



Soil carbon modelling in rice-based cropping systems to mitigate climate change: A Review
Abstract
Over the last three decades, a plethora of soil carbon models have been developed, but a fundamental gap still persists in the formulation of a comprehensive model that incorporates long-term carbon dynamics from wetland rice ecosystems. Rice-based cropping systems predominating in the Indo-Gangetic plains, extends an area of 9.64 Mha and accounts for 17.5 % of greenhouse gas (GHG) emissions in India. With atmospheric CO2 concentration approaching 420 ppm, carbon storage in wetlands becomes critical for improving the soil properties. Soil carbon modelling, which employs techniques such as machine learning, is emerging as a critical tool for connecting disparate data sources for quantifying sequestration capacity, generating carbon distribution maps and optimizing agricultural operations. Integration of two well-known models viz., PAPRAN (Production of Annual Pasture limited by Rainfall and Nitrogen model) and Long-term model help to understand the breakdown of organic matter pools and track the carbon and nitrogen movement through these pools. This combined approach is able to adjust with different soil and climatic conditions, works well in various farming systems and provides insights into carbon and nitrogen interactions on crop yields. Hence, this review attempts a critical exploration on the possibilities and necessity of a combined approach in carbon modelling in rice-based cropping systems for achieving sustainable ecosystem and climate-resilient agriculture. 
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1.Introduction      ( Number)
India is the second-largest producer of rice in the world, covering an area of 43 million hectares (Guha et al. 2021). Intensive cultivation practices in rice-based cropping systems have resulted in declining soil fertility and organic carbon concentration (Kirk and Olk 2000; Sahrawat 2005; Zhou et al.  2014). Cultivation of summer rice fallows with vegetables or upland crops provide brief fallow periods between the harvest of a crop and beginning of the next crop with periodical drying and wetting of soil. Fallow period enables the producers to follow extensive cropping systems based on rice (Haque et al.  2016). Alternate wetting and drying regulates the breakdown of the residues and affects the C and N dynamics in intensive cropping systems. Hence, in the majority of rice systems, including rice-wheat systems, carbon buildup of soil seems to decrease over time. The type and quantity of crop residue that is being incorporated into the soil depends on the specified crop sequence (Alam et al.  2016). Changes in the C dynamics is possible through residue retention (Franzluebbers et al.  1994), crop rotation (Baldock 2007) and soil disturbance brought about by tillage (Zhou et al.  2014).
Predictions on the analogous effects of alterations in agricultural land use, owing to the intricate structure of the soil C cycle are made possible through modelling approaches. Over the last three decades, a wide range of deterministic, multi-component (variable number of pools that are distinct in decomposition rate) soil organic matter (SOM) models have been developed (Donatelli et al.  2003). Majority of these models were created, calibrated, and used in aerobic and anaerobic conditions (Keiluweit et al. 2017). Quantitative assessment of organic carbon and its dynamics have been the primary emphasis to characterize SOM or SOC dynamics and these approaches have not taken into account (changes in) the bio-chemical integrity (phenolic-humic nature) and its impact on yield. Models are capable in climate change mitigation by assessing the soil carbon turnover under different nutrient (Begum et al.  2018) and water (Jiang et al. 2021) management practices as well as under different climatic variabilities, crop lands (Zhang et al. 2020) and distinct geographical features (Liu et al. 2021). Therefore, it is necessary to create a concise model that considers carbon quantity in addition to long-term carbon and nitrogen dynamics in rice systems or alternating aerobic and anaerobic systems.
