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ABSTRACT 
 
The geological, ecological, and biological ecosystems of the planet have changed because of the global climate crisis, and this poses a serious threat to humanity as well as the conservation of agricultural productivity and food security. The European Commission outlined the continent's objective to become climate neutral by 2050 with zero net Greenhouse Gas (GHG) emissions. Soil organic carbon (SOC) is closely related to soil quality and has a significant impact on how soil and plants interact. SOC monitoring gives a unique role in agricultural sustainability thus precise prediction and monitoring of SOC is essential. Remote Sensing (RS) evolution, big data accessibility and Deep Learning (DL) architectures present enormous potential for extensive SOC monitoring. Several RS applications (e.g., Sentinels, MODIS, Landsat etc.) along with machine learning and DL methodologies (e.g., RF, ANN, CNN etc.) used in literature for SOC prediction. The current review paper emphasizes on the latest RS approaches used for SOC monitoring.  
 
Index Terms— Soil Organic Carbon (SOC), SOC monitoring, SOC prediction, Remote Sensing, Machine 
Learning 
 
1. INTRODUCTION 
 
Soil is one of the largest carbon sinks exist on earth and it is responsible of the global carbon cycle and ecosystems health. Amongst the several substances soil consist of, Soil Organic Carbon (SOC) is the one of high importance [2]. In agriculture SOC has an effect in several soil functions which include GHG reduction through carbon sequestration, improved soil fertility and quality [2], [3], [4], [5].  Additionally, SOC has an impact on soil water retention and permeability, many herbicides' bioavailability and fate, the behavior of pesticides in soil, nutrient absorption by plants and crop output. SOC differs between rainy regions, and it depends on different land use practices and soil properties [3]. Climate crisis leaded to the need of better understanding of the spatial distribution of SOC to guarantee food security and enhance soil carbon sequestration [6]. Accurate and precise SOC spatial distribution estimates are an important asset for land management and early decisions. Information on SOC stocks are crucial for  local authorities and governments for the establishment of specific agricultural strategies and farmland activities to achieve the zero-net goal. [7] [8]. SOC stock is influenced by many factors such as production processes, soil characteristics, land use and climate conditions. These uncertainties make SOC monitoring a complex process. The common methods used for SOC measurement are based on in-situ data and lab experiments which are labour - time consuming and expensive procedures for large-scale SOC mapping [4]. Alternative solutions are of high importance for cost reduction, quick results, and accurate SOC prediction [9].  
	


Previous studies developed new techniques to overcome several limitations by using RS for SOC prediction and monitoring [10]. Data derived from space borne such as hyperspectral, multispectral or synthetic aperture radar (SAR) and[11] and data derived from air-born remote sensing platforms and unmanned aerial systems (UASs) can be an effective approach for SOC monitoring [12]. Higher SOC estimation accuracy can be achieved by using hyperspectral images than multispectral images due to their higher spectral resolution. However, their use is often limited due to limited data availability and high economic cost. Currently, Hyperion and PRISMA satellites provide open hyperspectral data which can be analyzed for adequate SOC estimations [2], [13]. Additional cost-effective multispectral RS sensors used in previous research studies for SOC estimation in agriculture are Sentinel-1, Sentinel-2 [3], Landsat ETM+ [14] and Gaofen 1 [2]. The use of ML techniques has gradually increased in SOC monitoring research over the past years. The advances in ML techniques opened the way for SOC prediction. ML methodologies used over time for SOC mapping include the Artificial Neural Network (ANN), Support Vector Machine (SVM), Extreme Gradient Boost (XGBoost), Random Forest (RF) and Quantile Regression Forest (QRF) [11], [15], [16]. The aim of this study is to review the latest RS and ML applications in the domain of SOC estimation. Since knowledge about SOC content is crucial for soil fertility, methodologies that are easy, cost effective and fast are of high importance for the interest parties (e.g., governments, farmers etc.).  
 
2. MATERIALS AND METHODS 
 
The methodology followed to contact this review is analyzed in the following figure (Fig. 1). 
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Fig. 1. Processed diagram of the methodology followed to contact the current review. 
 
