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A.1: Literature review comparing the accuracy of different methods for SOC estimation.  
	Activity modelling 
(Using Roth-C)
	Authors
	Measured Range
	Initial stocks
	SE
	EF
	MD
	-
	R2
	RMSE
	Country (IPCC climatic zone)

	
	Kamoni et al 2007
	15-40t/ha
	 -
	 -
	 -0.37
	0.06 
	
	0.34a 
	8.05t/ha
	Kenya (Tropical montane)

	
	Francaviglia et al 2013
	8.5-24.6g/kg
	15.2g/kg
	4.7
	 0.58
	 -
	- 
	0.84
	12.37g/kg
	Italy (warm temperate moist)

	
	Lee et al 2021
	25.39-43.55mg/ha
	 35.38mg/ha
	 -
	- 
	- 
	- 
	0.98b
	2.45mg/ha
	Australia (warm temperate dry)

	
	Mondini et al 2017
	 2.5-32g/kg
	 -
	- 
	- 
	 -1.2
	 -
	0.98c
	4.5%
	Italy and Spain
(warm temperate dry)

	
	Farina et al 2013
	- 
	 1.7%
	 -
	 0.42
	 1.14
	- 
	0.96d
	5.7%
	Australia (warm temperate dry)

	
	Li et al 2006
	-
	 6.9g/kg
	 -
	 -
	 2.22
	 -
	0.78e
	14.27 
	China (warm temperate dry)

	
	Singh & Benbi 2020
	-
	 4.3g/kg
	- 
	- 
	- 
	- 
	0.94f
	 1.07-9.86mg/ha
	India (tropical dry)

	
	Studdert et al 2011
	-
	37.3g/kg
	- 
	- 
	- 
	- 
	0.59
	 4.07mg/ha
	Argentina (warm / cool temperate dry)

	
	Average
	 
	 
	 
	 
	 
	 
	0.77
	 
	 
 

	Ex-situ spectroscopy (in laboratory)
	Authors
	Range
	Mean
	SD
	Bands
	Model
	RPD
	R2
	RMSE 
	 
 

	
	Viscarra & Rossel (2006)
	0.85-2.14 dag/kg
	1.34
	0.25
	MIR
	PLSR
	 -
	0.73
	0.15dag/kg
	 
 

	
	Reeves & McCarty, 2001
	6130-33900 mg/kg
	13380
	4630
	NIR
	PLSR
	2.78
	0.94
	993mg/kg
	 
 

	
	Peng et al 2014
	0.79-30.73 g/kg
	 -
	 -
	Vis NIR
	SPA-SVMR
	1.89
	0.73
	2.78g/kg
	 
 

	
	Nocita et al 2013
	9-50.2 g/kg
	 -
	 -
	Vis NIR
	PLSR
	2.6
	0.87
	3.45g/kg
	 
 

	
	Stevens et al 2008
	5.9-22.1 g/kg
	 -
	 -
	VisNIR
	PLSR
	2.03
	0.75
	0.7g/kg
	 
 

	
	Jia et al 2017
	0.39-130.5 g/kg
	20.05
	19.4
	MIR
	SVMR
	2.12
	0.82
	9.19g/kg
	 
 

	
	Jia et al 2017
	0.39-130.5 g/kg
	20.05
	19.4
	VNIR
	SVMR
	2.41
	0.86
	8.06g/kg
	 
 

	
	Winnowiecki et al 2016
	1.5-81.4 g/kg
	 -
	 -
	MIR
	RF
	 -
	0.95
	4.3g/kg
	 
 

	
	Vagen
	1.75-30.31 g/kg
	 -
	- 
	MIR
	RF
	-
	0.98
	1.3g/kg
	 
 

	
	Shepard & Walsh 2002	Comment by Athena Birkenberg: missing
	2.3-55.8 g/kg
	12
	 -
	Vis-NIR
	MARS
	 -
	0.8
	3.1g/kg
	 
 