In the central Indo-Gangetic Plains of the Indian subcontinent, rice-based agricultural systems covering an area of 9.64 mha are more prevalent (Gangwer et al., 2005). Various rice based cropping systems such as rice - fallow - fallow, rice - rice - fallow, rice - dhaincha - cowpea, (rice + dhaincha) - rice - green gram, rice - cassava - amaranthus, rice - cassava - cowpea, rice - para grass - fodder cowpea, rice - fodder cowpea - fodder maize, rice - okra - culinary melon,  rice - okra - yard long bean, rice - rice – amaranthus (Joy et al.  2022) and plethora of other cropping systems are prevailing under Indian conditions.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               
2.Dynamics of soil organic matter in wetland rice systems
Aerobic environment promotes activities such as organic matter decomposition, nitrification, nitrate leaching, erosion and crop absorption (Rashmi et al. 2020; Launay et al.  2022), whereas anaerobic conditions favour methanogenesis and slower decomposition (Dean et al. 2018). Rice systems under submerged conditions typically consist of an upper homogeneous zone with restricted or partially restricted conditions and a lower zone with significantly reduced oxygen levels (Ibrahim et al.  2021). The duration and prevalence of aerobic and anaerobic phases significantly influence carbon dynamics in perpetually (rice - rice) or intermittently (rice - upland crop) flooded cropping systems (Ramesh et al.  2019). Carbon-nitrogen ratios do not show consistent correlation with gross mineralization rates of inundated rice-based cropping systems, posing challenges for accurate modelling of carbon dynamics (Kumar et al.  2023). 
Decomposition processes are slower under anaerobic conditions, with a long-term impact (Chen et al.  2021), as wetland soils accumulate more organic matter due to slower lignin breakdown and phenolic chemical enrichment of juvenile humus (Cronan and Cronan, 2018). Microbes break down soil organic matter while changes in environmental factors and substrate availability affect microbial biomass (Wang et al.  2021). Under anaerobic conditions lignin breaks down and produces phenolic compounds that can be polymerized with organic matter components. This Phenol-OM structure results in the formation of stable aggregates and improves carbon sequestration. Thereby, emission of CH4 can be controlled and manage greenhouse gas emission.
Carbon sequestration in rice-based cropping systems
Accession and accumulation of CO2 from the atmosphere to prevent global warming and climate change contributions (Daneshvar et al.  2022) is carbon sequestration. At the UN Climate Change Conference in Glasgow 2021 (Conference of Parties-26), India announced its ambition to become self-sufficient and attain net-zero greenhouse gas emissions by 2070 and guarantee a fair transition  where carbon capture and storage is essential. In the report of national greenhouse gas inventory, the agriculture sector emits 408 MMT (million metric tons) of CO2 equivalent, in which 71.32 MMT CO2 equivalent is from rice cultivation (Rajput 2023). In order to reduce the emissions, India would need to bring down 5.3–10 gigatonnes (Gt) of CO2 by 2050 (Singh et al.  2021; Vishal et al. 2021)
In rice based agricultural systems, the potential for C sequestration is not well understood, as the alterations to farming techniques in rice-based systems have the potential to significantly alter SOC levels (Zhu et al.  2014). Heavy tillage practices, intensive cultivation with poor nutrient management (Ratnayake et al.  2017) and continuous fertilization cause deterioration of soil physical, chemical and biological attributes (Basak et al.  2021). This deterioration weakens soil structure and aggregate stability, facilitating the depletion of SOC pool. Hence, it is essential to store carbon in a rice-based system and Paustian (2014) reported that it is possible only through different management practices (Table 1).
Table 1. Management techniques that can boost organic carbon storage and encourage net CO2 removal from the environment in rice-based cropping system
	Management practices
	Carbon storage
	Carbon removal