The database used for this review was Web of Science™. We used the "Topic" option to search for the following keywords in journal titles, abstracts, and keywords. Additionally, we chose the "AND Topic" option to allow us to limit the research. The keywords selected were ‘Soil Organic Carbon Monitoring’ OR ‘Soil Organic Carbon prediction’ OR ‘Soil Organic Carbon Mapping’, and ‘Remote Sensing’ OR ‘Earth Observation’ OR ‘Satellite’ and Agriculture. We also further limited the search to the last five years by adding the following: "2018–2022" using the "AND Year published" option. We further constrained the search by excluding articles not written in the English language. The results obtained from the previews selection was an overall of 92 papers. However, after the manual screening, 43 papers were excluded due to their non-relevance to the topic. Thus, 49 papers were analyzed and discussed. 
 
3. KEY FINDINGS  
 
On each paper more than one RS methods and ML techniques analysed for the purpose of model comparison. However, on this review we considered all the methodologies (RS & ML) employed in previous works.  
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Fig. 2. RS instruments used the last five year for SOC prediction.  
 
     The most commonly applicable satellite missions used for SOC prediction and monitoring were Sentinel-2 (16 papers) and Landsat mission (14 papers) followed by hyperspectral instruments (8 papers). Other satellites used over time can be found in Fig. 2.  ML algorithms used for SOC considered and analysed on this review (Fig. 3). However, the analysis showed that RF was the most used algorithm followed by ANN, SVM, Partial Least Square Regression (PLSR) and XGBoost appearing in 19, 14, 10, 8, and 5 paper respectively. 
Additional ML methods selected in previous works were 
Booster Regression Tree (BRT) (4 papers), Cubist (4 papers), 
Ordinary Kriging (OK) (3 papers) , Regression Kriging (RK) 
(3 papers), Multiple Linear Regression (MLR) (2 papers), and QRF (2 papers). Other ML methodologies identified only in one paper for each were Multiple regression on distance metrices (MRM), Genetic Expression Programming (GEP), Regression Tree (RT), Generalized linear model boosting (GLMB), Extreme Learning Machine (ELM), Linear Regression (LR), Bayesian Regression (BR) and K-Nearest Neighbors (KNN) [1], [3], [3]– [31], [32]– [49]. DL methodologies employed based on literature were CNN and LSTM [50], [51], [52], [53] 
The most widely used ML algorithm that is used for a broad range of applications is the RF algorithm. This ML method has a substantial number of regression trees and are used in large quantities [2], [18]. The distinct bootstrap sample from the original dataset is used to build each regression tree, reducing the RF method's sensitivity to overfitting issues, and thus making it suitable for many cases (e.g., SOC prediction) [2].  
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Fig. 3. ML/Deep learning methods employed the past five years in literature based on 52 papers. 
 