	
	Fidêncio et al 2002
	0.4-4.88 %
	 -
	- 
	NIR
	RBFN
	 -
	0.96
	0.32%
	 
 

	
	Chang & Laird 2002
	15.4-144.9 g/kg
	48.7
	26.1
	Vis-NIR
	PLSR
	4.2
	0.89
	6.2g/kg
	 
 

	
	Bai et al 2022
	0.98-20.49 g/kg
	3.54
	3.08
	Vis-NIR
	CNN
	3.18
	0.9
	0.97g/kg
	 
 

	
	Gomez et al 2008a 
	 -
	 -
	 -
	MIR
	PLSR
	 -
	0.91
	0.15dag/kg
	 
 

	
	Average
	 
	 
	 
	 
	 
	 
	0.86
	 
	 
 

	Proximal sensing
	Authors
	SOC range 
	Mean
	SD
	Bands
	Model
	RPD
	R2
	RMSE
	Device
 

	
	Stevens et al 2008
	5.9-22.1 g/kg
	 
	2.6
	VisNIR
	PLSR
	2.11
	0.75
	0.7g/kg
	Fieldspec Pro FR
 

	
	Sharififar et al 2019
	0.05-1.95 %
	0.34
	0.35
	NIR
	Cubist
	2.19
	0.78
	0.16%
	Neospectra
 

	
	Sharififar et al 2019
	0.05-1.95 %
	0.34
	0.35
	VisNIR
	Cubist 
	2.92
	0.89
	0.12%
	ASD
 

	
	Kusumo 2018
	1.41-2.65 %
	1.98
	0.40
	Vis-NIR
	PLSR
	3.82
	0.93
	0.298%
	ASD field spec 3
 

	
	Gomez et al 2008 
	0.002-5.1 %
	 
	 
	Vis-NIR
	PLSR
	1.87
	0.71
	0.53%
	AgriSpec portable spectrometer
 

	
	Bricklemyer & Brown 2010
	6-27.2 g/kg
	12.1
	3.20
	Vis-NIR
	PLSR
	1.3
	0.42
	-
	Veris Technologies
 

	
	Cozzolino et al 2013
	 
	 
	 
	 
	PLSR
	1.8
	0.81
	-
	-
 

	
	Kodaira & Shibusawa 2013
	3.88-10.22%
	6.59
	1.14
	Vis-NIR
	PLSR
	2.9
	0.9
	0.35%
	RTSS (SAS 1000, SHIBUYA MACHINERY Co., Ltd.)
 

	
	Kweon et al 2013
	0.4-6.9
	2.44
	0.81
	EC/NIR
	MLR
	4.85
	0.83
	0.25%
	Veris OpticMapper with soil EC and optical sensors
 

	
	Ji et al 2015
	 
	 
	 
	 
	PLSR
	1.79
	0.7
	0.27g/kg
	 
 

	
	Kuang et al 2015
	0.73-17.85%
	2.32
	2.85
	Vis-NIR
	PLSR
	1.95
	0.73
	1.46%
	AgroSpec from tec5 Technology for Spectroscopy, Germany
 

	
	Kuang et al 2015 
	0.73-17.85%
	2.32
	2.85
	Vis-NIR
	ANN
	2.33
	0.83
	1.22%
	AgroSpec from tec5 Technology for Spectroscopy, Germany
 

	
	Viscarra Rossel et al., 2017
	0.02-16.28%
	1.54
	2.4
	Vis-NIR
	Cubist
	 
	0.81
	0.41%
	SCANS
 

	
	Kühnel & Bogner 2017
	8.3-16.9mg/G
	12.4
	 
	Vis-NIR
	Smote/PLSR
	1.32
	0.4
	1.9mg/g
	Agrispec portable spectrometer (PAN-alytical)
 

	
	Sorenson et al 2017 
	0.25-6.14%
	1.78
	1.28
	 
	Cubist
	2.2
	0.8
	0.6%
	P4000 drill rig mounted spectrometer (Veris® Technologies)
 