	Crop rotations and crop residue incorporation
	√
	

	Cover crops and green manuring
	√
	

	Compost and manure inclusion
	√
	

	Revamped grazing land management
	√
	

	Crop rotation with legumes plants
	√
	√

	Biochar application
	√
	√

	No tillage and other conservation tillage
	
	√

	Rewetting peat and muck soils (organic soils)
	
	√

	Balanced fertilization
	
	√


Cropping systems and their nutrient levels can impact carbon dioxide emission under different rice based cropping systems viz., rice – rice - fallow (C1), rice – rice - sweet potato (C2), rice - sweet potato - amaranths  (C3), rice - (cassava+bush cowpea) - daincha (C4), rice – rice - daincha (C5) with different fertilizer doses (F1: Full FYM + Full N + Full P + Full K (Package of Practices, 2016), F2:3/4 FYM + 3/4 N + 3/4 P + Full K and F3 :1/2 FYM + 1/2 N + 1/2 P + Full K) (Table 2). During the cropping seasons, viz., kharif, rabi and summer, F1 recorded the highest CO2 emission (321, 331.4 and 322.33 ppm respectively) and lowest in F3 (290.13, 291.06 and 289.20 ppm respectively). Also, CO2 flux was linearly related with soil temperature, which delineates Arrhenius function, as the SOC follows first order decomposition kinetics.
Table 2. Effect of cropping systems and fertilizer doses on CO2 emission in soil
	Treatments
	CO2 emission (ppm)

	Main plots
	Kharif
	Rabi
	Summer

	C1
	303.77
	313.44
	303.11

	C2
	308.33
	337.89
	275.89

	C3
	309.00
	294.00
	308.56

	C4
	313.33
	255.22
	313.33

	C5
	299.55
	337.56
	321.33

	SEm (±)
	7.47
	7.18
	11.63

	CD (0.05)
	NS
	23.428
	NS

	Sub plots

	F1
	321.00
	331.40
	322.33

	F2
	309.26
	300.40
	301.80

	F3
	290.13
	291.06
	289.20

	SEm (±)
	6.32
	6.75
	5.07

	CD (0.05)
	18.665
	19.917
	14.981


Modelling soil carbon 
Soil carbon modelling refers to the use of machine learning algorithms to model the relationship between soil carbon related data sources, such as farm management strategies with the soil carbon content of an area (Abdoli et al.  2023). The resulting model can then be used to predict carbon content using related data, such as inputs from remote sensing. Models can be used in a variety of applications, like generating carbon distribution maps, quantifying carbon for a certain area at farm scale or examining a soil core using spectroscopy to bypass lab analysis.
The results of several long and short-term research investigations done in the lab and in the field have been utilized to develop recommendations regarding soil and crop management. Simple regression models based on exponential decline seemed extensively effective. Improved computer capabilities and knowledge on the processes led to the fast advancement of dynamic SOM models since 1970 (Campbell and Paustian 2015). 
Carbon models are essential tools in understanding and quantifying the complex dynamics of carbon cycling within Earth's ecosystems. These models provide valuable insights into the fluxes and stocks of carbon. Carbon models can be categorized as analytical models and simulation models (Christensen 1996). Analytical models viz., Sauerbeck and Gonzalez model, SOMM (Soil Organic Matter Mineralization) model and Introductory Carbon Balance model (Shibu 2007), can be considered as the primitive models which was done for uncomplicated and unsophisticated analysis of soil organic matter dynamics. They contemplate soil organic matter decomposition as an individual correspondent pool. Simulation models viz., PAPRAN (Production of Annual Pasture limited by Rainfall and Nitrogen) model, NCSOIL (Nitrogen and Carbon Transformation in Soil) model, RothC (Rothamsted Carbon) model, CENTURY model and DNDC (DeNitrification and DeComposition) model (Shibu 2007), on the other hand, sort out the intricate flux of different soil carbon pools and heterogenous dynamics of soil organic matter in soil with the aid of cybernated systems.
Factors to be considered in carbon modelling