4. Discussion of key findings 
 
Nguyen et al., [2] research was based on multispectral Sentinel-1 SAR and Sentinel-2 imagery with the use of ML Extreme Gradient Boosting (XGBoost) for SOC estimation. They used Google earth imagery for digitized points selection for binary map generation. In addition to XGBoost, RF and SVM ML algorithms were used for models’ comparison. XGBoost model showed the highest accuracy in relation to land use mapping using datasets derived from Sentinel-2 in comparison to RF and SVM. The accuracy of XGBoost appeared to be 0.870 𝑅2[2]. Indices derived from Sentinel-2, Ration Vegetation Index (RVI) (0.409), Normalized Difference Vegetation Index (NDVI) (0.419) and Soil Adjusted Vegetation Index (SAVI) (0.470) correlated highly with SOC. However, Brightness Index 2 (BI2) had the least correlation with SOC. The novelty of this study is the prediction of SOC using RS and ML with small amount of SOC samples (40 sites for bare-soil sampling) that subsequently reduces the cost and labour time and reflects to the model robustness in accurate prediction of SOC [2]. However, further studies suggested to performed on more sites for method validation. Using the XGBoost method, Geng et al., [38] had somewhat lower prediction accuracy (𝑅2= 0.676) than Nguyen et al., 2022 (𝑅2= 0.870) [2]. However on this research the authors employed image data from Landsat-8 & 9 and Sentinel-2 [38]. The machine learning methodologies used for this study were RF, BRT and XGBoost for SOC mapping.  The results obtained from this study showed that Landsat-9 can effectively be used for SOC mapping using the ML XGBoost. Collection of 57 soil samples were performed and analysed for SOC determination over an area of 18.266 km2. Indices used for this study were BI, Colour Index (CI), Redness Index (RI), Enhanced vegetation index (EVI), Modified soil adjustment vegetation index (MSAVI) and NDVI. Predictors derived from multitemporal Ssentinel-2 in conjugation with XGBoost achieving the best accuracy for SOC (𝑅2=0.676) followed by Landsat-9 showing its potential for further investigation in  SOC mapping [38].  
       Bahri et al., [15] on their research attempt on Digital Soil Map (DSM) for SOC stock using QRF algorithm. Sentinel-2 bands were used for testing possible correlation for SOC prediction. Three models were used for training for this study. Model 1 includes only global covariates; Model 2 includes global and national data and model 3 uses global and national covariates in addition to SoilGrids 2.0 for SOC stocks prediction. The best results obtained from model 2 and 3 with 𝑅2= 0.44 [15]. Similar to Bahri et al., [15], Zizala et al., [41] developed a high-resolution DSM for soil properties (e.g., SOC) for Czech Republic. The imagery used was Sentinel-2 with data concerning bare soils. The ML methodology used was QRF. Models from the RF family are employed for classification tasks and predictive modelling of categorical variables to maximize prediction accuracy and computation time. 2641 soil data (0-30 cm) used as a training sample achieving an 𝑅2= 0.40 [41] which were slightly lower  than Bahri et al., [15] results (𝑅2= 0.44). Lack of the farming practices input, or soil moisture might affect the model performance regarding SOC prediction and must be considered in future works.  
Chinilin and Savin, [39] employed MODIS imagery data variables (EVI and WI) along with 863 soil samples and 22 climatic variables. The overall accuracy of the soil organic carbon content, as determined by spatial cross-validation were 𝑅2= 0.45 [39]. Since SOC plays an important role for plant growth, RS derived NDVI index can be a useful parameter for SOC prediction [25], [45]. As an auxiliary variable, Zhang et al. (2019) used time series NDVI data derived from Landsat 8. Estimation for SOC mapping performed through SVM, ANN, stepwise linear regression (SLR) and partial least squares regression (PLSR) They also used Ordinary Kriging (OK) as the reference model. The results showed that the best correlation to NDVI time series data for SOC prediction model was ANN with 𝑅2=0.391 [45]. The second and third in the rank was SVM and PLSR with 𝑅2=0.361 and 0.283, respectively. They highlighted that the NDVI's time series properties were useful for forecasting SOC in plains. However, more variables must be used for better prediction especially environmental factors.      In their hyperspectral imagery Airborne Prism Experiment (APEX) Dvorakova et al., [43]  investigated how cropland SOC prediction models performed in relation to thresholds for the Cellulose Absorption Index (CAI). Their research showed that SOC content can be predicted using APEX airborne imagery over a cropland without controlled soil surface conditions. CAI threshold (0.75) showed good results with 𝑅2= 0.59 with 13 Latent variables [43]. Crucil et al., [12], examined how well two small-form multispectral cameras (Parrot Sequoia and Mini-MCA6) and two portable hyperspectral sensors (STS-VIS and STS-NIR) can predict SOC content in the VIS-NIR region. Both controlled laboratory and outdoor settings were used to collect spectrum data; the latter was impacted by changes in illumination, atmospheric conditions, and the distance between the sensor and the sample. Their findings suggest that estimating SOC can be done with accuracy using small-form sensors that are compatible with UAS. The outcome of this paper showed that SOC best performance observed in on the VIS-NIR range under outdoor conditions. Compared to the STS hyperspectral sensors, better outcomes were achieved with SOC prediction modelling based on the narrow bands of the two multispectral cameras (Parrot Sequoia and Tetracam Mini-MCA6) [12].  The study performed by Bhunia et al., [44] aimed in SOC estimation using space borne satellite derived data from Landsat 4-5 Thematic Mapper [TM] and in-situ verifications in India. In total, 50 soil sample used in addition to BSI and NVI indices. [44]. A multivariate regression model utilized to estimate the spatial distribution of SOC using the indices derived from the satellite data. Regression analysis used to find the relationship between SOC and the spectral indices (NDVI and BSI), and SOC (estimated from satellite images) predicted by comparing the observed SOC (field measure). Results obtained from the multivariate regression analysis showed that there was a significant relationship of observed SOC and NDVI with 𝑅2=0.54 [44].  Limitations derived from this study suggest more samples and environmental variables should be considered in future works.  
Additional study for SOC estimation was performed by training machine learning models (ANN, SVR, GEP) [3]. 336 soil samples were obtained and analysed to extract features for ML training purposes and SOC prediction. The multispectral sensors used for this research were Sentinel-2, Sentinel-3, MODIS, and Landsat-8. The best model performance with 𝑅2= 0.627 derived from SVR [3]. Sodango et al., [6] used imagery obtained from Landsat-8 for SOC prediction using different variables. The ML methodology used for this paper were RF obtaining an accuracy of 𝑅2= 0.96 [6]. Safanelli et al., 2021 research was based on correlation with different attributes. The prediction model performed for SOC estimation was RF machine learning algorithm. Clay had the highest correlation to SOC with 𝑅2= 0.74 followed by sand with 𝑅2= 0.69. With an 𝑅2 ranging from 0.44 to 0.74, the spectral and terrain features taken from Earth Observation data enabled the calibration of prediction models of clay, sand, SOC content, and SOC stock with adequate accuracy. In contrast, the prediction performance of pH and Cation Exchange Capacity (CEC) attributes was poor [10]. Other research paper focused in the  employment of  an inexpensive indirect method for SOC content estimation [11]. On this research 49 inputs were used (soil data, terrain, and climatic variables). ML methods used and compared were MLR, XGBoost and ANN. The final product of this research showed that XGBoost had the highest performance to SOC estimation with 𝑅2= 0.67 [11]. Kakhani et al., employed Landsat-8 images along with topography, RS indices, climatic variables as input features along with DL convolutional neural network (CNN) and long short-term memory (LSTM) for SOC prediction [51]. Three scenarios were run on this study using RF for comparison indicating that LSTM outperforms RF giving higher correlation with R2=0.40 [51]. On the other hand, better results are obtained from Meng et al., 2022 research for SOC prediction using Landsat imagery along with GaoFen-5 hyperspectral images.  
Prediction models used on this study were ordinary ML PLSR and RF, and deep-learning CNN algorithms. Results showed that the performance of CNN was better than the ML methodologies with R2 =0.86 [50]. 
Table 1. Most used ML/DL methods metric (R2) ranges  
ML/DL methods 	R2 metric ranges 