	
	Veum et al 2018	Comment by Athena Birkenberg: missing
	0.03-2.95 g/100g
	0.67
	0.44
	Vis-NIR
	PLSR
	 
	0.65
	0.26g/100g
	Veris p4000
 

	
	Nawar et al 2020
	0.96-2.04%
	1.33
	0.25
	VNIR
	Cubist
	 
	0.76
	0.12%
	CompactSpec, Tec5 Technology, Germany
 

	
	Shen et al 2020
	1.15-3.589%
	2.17
	0.49
	 
	PLSR
	1.71
	0.71
	0.28%
	ASD) FieldSpec 4 High-Res
 

	
	Average
	 
	 
	 
	 
	 
	 
	0.75
	 
	 
	 

	Remote sensing
	Authors
	SOC range 
	Mean 
	SD
	Depth (cm)
	Model
	RPD
	R2
	RMSE
	Product
	Resolution (m)

	
	Vågen & Winowiecki, 2013
	2-8kg/m2
	 
	 
	30
	RF
	Nil
	0.65
	-
	Landsat ETM+
	30

	
	Winowiecki et al., 2016
	1.5-81.4g/kg
	12.4
	 
	30
	 
	Nil
	0.81
	1.03kg/m2
	MODIS
	500

	
	Vågen et al., 2018
	1.75-30.31 g/kg
	 
	 
	 
	RF
	Nil
	0.80
	8.2g/kg
	RapidEye
	5

	
	Zepp et al 2021
	0.26-18.3%
	1.9
	1.3
	 
	RF
	1.77
	0.67
	1.24%
	Landsat
	30

	
	Vågen et al., 2013
	15.5-51.5g/kg
	 
	 
	20
	RF
	-
	0.79
	-
	Landsat ETM+
	30

	
	Dvorakova et al., 2021
	g/kg
	12.3
	 
	 
	PLSR
	2.7
	0.78
	0.45g/kg
	Sentinel 2
	 

	
	Urbina-Salazar et al 2021
	5.03-53.1 g/kg
	14.14
	10.2
	 
	PLSR
	1.83
	0.70
	5.58g/Kg
	Sentinel 2
	 

	
	Gomez et al 2008a 
	0.002-5.1%
	 
	 
	 
	PLSR
	1.43
	0.51
	0.73%
	Hyperion
	30

	
	Ward et al 2020
	8-134 g/kg
	15.5
	26.02
	 
	PLSR
	2.19
	0.78
	11.88g/kg
	airborne HySpex
	 

	
	Ward et al 2020
	8-134g/kg
	15.5
	26.02
	 
	PLSR
	2.15
	0.77
	12.63g/kg
	simulated satellite EnMAP
	 

	
	Dvorakova et al., 2020 
	7.5-19.9g/Kg
	11.6
	2.8
	 
	PLSR
	1.50
	0.59
	1.75g/kg
	APEX
	2

	
	Žížala et al 2019
	0.84-2.62%
	1.44
	0.39
	 
	RF
	1.65
	0.74
	0.24%
	Planetscope
	 

	
	Vaudour et al 2019
	6.38-31.9g/kg
	15.08
	4.66
	 
	PLSR
	1.50
	0.58
	3.02g/kg
	Sentinel 2
	10-20m

	
	Ayala Izurieta et al., 2022
	Mg/ha
	 
	 
	30
	GPR
	 
	0.85
	1.58mg/ha
	Sentinel 2
	 

	
	Bhunia et al 2019
	0.3-9.9
	5.02
	2.6
	 
	 
	 
	0.81
	1.11
	Landsat 4
	 

	
	Average:
	 
	 
	 
	 
	 
	 
	0.72
	 
	 
	 