Soil carbon modelling is a comprehensive approach to delve into the carbon dynamics and is dependent on several factors, which include:
1. Climate and weather patterns: Local weather patterns, including temperature, precipitation and seasonal variations, may influence the rate of carbon recycling, which in turn influences the rate of decomposition of soil organic matter,  soil moisture retention and hence, affect plant growth (Carvalhais et al. 2014; Luo et al. 2017).
2. Soil properties: Soil factors like texture, organic matter content and nutrient availability play a significant role in carbon modelling (Luo et al. 2017). These properties affect carbon sequestration, mineralization and turnover rates.
3. Crop type and rotation: Different crops have varying carbon inputs and outputs (Lugato et al. 2014). Selection of crop, planting time, harvesting date and crop rotation practices can influence the C:N ratio by altering the residue incorporation and thereby impact carbon dynamics in agricultural systems.
4. Land management practices: The choice of agricultural practices, such as tillage, cover cropping, irrigation, and fertilization, significantly affects carbon levels in soils (Lugato et al. 2014). Sustainable management practices can enhance carbon sequestration. 
5. Crop residue and biomass: The amount and quality of crop residues, including leaves, stems, and roots influence carbon inputs to the soil when they decompose (Lugato et al. 2014).
6. Carbon inputs: The amount and type of carbon inputs, such as organic amendments (e.g., compost), synthetic fertilizers, and organic matter from plant residues, influence soil carbon levels (Lugato et al. 2014).
7. Carbon losses: Factors contributing to carbon losses, including erosion, runoff, and emission of greenhouse gases (e.g., CO2 and CH4), should be considered to assess the net carbon balance.
8. Land use change: Changes in land use, such as converting forests to agricultural land or vice versa, have profound impacts on carbon stocks and fluxes (Arneth et al. 2017).
9. Temporal and spatial scale: Modelling considers the temporal (e.g., daily, seasonal, annual) and spatial (e.g., field, farm, regional) scales relevant to the research or management objectives (Bardgett et al. 2013).
10. Policy and management goals: The modelling approach should align with policy objectives and land management goals, such as carbon sequestration for climate mitigation or soil health improvement.
Soil carbon models and carbon sequestration

Understanding and modelling the intricate dynamics of soil carbon storage is not only critical for mitigating climate change but also forms the cornerstone of sustainable agricultural practices and ecosystem management. Quantifying sequestration potential is possible through carbon modelling (Wiltshire and Beckage 2022) by considering distinct factors viz., soil type, land management practices, climate and vegetation cover etc. 
Yokozawa et al.  (2010) conducted a study on carbon sequestration potential through organic matter application in Japanese arable soil through a 25-year simulation under three management scenarios viz., farmyard manure application (A), double cropping for paddy fields (B) and A + B. In a span of 25-years, SOC accumulation between A, B and C were 32.3, 11.1 and 43.4 Mt C, respectively (Table 4). Correlating the RothC model with soil spatial data, it was possible to derive the potential C sequestration resulting from an increase in organic matter input (Shirato, 2020). Farmers and land managers can utilize models like APSIM (Agricultural Production Systems sIMulator) to identify practices that maximize carbon sequestration potential. These models guide decisions on adopting agronomic practices in organic matter additions to increase soil content. (Iocola et al.  2017). 
Carbon models are instrumental in monitoring changes in soil carbon content (Deng et al.  2021) by assessing the impact of different agricultural practices and land management strategies on soil carbon levels over time. According to Zhang et al.  (2019), DNDC model when used to monitor crop yield and GHG emission of three rice-upland crop rotational periods, it was revealed that crop rotation systems had the potential to reduce GHG emissions (Table 3). e.g., Rice - Chinese milk vetch rotation system could mitigate CH4 and N2O emissions, due to low underground biomass production.
Table 3. Crop yield and annual CH4 emissions under different rotational periods
	CH4 (kg C ha-1)

	
	2013-14
	2014-15
	2015-16
	Average

	Rice alone
	69.11
	47.65
	34.62
	50.46

	Rice-Winter wheat rotation
	70.00
	92.47
	66.72
	76.40

	Rice-chinese milk vetch rotation
	68.76
	49.79
	20.03
	46.21

	Rice yield (t ha-1)

