.
The overall classification accuracy was 95.13% using 5 RADARSAT-2 images
	RADARSAT-2 data achieves higher classification accuracy compared to Sentinel-1 data.

	(Beriaux et al., 2021)
	Crop identification
	Sentinel-1 SAR Data
	Random Forest object-oriented classification model
	The Random Forest model achieved a high performance of 93.4% in crop classification.
Using a training dataset of only 3.2% of parcels correctly classified 91.7% of the agricultural area.
	The Random Forest object-oriented classification model can accurately identify crops.


	(Shang et al., 2020)
	Detection of crop seeding and harvest
	Sentinel 1A SAR Data
	Time-series InSAR coherence analysis
SAR backscattering coefficient variation analysis
	85% accuracy in identifying the seeding date
56% accuracy in determining the harvest date
	Crop harvest and/or seeding events can be detected using C-band SAR.


	(Sudiana et al., 2023)
	Burned area identification
	Sentinel (1 and 2) SAR Data
	Hybrid CNN-RF method for burned area identification using SAR data
Experiment with optical, SAR, and combined data for classification
	The CNN-RF method gives the best result, with 97% overall accuracy.
48,824.59 hectares are the estimated burned area based on the hybrid CNN-RF technique.
	The CNN-RF technique, the hybrid of SAR data, optical data, or a combination of both, is suitable for the identification of burned areas.

	(Ajadi et al., 2020)
	Crop lodging assessment
	Sentinel-1A Data
	modified Hidden Markov Random Field (HMRF) used for change detection

	Mapped lodging extent after 2020 Derecho (wind storm) in Iowa and Illinois
1.27 million acres of soybeans and 2.56 million acres of corn were lodged.
	Future applications of SAR-based data for operational crop lodging assessment can be guided by SAR data.


	(Paloscia et al., 2020)
	Agricultural crop classification
	Sentinel-1 C-band SAR, PRISMA hyperspectral, COSMO-SkyMed X-band and Sentinel-2 multispectral data.
	Both biomass estimation (SVM) and classification (1-dimensional CNN, 1dCNN) have been investigated using machine learning techniques.

	 The model classification accuracy is 99.73%, 94.56%, and 85.16% for S-2, CSK, and S-1 data respectively.
SVM provides an accurate estimation of dry biomass with RMSE =681 kg/ha, R2=0.79.
	Agricultural crop classification can be improved using SAR and optical imagery.
Biomass estimation can be done in mountain areas using SAR and hyperspectral data.

	(Bhogapurapu et al., 2021)
	Crop growth assessment
	C-band Sentinel-1A GRD SAR Data

	Novel clustering framework based on polarimetric descriptors for crop monitoring.
Unsupervised clustering 
	Pure scattering zones with low-to-medium entropy encompass 90% of the sampling locations for wheat leaf development and tillering. 
	A novel clustering approach will enable the practical application of S1 GRD SAR data for agricultural purposes.


	(Gella et al., 2021)
	Mapping of crop types
	Sentinel-1 and TerraSAR-X Data
	Analysis was done on crop response to radiation of incident radar. 
Crop classification accuracy using Time-Weighted Dynamic Time Warping (twDTW)

	Mapping of crop types achieved an accuracy of 77.1% by using a decision-level fusion of the twDTW data from both sensors. 
Overall accuracy was 69.5% using twDTW on Sentinel-1 (VV + VH) alone, including Ratio, MRVI, and DPSVI indices; accuracy was marginally lower (67.5%) without those indices.
	Crop-type mapping appears to have potential when using SAR images with time-weighted Dynamic Time Warping. 
Crop mapping in smallholder farming areas can be done using SAR datasets with single or dual polarimetry.


	(L. Chen et al., 2021)
	Crop classification 
	RADARSAT-2 SAR Data
	Phenological feature similarity analysis based on the backscatter coefficient and Cloud decomposition parameter
Image segmentation technology for crop classification
	The block scale's overall classification accuracy achieved is 76.06%.


	Crop classification accuracy improved using phenological features and image segmentation.
Multi-temporal SAR data is useful for agricultural monitoring.