	Notes:
EF = Modelling Efficiency; CRM =Coefficient of Residual Mass; SD = Standard Deviation; SE = Standard Error; R2 = coefficient of determination; RMSE = Root Mean Square Error; RPD = Residual Product D; Model = type of prediction model used for estimating SOC content from spectral data [RF: Random Forest, PLSR: Partial Least Squares Regression, GPR: Gaussian processes regression; ANN: Artificial Neural Network, Convolutional Neural Network, SPA: Successive Projections Algorithm, SVMR: Support Vector Machines Regression, MARS: Multivariate adaptive regression splines, RBFN]; Band = region of electromagnetic spectrum used for the spectral analysis 
a. Originally given as r, converted to R2. Averaged across 2 research sites in the paper. Estimates to 20cm depth. 
b. Only the R2 value reported for predicting total organic carbon in a cropping environment was taken (See Figure 3 in source)
c. Originally given as r, converted to R2
d. Spearman’s correlation coefficient used, results of dry and bare soil models, for all sites was taken.
e. Originally given as r, converted to R2. Only results from the control (nil) treatment at Changping trial site using the Roth C M model (with input values from measured biomass) are taken.
f. Results from the independent validation are taken, averaged across 2 cropping types



A.2: Basis and Assumptions behind cost estimates used for comparison of the MRV approaches. 
	Approach
	Assumptions	
	Cost ($/ha/yr)

	L1
	Laboratory analyses of soil samples is performed via wet chemistry at standard costs in Kenya ($20 per plot) for all 32,000 plots every 4 years and averaged over the 20-year project duration. 
	5

	AM3*
	Survey costs synthesized using local costs (enumerator fees and logistics) in Western Kenya for all 32,000 farmers. Assuming the survey is done yearly. 
	4.4

	AM1
	Following estimates by experts (pers. Comm) placing farmer group monitoring costs in Kenya at $3.9/ha/yr. 
	3.9

	L2
	Laboratory analyses of soil samples is performed via   MIR-spectroscopy at standard costs in Kenya ($6.5) for all 32,000 plots every 4 years and averaged over the 20-year project duration.
	1.6

	PS2
	Average cost for soil analyses with soil scanner in Kenya ($6) for all 32,000 plots; performed once every 4 years and averaged over the 20-year project duration.
	1.5

	PS1
	Assuming the monitoring entity purchases 1 device per 500 farmers (i.e., 20 groups of 25 farmers) at the cost of an Agrocares (https://www.agrocares.com/scanners/) scanner in Kenya ($3,000). The yearly license fee of $1800 for Agrocares database is included. Total cost is then averaged over a 20-year project duration.
	0.3

	AM2
	Survey costs synthesized using local costs (enumerator fees and logistics) in Western Kenya for a sample size of 600 (sample size is calculated based on desired statistical accuracy level). Assuming the survey is done yearly. 
	0.3

	RS1
	Using medium resolution imagery at cost USD 0 - 2.5/km2. Assuming imagery analysis cost USD10.4/km2 according to estimates by Böttcher et al. (2009) and that no additional equipment / software is purchased. Spectral analysis is carried out every 4 years at validation. One-off costs for initial collection of ground truth data (1200 soil samples) and analysis via L2 for model calibration are included in the costs. Total costs are averaged over the 20-year project duration to estimate yearly costs. 
	0.2

	RS2/AM4
	Assumes identical cost as RS1 since the available data was not sufficient to develop cost estimates for this approach.
	0.2

	* Cost estimates for all AM approaches consider data collection only. QC, verification, and data analysis are not included. 






A.3: Scores of the MRV approaches across performance Indicators. 
	
	L1
	L2
	AM1
	AM2
	AM3
	RS2
	PS1
	PS2
	RS1

	Accuracy (Potential)
	5
	4
	3
	3
	3
	3
	3
	3
	2

	Standardization
	5
	4
	4
	4
	4
	1
	2
	2
	1

	Cost reduction
	1
	4
	2
	1
	5
	5
	5
	4
	5

	Adoptability
	5
	5
	4
	4
	5
	3
	4
	4
	2

	Community Benefits
	3
	3
	3
	2
	3
	2
	4
	3
	1
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