	Rice alone
	8.68
	9.89
	9.96
	9.51

	Rice-Winter wheat rotation
	8.75
	9.9
	10.04
	9.56

	Rice-chinese milk vetch rotation
	7.49
	9.71
	9.15
	8.78


Carbon offset or carbon trading programmes, often require land owners to demonstrate the carbon sequestration benefits of their practices. Verification and certification of such practices can be done utilizing soil carbon models such as the COMET-Farm model to provide a means to quantify benefits from farming practices and verify eligibility for carbon credits and incentives (Marchant et al.  2022). 
Improving soil carbon content through sequestration is a climate change mitigation strategy, as it removes carbon dioxide from the atmosphere and retains it within the soil. Soil carbon models like the DayCent model are an essential tool for planning strategies to enhance soil quality and climate change mitigation (Begum et al., 2018). They enable assessment of climate change patterns on carbon sequestration in different regions (Falloon et al.  2007) and thereby guiding effective adaptation practices. The DayCent model successfully delineated the rise in soil organic carbon (SOC) observed at the double rice cropped test sites (two sites in Bangladesh) without fertilizer application, taking into account supplementary nitrogen and carbon sources in the simulations. 
Governments and policymakers rely on models like the EPIC (Environmental Policy Integrated Climate) model, which can inform policies and incentives. This involves setting targets for soil carbon levels and providing support for sustainable land management practices (Olander et al.  2013). The adaptation and mitigation measures to cope with the climate change were considered based on EPIC model (Di bene et al.  2022). The performance was evaluated based on crop production and change in soil organic carbon stock change, which showed 32 and 2 percent improvement, respectively.  
Integrated carbon modelling in rice-based cropping system: An exemplary model

Combination of two models viz., PAPRAN model (process-based simulation of annual pasture and grain crop production in semiarid environments that links soil organic matter dynamics, nitrogen availability and management factors to assess productivity) and Long-term model (process-based simulation that harnesses quantitative relations to track soil organic carbon and nitrogen pools over multiple years under different climate and management regimes) gives out a new approach in which fresh, stable and labile organic matter pools are distinguished (Shibu et al. 2012). Carbon dynamics interpretation by the model are described in terms of carbon turnover, assimilation and dissimilation of carbon along with nitrogen linked through multiple C/N ratios. The total carbon turnover during each time interval is calculated by adding up the rates at which the fresh, easily degradable, and stable carbon pools decompose. All the carbon that is assimilated into the microbial biomass, coming from both the local organic matter and newly added organic material, is assumed to go into the easily degradable soil organic carbon pool. Any remaining portion is transformed and discharged as carbon dioxide.

Organic substrates entering the system in the form of roots, rhizodeposition, green manure, straw and/or farmyard manure (FYM) are combined in the fresh organic carbon pool (FOC). This pool is assumed to consist of carbohydrates, cellulose, and lignin with approximate time constants (time needed to reach an equilibrium at a fixed rate of decomposition) of 5, 20 and 105 days, respectively (Seligman and Van Keulen 1981). The unit of the time constant for decomposition of the various pools in the model is year, and the time step (∆t) used in the model is 0.2 y. The proportions of the three biochemical components vary among the fresh organic substrates added to the soil and their lignin content influences the rate of decomposition. Average lignin-C is calculated from the rate and content of the lignin-C in fresh organic inputs. 
The model assumes that within a time step of 0.2 year, most of the fresh organic carbon has vanished and only part of the lignin remains that has a very low rate of decomposition, identical to the stable pool. This is considered as 30% of the total lignin-C initially present in the FOC and is transferred to the stable pool at the end of a season. The actual rate of decomposition of FOC results in an exponential decay. Part of the carbon from the decomposed material is incorporated into microbial biomass, and the complementary fraction is released as CO₂.. According to Seligman and van Keulen (1981), increased carbon production due to decomposition is 0.5, but as microbes may undergo a number of cycles in a season (0.2 y) when substrates are readily available, the substrate is assumed to pass on average three times through the microbial biomass. Therefore, in the current model, the effective growth efficiency is set to 0.125.
In this model by assuming C to be stoichiometrically related to N, the fraction of labile organic pool (FLAB) is calculated as FLAB = 0.4 e (–0.0227 YC) + 0.1  
(YC is the length (years) of the period under cultivation.)
According to this equation, a soil at the start of cultivation has a labile C:stable C ratio of 1:1, and the proportion of labile material continuously decreases under cultivation. Initial labile (CLABI in g m⁻²)  and stable  (CSTBI in g m⁻²) C  are calculated from total initial C  (Ctotal,i in g m⁻²), which is an input to the model.
CLABI =    Ctotal,i FLAB
    CSTBI =    Ctotal,I - CLABI
During decomposition of the labile pool, a fraction (i.e., microbial biomass carbon, GE) is returned to the labile pool and the remainder (1–GE) is released as CO2. Assuming that microbial biomass consists of both labile and stable components, another part of the microbial carbon is transferred to the stable pool (FLTS). Therefore, the net fraction ‘returning’ to the labile pool is GE (1–FLTS). (On decomposition of the stable pool, all carbon from the decomposed material is partitioned between the microbial biomass carbon (GE) and CO2.
· Total C turnover = RDFOC + RDLAB + RDSTB 
· C assimilated = (RDFOC + RDLAB + RDSTB) GE 
· C dissimilated = Total C turnover – C assimilation 
· Net rate of change of the labile pool = (RDFOC + RDSTB) GE + RDLAB (GE) (1