	(Bahrami et al., 2022)
	Crop characterization 
	Sentinel-1 SAR and Sentinel-2 optical Data
	Machine learning techniques: RFR, SVR, ANN
Features from SAR and spectral vegetation indices used
	ANN is best for the wet biomass of canola and LAI of wheat and soybean.
wet and dry biomass of soybean is best predicted with RFR
	The developed model can easily do timely and accurate mapping and monitoring of crops. 


	(Son et al., 2021)
	Crop classification
	Sentinel-1 SAR Data
	Phenological object-based classification approach. 
	The classification maps demonstrated satisfactory accuracy when compared to the government's ground reference maps; for the first and second crops, producer accuracy was 84.2% and 82.6%, while user accuracy was 82.1% and 85.3%.
	An object-based approach using SAR data accurately classifies rice crops.
Sentinel-1 SAR data is effective for rice crop classification.


	(Nasirzadehdizaji et al., 2019)
	Crop monitoring and mapping
	Sentinel-1 SAR Data
	Backscattering analysis and classification methods were used for crop mapping.
	For every field with the same crop type, the ascending orbit in the VH and VV polarizations showed a high degree of homogeneity between the SAR backscatters.
	Sentinel-1 SAR data is suitable for crop monitoring and management. Also, to estimate irrigation and harvesting time.


	(Nasirzadehdizajiet al., 2019)
	Crop mapping

	 Sentinel-2 optical data and Sentinel-1 SAR data
	Maximum Likelihood Classification (MLC)
	Improved classification accuracies (5%) with sensor combinations.
MLC Achieved 93% classification accuracies using SAR and optical data.
	The integration of SAR and optical data improves classification accuracy.

	(Gorrab et al., 2021)
	Wheat crop parameters monitoring
	Sentinel-1 SAR Data
	Analyzed temporal behaviours of wheat parameters and S-1 backscattering coefficients
Statistically compared S-1 signals with crop parameters considering various factors.
	Compared to non-cumulative backscatters (0.01 < R² < 0.13), the cumulative VH + VV index has a stronger correlation with all crop metrics (0.46 < R² < 0.89). 
The relative errors varied from 6.2% to 23%.
	S-1 data sensitivity to wheat variables depends on radar configuration.
Cumulative (VH + VV) index improves determination coefficients for parameters.


2.3.  Crop and cropland parameter extraction using synthetic aperture radar (SAR) data
Synthetic aperture radar (SAR) is a crucial tool for estimating crop parameters such as soil moisture, biomass, leaf area index, and crop height. Traditional methods like gravimetric and water balance are time-consuming and labor-intensive, making SAR data an efficient option for large-scale soil moisture estimation. Sentinel-1 C-band radar allows for predicting soil moisture content without direct contact with the soil across agricultural areas. Using methods like Discrete Wavelet Transform (DWT) and Regression Convolutional Neural Network (RCNN) architecture on SAR images has improved crop monitoring and classification accuracy, particularly when analyzing VH polarized data (Shaik et al., 2023) (Table 2).
SAR technology also extracts physical information about land surfaces, which is essential for agricultural mapping and decision-making. It generates methods like the Dual-Pol Radar Vegetation Index (DPRVI), Generalized Pol Radar Vegetation Index (GPRVI), and Compact Pol Radar Vegetation Index (CPRVI) that indicate crop development and help with various agricultural activities like crop type mapping and seasonal monitoring. Soil moisture is an essential metric for tracking crop health and forecasting yields, and SAR provides more frequent observations than other remote sensing techniques. Soil moisture models are made more accurate by using the polarimetric decomposition approach to dual-polarimetric data obtained from the Sentinel-1 mission. SAR technology is useful in agricultural applications, with methods such as the correlation technique and Euclidean distance approach achieving high accuracy in detecting cropland regions (Lishan et al., 2015). Table 2 shows various applications of the SAR data for estimating crop and cropland parameters.
Table 2. Research conducted on Crop and Cropland Parameter Extraction using SAR data.
	Author
	Parameter
	Data used
	Methodology
	Results
	Conclusions

	(Luo et al., 2023)
	Soil Moisture 
	Sentinel-1 SAR Data

	Water cloud model (WCM) for estimating soil backscattering coefficient.
Enhanced the model with Radar local incidence angle parameter
	Pearson correlation coefficient (r) of 0.8 and RMSE of 0.04

	Soil moisture can be usefully inferred from SAR polarization data. Large-scale SM monitoring can be accomplished with SAR.