XGBoost 	0.570-0.980 
SVM 	0.453-0.950 
QRF 	0.41-0.65 
PLSR 	0.230-0.900 
RF 	0.33-0.96 
ANN 	0.30-0.63 
OK 	0.524-0.700 
BRT 	0.44-0.75 
DL 	0.400-0.904 
 
 
4. CONCLUSION  
 
The current review provides an insight into current advances of RS in SOC prediction and monitoring. The results show that most applications for SOC determination use Sentinel-2 and Landsat data in conjugation with ML methodologies. Sentinel-2 and Landsat data were analyzed in 16 and 14 papers, respectively. Both missions provide high resolution and open data. This review also highlights the significance of ML applications in the domain of SOC monitoring. According to this review analysis, RF was the most popular algorithm been used appeared in 19 papers. 
This review identified a knowledge gap in the use of hyperspectral imagery for SOC prediction. Only eight studies were conducted using hyperspectral instruments which reported high accuracies with 𝑅2 ranging between (0.60 – 0.95). Therefore, further research utilizing hyperspectral imagery may yield additional insights into the distribution and determination of SOC. 
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The geological, ecological, and biological ecosystems of 


the planet have changed because of the global climate 


crisis, and this poses a serious threat to humanity as well as 


the conservation of agricultural productivity and food 


security. The European Comm


ission outlined the 


continent's objective to become climate neutral by 2050 


with zero net Greenhouse Gas (GHG) emissions. Soil 


organic carbon (SOC) is closely related to soil quality and 


has a significant impact on how soil and plants interact. 