    –FLTS) – RDLAB 
· Net rate of change of the stable pool = RESFOC + RDLAB (GE) (FLTS) – RDSTB 
where RDLAB and RDSTB are the rates (g m⁻² y⁻¹) of decomposition of the labile and stable carbon pools, respectively (Seligman and Van Keulen 1981).
Each model has a set of standardized parts or independent units that can be used to develop more complex and authentic models. In this model there are certain modules (Table 4).
Table 4. Soil module and crop module of the PAPRAN model (Shibu et al.  2006)
	Soil Module
	Crop Module

	Two layers (0-15cm and 15-30 cm) are distinguished, as they are important for carbon dynamics.
	The development stage is elucidated as a function of the heat sum (i.e., above a threshold temperature).

	Temperature has been adjusted to seasonal average (Timsina and Connor, 2001)
	The model distinguishes pre-flowering and post-flowering stages of crop development.

	Soil water content is assumed to be either at field capacity or at saturation depending on the cropping period. 
	The model calculates the potential yield until flowering and reduces the potential yield to water-limited and/or N-limited yield due to water and/or nitrogen deficiency

	In the model, saturated field conditions are assumed for rice and irrigated conditions for upland crops.
	Calculation of biomass formation utilizing light use efficiency (LUE) (Monteith, 1990)

	Crop-specific nitrogen recovery fraction (NRF) is used to approximate available N
	Partitioning of total biomass - fifteen percent is partitioned belowground (roots (5%) and rhizodeposition (10%)) and the remainder is partitioned between straw and storage organs based on the harvest index (HI).

	Ambient conditions for bulk density, water-holding capacity (WHC) and soil hydraulic conductivity were used
	


Parameterization
The PAPRAN model parameterizes soil organic carbon (SOC) dynamics by classifying SOC into labile and stable pools based on land use history (Shibu et al., 2012). Sites with natural vegetation adopt a 1:1 labile:stable ratio, long-term cropping sites use 1:4, and unknown histories assume 1:2.3. C:N ratios are critical for modeling mineralization; values are set at 10 for labile SOC (microbial biomass-rich) and 20 for stable SOC. Fresh organic matter (FOM) C:N ratios vary with substrate type. Crop-specific biomass inputs are modeled using the light use efficiency (LUE) approach, with species-specific LUE values assigned to various crops in the system. These parameters enhance model accuracy in simulating SOC turnover and carbon-nitrogen interactions. Integration of carbon fractions and substrate quality further refines decomposition rates. This parameterization framework enables robust simulation of SOC processes across diverse land use and cropping systems, supporting predictive modeling for sustainable soil management.
Table 5. List of parameters used in PAPRAN model (Shibu et al.  2012)
	Parameters