	(Sriram et al., 2023)
	Soil Moisture 
	Sentinel-1 SAR Data
	Gravimetric method, Water balance method, Regression Convolutional Neural Network (RCNN) architecture
	This research has resulted in a GUI-based interface allowing the user to upload VV and VH images and obtain a predicted soil moisture output with an RMSE of 0.0014 during testing.

	A CNN-based architecture effectively used Sentinel-1 SAR data from C band radar for soil moisture content.
It is crucial for crop growth and development, predicting yield, and expanding farmed areas. 

	(Shang et al., 2022)
	Crop Growth Monitoring
	Review Article
	Literature Survey

	SAR data used for soil moisture estimation in agriculture.
SAR-based indices aid in crop parameter extraction for monitoring.
SAR and optical data integration improve crop mapping accuracy.
	Recent advancements in SAR systems and processing algorithms have accelerated the use of SAR technology in crop monitoring.
Crop mapping with great precision requires the combination of optical and SAR data.

	(Shaik et al., 2023)
	Crop Monitoring

	Sentinel-1 SAR Data
	Random Forest (RF) Classifier
Discrete Wavelet Transform (DWT) 
	Compared to VV polarized data, DWT analysis of VH polarized data is more effective at distinguishing crops.
	DWT reduces misclassification in crop monitoring using SAR imagery.

	(Dong et al., 2023)
	Soil Moisture 
	Sentinel-1 SAR Data
	machine learning algorithms and empirical models are used for soil moisture retrieval
Models include BPNN, SVM, KNN, and RF algorithms

	The soil moisture content estimate with the empirical model obtained the following result: the ascending orbit model had an R2 of 0.609, MAE of 0.064, RMSE of 0.08, and the descending orbit model had an R2 of 0.554, MAE of 0.071 and RMSE of 0.086. 
	Empirical models underestimate high soil moisture content, resulting in better ascending orbit results.
RF algorithm outperforms BPNN, SVM, and KNN in soil moisture retrieval.

	(Chauhan et al., 2019)
	Crop Height 

	 RISAT-1 SAR Data
	Modified water cloud models and artificial neural networks were employed for crop height estimation.

	The backscatter coefficients σoT_RH and σoT_RV strongly correlate with volumetric soil moisture (R² of 0.70).
LAI and IF as canopy descriptors yield the best backscatter modeling results (R² up to 0.90 for σoT_RH).
	CH moderately correlated to total backscatter, improved with vegetation backscatter.
C-band hybrid-polarized data suitable for crop height assessment.

	(Xing et al., 2022)
	Soil Moisture 

	RADARSAT-2 SAR Data
	The proposed new SMC retrieval algorithm 
water cloud model 
	 Statistical analysis of ne SMC model, RMSE: 4.15, R²: 0.68, vol.%, Significance: p < 0.01

	The proposed SMC retrieval algorithm showed higher accuracy than the water cloud model.
NDVI as a vegetation descriptor resulted in the highest accuracy for SMC retrieval.

	(Paloscia et al., 2022)
	Soil moisture, vegetation biomass, 
	COSMO-SkyMed, S-1 missions, and Sentinel-2 Data
	Proposes algorithm for integrating S-1 and SMAP data based on Artificial Neural Networks
	By combining data from S-1 and CSK, soil moisture validation achieved RMSE=0.025 m 3 /m 3 and R=0.89. 
	Improved estimation of soil moisture, vegetation biomass, and snow water equivalent.

	(Dann et al., 2022)
	Soil moisture
	Root-zone soil moisture data derived from P-Band synthetic aperture radar (SAR)
	Random forest model for analyzing soil moisture
Recursive feature elimination for feature selection
	R2 = 0.58 at 20 cm, R2 = 0.52 at 12 cm, and R2 = 0.44 at 6 cm indicate that the random forest model explains 40% to 60% of the 
variation observed.
	Meteorological and topography factors play a larger role in controlling soil moisture at deeper depths.

	(Ghosh et al., 2022)
	Crop Biophysical Parameter 
	C-Band Polarimetric SAR Data
	Gaussian Process Regression (GPR)
Statistical measures: RMSE, MAE, Pearson correlation coefficient

	Due to bare soil, PAI was overestimated during the early stages (< 2.5 m²/m²).
Underestimation during heading stage (> 7.0 m²/m²).
	GPR outperforms physical and parametric methods in crop parameter retrieval.
Dual-pol (HV + VV) SAR configuration shows promising results.