SOC monitor


ing gives a unique role in agricultural 


sustainability thus precise prediction and monitoring of 


SOC is essential. Remote Sensing (RS) evolution, big data 


accessibility and Deep Learning (DL) architectures present 


enormous potential for extensive SOC monit


oring. Several 


RS applications (e.g., Sentinels, MODIS, Landsat etc.) 


along with machine learning and DL methodologies (e.g., 


RF, ANN, CNN etc.) used in literature for SOC prediction. 


The current review paper emphasizes on the latest RS 


approaches used for


 


SOC monitoring.  
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1. INTRODUCTION 


 


 


 


Soil is one of the largest carbon sinks exist on earth and 


it is responsible of the global carbon cycle and ecosystems 


health. Amongst the several substances soil consist of, Soil 


Organic Carbon (SOC)


 


is the one of high importance [2]. 


In agriculture SOC has an effect in several soil functions 


which include GHG reduction through carbon 


sequestration, improved soil fertility and quality [2], [3], 


[4], [5].  Additionally, SOC has an impact on soil water 


retention and permeability, many herbicides' bioavailability 


and fate, the behavior of pesticides in soil, nutrient 


absorption by plants and crop output. SOC differs between 


rainy regions, and it depends on different land use practices 


and soil properties 


[3]. Climate crisis leaded to the need of 


better understanding of the spatial distribution of SOC to 


guarantee food security and enhance soil carbon 


sequestration [6]. Accurate and precise SOC spatial 


distribution estimates are an important asset for land 


management and early decisions. Information on SOC 


stocks are crucial for  local authorities and governments for 


the establishment of specific agricultural strategies and 


farmland activities to achieve the zero


-


net goal. [7] [8]. 


SOC stock is influenced by


 


many factors such as 


production processes, soil characteristics, land use and 


climate conditions. These uncertainties make SOC 


monitoring a complex process. The common methods used 


for SOC measurement are based on in


-


situ data and lab 


experiments which ar


e labour 


-


 


time consuming and 


expensive procedures for large


-


scale SOC mapping [4]. 


Alternative solutions are of high importance for cost 


reduction, quick results, and accurate SOC prediction [9].  


 


Previous studies developed new techniques to overcome 


several limitations by using RS for SOC prediction and 


monitoring [10]. Data derived from space borne such as 


hyperspectral, multispectral or syntheti


c aperture radar (SAR) 


and[11] and data derived from air


-


born remote sensing 


platforms and unmanned aerial systems (UASs) can be an 


effective approach for SOC monitoring [12]. Higher SOC 


estimation accuracy can be achieved by using hyperspectral 


images tha


n multispectral images due to their higher spectral 


resolution. However, their use is often limited due to limited 


data availability and high economic cost. Currently, Hyperion 


and PRISMA satellites provide open hyperspectral data which 


can be analyzed for


 


adequate SOC estimations [2], [13]. 