	Soil organic matter

	Maximum relative rate of decomposition of labile pool, year-1 and stable pool, year-1

	C:N ratio for substrates moving to the labile pool as well as moving to the stable pool

	Fraction of C decomposed from labile that is transferred to the stable pool

	Fraction of decomposed carbon incorporated to the microbial biomass (Growth efficiency)

	Carbon concentration of the biomass

	C:N ratio of roots, rhizodeposition, straw, farmyard manure and green manure


Sensitivity analysis
Variations in key environmental and soil parameters (temperature, pH, silt and clay content) are assessed to understand their influence on long-term soil organic carbon (SOC) dynamics, nitrogen cycling and crop yield under unfertilized conditions across a 100-year simulation. This evaluation highlights how shifts in climate and soil properties can alter microbial activity, organic matter decomposition, nutrient availability and overall system productivity. Reduction in temperature by 3oC led to increased SOC, total nitrogen, nitrogen supply and crop yield, while a similar temperature increase resulted in decreases in these parameters. Decreasing soil pH from 7.5 to 6 increased SOC and total soil nitrogen but reduced N supply and crop yield due to inhibited microbial activity. The opposite occurred with an increase in pH from 7.5 to 9. shifts in silt and clay concentration have an indirect impact on soil organic matter through moisture retention and a direct impact by means of organic matter protection. Decreasing combined clay and silt content led to lower SOC and total N, while increasing it raised these parameters but reduced N supply and crop yield. Impact of soil texture on moisture and SOC, N and crop yield dynamics are complex and interconnected with varying outcomes based on moisture levels and texture changes. 
Calibration of PAPRAN model
Model calibration is a critical step in ensuring the reliability and predictive accuracy of simulation frameworks used in agroecosystem analysis. In a study by Shibu et al.  (2006), calibration was performed using long-term field data from Ludhiana-1 and Nadia sites, focusing on soil organic carbon (SOC), nitrogen dynamics, and crop yield under varied nitrogen management regimes. At Ludhiana-1, the model successfully reproduced increasing trends in SOC and crop yields for treatment-1 (WS+GM+52 kg N ha⁻¹) and treatment-2 (150 kg N ha⁻¹), while SOC remained stable in the control. Simulated rice yields were slightly higher in treatment-2, though observed yields were comparable across treatments. Organic sources contributed significantly to nitrogen uptake in treatments-1 and 3, while mineral fertilizer dominated in treatment-2. At Nadia, the model showed strong agreement with observed SOC, total nitrogen, and crop yields, with minor overestimations. The model effectively captured the contribution of organic matter to nitrogen mineralization (37–76%), validating its capacity to simulate nutrient cycling and productivity across diverse management scenarios. 
Validation of PAPRAN model
The model validates the results (Soil Organic Carbon) to simulate various agricultural scenarios and their impacts on soil carbon, nitrogen dynamics and crop yields across different locations (Zhang et al. 2018). Validation of data composed with data accumulated from multiple sites viz., Ludhiana-1, Ludhiana-2, Ludhiana-3, Samantipur (Shibu et al.  2006).
1. SOC and N dynamics: The model reproduces increasing SOC trends in Ludhiana-3 and Palampur but underestimates the rate in Ludhiana-2. Nitrogen dynamics generally align with observed trends but display underestimation in some cases, possibly due to variations in microbial community C/N ratios influenced by organic inputs.
2. Crop yields: The model generally matches observed crop yields but overestimates in some situations, such as the control treatment in rice at Ludhiana-3. Declines in observed rice yields in the early years, not replicated by the model, are noted in certain treatments.
3. Contribution of organic sources: Organic sources significantly contribute to total N uptake in specific treatments, like Ludhiana-1 and Ludhiana-3 for rice, compared to purely mineral fertilizer treatments. Wheat yields show a lower contribution from organic sources.
4. Location-specific issues: Karnal consistently sees overestimations in SOC and crop yields, possibly due to soil properties affecting SOC accessibility. In Samastipur, SOC is overestimated, and crop yields are also overestimated, potentially influenced by factors like soil inorganic carbon content