	(Bhogapurapu et al., 2022)
	Crop Growth Assessment

	Sentinel-1 SAR Data


	Proposed θxP, the target characterization parameter, based on dual-pol SAR data and the 2D Barakat degree of polarization. 
A scattering entropy and θxP-based unsupervised clustering strategy
	Tillering Stage: Median mxP: 0.78, Median θxP: ≈ 39°, 
Early Flowering Stage: Median θxP: ≈ 27°, median mxP: ≈ 0.49.
Early Dough Stage: Median mxP: ≈ 0.37, median θxP: ≈ 20°.
Harvest Stage: Median mxP: ≈ 0.58, median θxP: ≈ 34°.
	𝜃xPθxP is​ sensitive to wheat crop morphology at different stages.


	(Mandal et al., 2022)
	Crop Biological parameters
	Sentinel-1 SAR Data
	Water cloud model inversion
Random Forest regression 
	estimated biophysical parameters with r of 0.87 and 0.83 and low RMSE. 
	GEE4Bio processing chain accurately estimates crop biophysical parameters.



2.4.  Crop yield estimation using synthetic aperture radar (SAR) data
The crop growth simulation models such as ORYZA2000 and remote sensing products combined with SAR technology improve the precision of yield estimates. Utilizing the start of the season, backscatter time series, and seasonal rice area data, the International Rice Research Institute (IRRI) created the ORYZA2000 model to estimate rice yield. This approach is appropriate for policy decisions since it has proven high yield simulation accuracy, with results ranging from 86-91% at the district level to 82-97% at the block level (Pazhanivelan et al., 2019). SAR technology enhances agricultural production estimation by including more data sources, such as soil data from the World Inventory of Soil Emission Potential and the Harmonized World Soil Database, combined with meteorological data from NASA and local weather stations (Amankulova et al., 2024; Ameline et al., 2018; Jain et al., 2019; Pazhanivelan et al., 2019).
SAR images overcome limitations in capturing dynamic soil moisture, providing all-weather capabilities. Combining deep learning algorithms with SAR data allows for high crop classification accuracy, reaching up to 97% when differentiating between crop types like sugarcane and bananas. Combining SAR data with conventional techniques like the Regression Convolutional Neural Network (RCNN) architecture makes it possible to predict soil moisture content across agricultural regions, allowing for remote estimation without direct contact with the soil.
SAR technology has been useful in improving food security and aiding crop insurance programs in real-world settings. For example, SAR products and yield information have helped over 300,000 farmers receive timely crop insurance claims in Tamil Nadu (Pazhanivelan et al., 2019). Crop growth models have been used in conjunction with multi-temporal SAR data from Sentinel-1A to produce yield information across several districts and cropping seasons in Southeast and South Asia, achieving yield estimations within 81% to 94% of the official yield (Phung et al., 2022). Table 3 shows various applications of the SAR data for crop yield estimation.
Table 3. Research conducted on crop yield estimation using SAR data.
	Author
	Data used
	Methodology
	Results
	Conclusions

	(Hosseini et al., 2022)
	Sentinel-1 Data
	M-Chi decomposition with ANN model for soybean yield forecast.
	Soybean yield forecast with R2, RMSE, and MAE of 0.81, 755.81 kg/ha, and 581.65 kg/ha, respectively.
The proposed iterative retrieval algorithm increased yield forecast accuracies at the field scale.
	Applying M-Chi decomposition to Sentinel-1 data enhanced the forecast for soybean yield.


	(Ghosh et al., 2022)
	Sentinel-2 optical and Sentinel-1 SAR Data
	random forest regression (RFR) model and feature extraction using a genetic algorithm.
	Estimate yield with Correlation coefficient (r): 0.65–0.86, MAE: 0.93–1.16 t/ha, and RMSE 1.12–1.56 t/ha
	Developed RFR model well predicts crop yield at early-stage at the field level

	(Phung et al., 2022)
	Sentinel-1 SAR Data
	Extract radar backscatter values and perform regression analysis
	Winter-spring rice crop had the highest yield in 2018. The autumn-winter crop had the lowest yield in 2018.
	Sentinel-1 radar remote sensing data can be used to estimate rice yield.