Additional cost


-


effective multispectral RS sensors used in 


previous research studies for SOC estimation in agriculture are 


Sentinel


-


1, Sentinel


-


2 [3], Landsat ETM+ [14] and Gaofen 1 


[2]. The use of ML techniques has gra


dually increased in SOC 


monitoring research over the past years. The advances in ML 


techniques opened the way for SOC prediction. ML 


methodologies used over time for SOC mapping include the 


 




  A REVIEW OF SOIL ORGANIC CARBON (SOC) PREDICTION TECHNIQUES    IN AGRICULTURAL LANDS USING REMOTE SENSING        Eleni Neofytou 1,2 , Stelios P. Neophytides 1,2 ,     Marinos Eliades 1 , Christiana Papoutsa 1,2 , Marios Tzouvaras 1 ,  Diofantos G. Hadjimitsis 1,2        1 ERATOSTHENES Centre of Excellence, Limassol, Cyprus        2 Cyprus University of Technology, Limassol, Cyprus             ABSTRACT        The geological, ecological, and biological ecosystems of  the planet have changed because of the global climate  crisis, and this poses a serious threat to humanity as well as  the conservation of agricultural productivity and food  security. The European Comm ission outlined the  continent's objective to become climate neutral by 2050  with zero net Greenhouse Gas (GHG) emissions. Soil  organic carbon (SOC) is closely related to soil quality and  has a significant impact on how soil and plants interact.  SOC monitor ing gives a unique role in agricultural  sustainability thus precise prediction and monitoring of  SOC is essential. Remote Sensing (RS) evolution, big data  accessibility and Deep Learning (DL) architectures present  enormous potential for extensive SOC monit oring. Several  RS applications (e.g., Sentinels, MODIS, Landsat etc.)  along with machine learning and DL methodologies (e.g.,  RF, ANN, CNN etc.) used in literature for SOC prediction.  The current review paper emphasizes on the latest RS  approaches used for   SOC monitoring.         Index Terms —   Soil Organic Carbon (SOC), SOC  monitoring, SOC prediction, Remote Sensing, Machine    Learning         1. INTRODUCTION        Soil is one of the largest carbon sinks exist on earth and  it is responsible of the global carbon cycle and ecosystems  health. Amongst the several substances soil consist of, Soil  Organic Carbon (SOC)   is the one of high importance [2].  In agriculture SOC has an effect in several soil functions  which include GHG reduction through carbon  sequestration, improved soil fertility and quality [2], [3],  [4], [5].  Additionally, SOC has an impact on soil water  retention and permeability, many herbicides' bioavailability  and fate, the behavior of pesticides in soil, nutrient  absorption by plants and crop output. SOC differs between  rainy regions, and it depends on different land use practices  and soil properties  [3]. Climate crisis leaded to the need of  better understanding of the spatial distribution of SOC to  guarantee food security and enhance soil carbon  sequestration [6]. Accurate and precise SOC spatial  distribution estimates are an important asset for land  management and early decisions. Information on SOC  stocks are crucial for  local authorities and governments for  the establishment of specific agricultural strategies and  farmland activities to achieve the zero - net goal. [7] [8].  SOC stock is influenced by   many factors such as  production processes, soil characteristics, land use and  climate conditions. These uncertainties make SOC  monitoring a complex process. The common methods used  for SOC measurement are based on in - situ data and lab  experiments which ar e labour  -   time consuming and  expensive procedures for large - scale SOC mapping [4].  Alternative solutions are of high importance for cost  reduction, quick results, and accurate SOC prediction [9].     Previous studies developed new techniques to overcome  several limitations by using RS for SOC prediction and  monitoring [10]. Data derived from space borne such as  hyperspectral, multispectral or syntheti c aperture radar (SAR)  and[11] and data derived from air - born remote sensing  platforms and unmanned aerial systems (UASs) can be an  effective approach for SOC monitoring [12]. Higher SOC  estimation accuracy can be achieved by using hyperspectral  images tha n multispectral images due to their higher spectral  resolution. However, their use is often limited due to limited  data availability and high economic cost. Currently, Hyperion  and PRISMA satellites provide open hyperspectral data which  can be analyzed for   adequate SOC estimations [2], [13].  Additional cost - effective multispectral RS sensors used in  previous research studies for SOC estimation in agriculture are  Sentinel - 1, Sentinel - 2 [3], Landsat ETM+ [14] and Gaofen 1  [2]. The use of ML techniques has gra dually increased in SOC  monitoring research over the past years. The advances in ML  techniques opened the way for SOC prediction. ML  methodologies used over time for SOC mapping include the 

 