5. Methane emission: The model suggests methane emissions increase with biomass production and residue application in rice but lacks validation against observations. Locations with higher yields tend to exhibit higher methane emissions in rice paddies.
6. Model performance: Model performance evaluated by RMSD (Root Mean Square Deviation) shows a good fit for SOC, with an RMSD of 1.9 g kg⁻¹, which is 23% of the mean value. For rice and wheat yields, RMSD is 1.1 Mg ha⁻¹, corresponding to 26% and 37% of the mean observed yield, respectively. Correlations between yield and environmental factors like solar radiation and N uptake are noted, with stronger correlations in fertilized treatments.
Reliability of modeling in SOC estimation
The reliability of applied models examined through critical scrutiny of their accuracy, uncertainties and applicability across diverse ecological contexts depicts that it enhances the precision of SOC predictions and informs effective carbon management strategies. Process-based SOC models combine soil, plant and atmosphere interactions into clear numerical frameworks for tracking soil carbon dynamics over time. Integration of models merge field measurements, satellite data and modules for residue breakdown, nitrogen cycling and soil moisture to generate detailed SOC predictions once calibrated with local trials. Their modular design lets the researcher add factors, viz., tillage, cover crops or nutrient sources and quickly test each one’s impact on carbon stocks. This approach scales down on repeated field sampling and lab work, saving time and money. Spatial scaling and scenario analyses help decision makers evaluate how land use changes, management practices or new technologies will affect regional carbon budgets. Small uncertainties can evolve from initial SOC estimates or missing processes. Careful calibration, model ensembles and uncertainty analysis keep these errors minimal compared to the overall benefits of the model.
CONCLUSION
Carbon sequestration is a crucial strategy for mitigating climate change and preserving ecosystems, with significant relevance to agricultural systems, particularly rice-based cropping systems prevalent in regions like the Indo-Gangetic plains of South Asia. Understanding the impact of carbon dynamics in these systems and implementing effective carbon sequestration practices is essential for sustainable agriculture and climate resilience. Carbon dynamics in rice-based cropping systems are influenced by various factors, including aerobic and anaerobic conditions, decomposition rates, microbial activity, and environmental factors like temperature and moisture. These dynamics play a pivotal role in determining soil organic carbon content and its sequestration potential. 
To assess and optimize carbon sequestration in crop systems, various soil carbon models are available, ranging from analytical models like the Sauerbeck and Gonzalez model to comprehensive simulation models, viz., RothC, CENTURY, PAPRAN, DNDC and CANDY, in which DNDC and PAPRAN models are found to be used in various rice based studies due to their easiness and accuracy in modelling. The specter of the PAPRAN model in the rice system significantly delineates the mathematical approaches in the derivation of carbon schematics in soil along with carbon-nitrogen correlation.  PAPRAN considers different aspects of soil organic matter turnover, decomposition rates, and environmental variables to simulate carbon dynamics accurately. Heterogeneous SOC components and crop attributes took account of parameterization, while multisite data accords to calibration and validation of the model. However, the choice of an appropriate model depends on specific research objectives, the complexity of the system, and data availability. In addition, considering factors such as climate, soil properties, crop types, land management practices, and carbon inputs and losses is crucial in model employment. Altogether, carbon modeling in rice-based cropping systems provides valuable insights into carbon sequestration potential, optimization of agricultural practices, policy-driven carbon storage systems and contribution to climate change mitigation and adaptation efforts. Carbon modelling serves as an essential tool in the quest for sustainable and resilient agricultural systems that combat climate change while ensuring food security and environmental conservation.
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