	(Alebele et al., 2021)
	Sentinel-2 optical and Sentinel-1 SAR Data
	Gaussian kernel regression
Neural networks, random forest, Gaussian process regression
	Gaussian kernel regression outperformed other regression methods for yield estimation.
Combining interferometric coherence and RDVI1 at the heading stage results in the highest prediction accuracy (RMSE = 0.55 t/ha and r2=0.81).
	The synergy of SAR and optical data improved crop yield mapping accuracy.

	(Vavlas et al., 2020)
	Sentinel-1 SAR data
	Fitting two logistic curves to SAR time series to describe growth and maturation
Correlation matrix analysis 
	There was a negative correlation between yield and the day of the year with the largest VH/VV value. 
There was a positive correlation between yield and the duration of "full" vegetation.
	SAR time series is suitable for estimating crop productivity indicators.


	(Hosseini et al., 2020)
	Landsat-8 and Sentinel-1 SAR Data
	Integrated Sentinel-1 double-bounce parameter and Landsat 8 DVI.
ANN model trained using SAR and optical features
	Yield prediction using 
SAR-only: R2=0.80, RMSE=0.589 t/ha, MAE=0.445 t/ha
SAR-optical integration: R2=0.85, RMSE=0.554 t/ha, MAE=0.389 t/ha
	SAR-optical integration shows the highest accuracy for soybean yield prediction.


	(Wang et al., 2019)
	Sentinel-1 SAR Data
	The change in backscatter in VH polarization between the end of the tillering stage and grain filling stage was used for the SAR simple difference index (SSDVH).
	Estimate yield with RMSE = 0.74 t/ha and a relative error (RE) =7.93%.

	The newly developed SAR index SSDVH showed a strong exponential correlation with rice yield.

	(Ameline et al., 2018)
	Sentinel-1 SAR Data
	SAFY-WB model with GAIopt and GAIsar from SAR Combination of optical and SAR data for estimation model
	The new "production module" in the model simulates yield and dry masses (rRMSE <; 12.75% and  R2 > 0.75) 
	The combination of SAR and optical data improves yield estimation accuracy.
SAR data alone is not sufficient for accurate yield estimation.

	(Setiyono et al., 2018)
	Sentinel-1 SAR and MODIS Optical Data

	MODIS and SAR data combined for rice yield prediction.
Remote sensing technology used with ORYZA crop growth model
	RMSE = 0.46 and 0.3 t/ha for the 2016 Summer/spring seasons.
NRMSE of 5% and 8% for spring/summer seasons in Vietnam.

	Integrating SAR and  MODIS data with crop growth models generates accurate yield estimates.


	(Barbouchi et al., 2016)
	RADARSAT-2 Data
	Classical and spatial tools
Remote sensing data analysis 
	Good correlations were observed between the backscatter coefficient and grain yield (r > 0.6) at harvest and April image.
	Backscatter coefficient and crop yield have a significant correlation.

	(Parks, 2012)
	ENVISAT ASAR APS and Landsat ETM+ Data
	SAR and Optical Data fusion, maximum likelihood classifier using ENVI software
	It is easier to differentiate forests from rice agricultural fields.

	For more precise crop yield mapping, combining optical data and processed SAR data results in a more accurate classification of the rice fields.



3. Challenges and Limiting Factors
3.1.  Technical Limitations
While transformative, Synthetic Aperture Radar (SAR) technology encounters several technical challenges that can hinder its effectiveness in agricultural applications. One significant limitation is the complexity of SAR data, which encompasses multiple dimensions such as time, polarization, and frequency 56. This complexity necessitates advanced computational resources and can lead to signal distortion and speckle noise, making the data difficult to interpret. Moreover, SAR sensors cannot capture spectral information, which is crucial for identifying specific crop types or detecting issues like nutrient deficiencies (Ferrazzoli, 2001; Chang-an, 2019).
3.2.  Data Interpretation Challenges
The interpretation of SAR imagery requires specialized knowledge and expertise due to its intricate nature. Professionals must be trained to understand and analyze the grayscale and scattering effects within the imagery, which are not immediately intuitive. Additionally, atmospheric conditions such as heavy rain or snow can degrade the quality of SAR data, leading to inaccuracies in applications like crop monitoring or yield estimation. This complexity not only necessitates additional processing to correct distortions but also makes it challenging to extract meaningful insights without substantial expertise (Ferrazzoli, 2001).
3.3.  Cost and Accessibility
The deployment of SAR technology in agriculture is substantially limited by high initial investment and operational costs. These costs can be unaffordable for small-scale farmers, restricting the technology's adoption to larger, more financially robust operations. Furthermore, the availability of SAR data is limited in some regions, which can impede the widespread application of this technology. Even in areas where data is accessible, the frequency of data availability may not be sufficient to monitor rapid changes in crop health or growth, limiting real-time decision-making capabilities.
4. Future Directions and Innovations in SAR for Agriculture
4.1.  Integration with Optical Remote Sensing
Synthetic Aperture Radar (SAR) fusion with optical remote sensing represents a promising direction in agricultural applications. This integration leverages the strengths of both modalities, providing comprehensive insights into crop health and environmental conditions. Optical imagery, sensitive to moisture and chlorophyll content changes, complements SAR's ability to penetrate cloud cover and give data irrespective of weather conditions. The combination enhances crop-type mapping accuracy, as demonstrated by a method that achieved an overall accuracy of 89.50% in crop classification, surpassing results derived solely from SAR-based segmentation (Cui et al., 2020; Feng et al., 2024).
4.2.  Multi-Band and Multi-Dimensional Applications
Advancements in multi-band and multi-dimensional SAR are set to revolutionize agricultural remote sensing. Using S-band quantitative SAR has shown excellent response capabilities to straw coverage and water content, laying a technical foundation for future radar agricultural applications. Moreover, fully polarimetric SAR provides rich information on the polarization characteristics of various ground objects, significantly improving the recognition and classification of ground objects. This capability is crucial for accurately classifying various vegetation types and monitoring their growth stages (Liu et al., 2024; Parag et al., 2024).
4.3.  Advancements in UAV-Based SAR Systems
Unmanned Aerial Vehicles (UAVs) equipped with SAR systems are becoming increasingly significant in precision agriculture. These light and small SAR systems facilitate frequent and detailed monitoring of agricultural fields, providing critical data for decision-making. UAV-based SAR systems enable the generation of high-resolution imagery that supports precise applications such as site-specific weed management, crop growth monitoring, and irrigation management. The potential of UAVs in agriculture extends to creating detailed three-dimensional digital maps of crops, which can be used to estimate various parameters like leaf area index and crop height, thereby optimizing resource management and enhancing crop yields (Biswal et al., 2023; Khose et al., 2022; Khose & Mailapalli, 2024; Tsouros et al., 2019). By integrating these innovative approaches, SAR technology is poised to offer more detailed and frequent data acquisition, enhancing the accuracy and efficiency of agricultural monitoring and management.
5. Conclusion
Through this article, the multifaceted potential of synthetic aperture radar (SAR) technology in revolutionizing agricultural practices has been extensively discussed. From enhancing crop monitoring and soil moisture inversion to providing critical data for crop yield estimation, SAR's capabilities in delivering high-resolution images, irrespective of weather conditions, illuminate its fundamental role in advancing agricultural sustainability and productivity. Sentinel series SAR data and RADARSAT series SAR data are the most popularly used for agricultural purposes. The discussions underscore the technology's advancing frontier, particularly when integrated with other remote sensing technologies and machine learning techniques, amplifying its precision and applicability in modern agriculture. Random forest (RF) and Convolution Neural Network (CNN) increased the accuracy of soil moisture prediction and crop type classification. Also, an ensemble of the SAR and ORYZA200 crop growth simulation models significantly improved the yield prediction's accuracy.
Looking ahead, the trajectory of SAR technology is marked by promising innovations, including the integration with optical remote sensing, advancements in UAV-based systems, and the exploration of multi-band and multi-dimensional applications. These developments are poised to significantly refine and expand the capabilities of SAR in agricultural applications, suggesting a future where real-time, accurate agricultural monitoring becomes a cornerstone of global food security and land management. As this technology continues to evolve, its integration into agricultural practices heralds a new era of efficiency and precision, illustrating the indispensable value of SAR in addressing the complex challenges of contemporary and future agricultural landscapes.
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