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Highlights 9 
 10 

• Saltmarsh carbon stocks can vary by 52 times depending on how upscaling is done. 11 

• IPCC’s recommended carbon sampling procedure can inflate marsh stock calculations. 12 

• Regression upscaling produce detailed maps of carbon distribution in marshes. 13 

• Simple SOC content × area calculations are comparable to machine learning algorithms. 14 

• Uncertainty maps make it easy to assess marsh-scale carbon stock accuracy. 15 

 16 

Abstract 17 

Calculating the amount of soil organic carbon (SOC) stored in coastal environments, including salt 18 

marshes, is needed to determine their role in mitigating the Climate Crisis. Several techniques exist to 19 

calculate the SOC content of a unit of land from the upscaling of soil cores. However, no comprehensive 20 

assessment has been made on the performance of commonly used SOC upscaling techniques until now. 21 

We measured the SOC content of soil cores gathered from two Scottish salt marshes. Two SOC values 22 

were used for upscaling; SOC content for a 1 m standardised depth (as recommended by the IPCC), 23 

and SOC content of the modern marsh deposit (identified in the stratigraphy as a transition from 24 

organic-rich (marsh) to mineral-rich (intertidal flat) soil. Twenty-two upscaling techniques were used 25 

(SOC content × area, interpolative, and regression-based extrapolative calculations). Leave-one-out 26 

cross-validation procedures and prediction interval widths were used to assess the accuracy of each 27 

technique. Digital Terrain Models and Normalized Difference Vegetation Indices were used as 28 

covariate surfaces in the regression models. We found that marsh-scale SOC stocks varied by as much 29 



as fifty-two times depending on which sampling depth and upscaling technique was used. The largest 30 

differences emerged when comparing SOC stocks upscaled from 1 m deep and modern marsh deposits. 31 

Using the IPCC recommended 1 m sampling depth inflated the SOC stocks of salt marshes, as intertidal 32 

flat environments were included in the calculation. Ensemble regression models from the weighted 33 

average of seven machine learning algorithm outputs produced the highest upscaling accuracies across 34 

marshes and sampling depths. Simple SOC content × area calculations produced marsh-scale SOC 35 

stocks that were comparable to stock values produced by more advanced ensemble regression models. 36 

However, regression models produced detailed maps of SOC distribution across a marsh, and the 37 

associated uncertainty in the SOC values. Our findings are broadly applicable for other environments 38 

where large-scale SOC stock assessments and uncertainty are needed. 39 

 40 

Graphical abstract 41 

 42 

 43 
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 47 

1. Introduction 48 



 49 

Vegetated coastlines, including seagrass, mangroves, and salt marshes, are valued for their capacity to 50 

sequester and store large amounts of organic carbon in their soils (Mcleod et al., 2011). The importance 51 

of ‘blue carbon’ habitats in mitigating against climate change is now widely recognised (Macreadie et 52 

al., 2019), especially given that soil organic carbon (SOC) accumulation rates in coastal habitats are 53 

expected to increase in response to sea level rise, temperature increase, precipitation change (Rogers et 54 

al., 2019a; Wang et al. 2021; Herbert et al., 2021). However, coastal habitats are degrading globally, 55 

raising fears that blue carbon habitats could largely disappear by the end of this century (Crosby et al., 56 

2016; Horton et al., 2018; Saintilan et al., 2022) unless significant protection and restoration efforts are 57 

enacted (Macreadie et al., 2017a; Schuerch et al., 2018). Measuring the amount of stored SOC 58 

accurately is crucial for understanding the SOC-equivalent cost of habitat loss, and for justifying 59 

financial investment in protecting and enhancing the SOC storage capacity of coastal habitats 60 

(Theuerkauf et al., 2015; Rogers et al., 2019b; Smith and Kirwan, 2021).  61 

 62 

SOC stock assessments are based on the SOC content of soil cores. Upscaling SOC stocks from the 63 

local (soil core) to the landscape (coastal habitat) scale therefore depends on which statistical technique 64 

and soil core sampling strategy is used. Despite the publication of numerous upscaling techniques in 65 

both marine and terrestrial settings (Olaya-Abril et al., 2017; Kempen et al., 2019; Owusu et al., 2020), 66 

it remains unclear how different upscaling techniques affect SOC stock assessment accuracy. 67 

  68 

Most upscaling techniques fall into one of four classes: (i) ‘back-of-envelope’ calculations: SOC 69 

content of single or multiple soil cores are multiplied by habitat extent; (ii) ‘distance-weighted’ 70 

interpolations: a prediction surface is generated between georeferenced soil core SOC values using a 71 

weighted function; (iii) ‘regression’ techniques: the relationship between SOC stock and predictor 72 

variables, to predict SOC stock values onto spatial covariate surfaces using machine learning 73 

algorithms, and; (iv) ‘regression-kriging’ techniques: an extension of regression models that also 74 

accounts for spatial autocorrelation using distance-weighted methods (Hengl and MacMillan, 2019).  75 

 76 



Back-of-envelope calculations benefit from being relatively simple to apply (MacDonald et al., 2017) 77 

and are commonly used in large-scale, first-order assessments of SOC stocks (Atwood et al., 2017; 78 

Macreadie et al., 2017b; Rogers et al., 2019b). Distance-weighted and regression-based techniques are 79 

commonly used to produce soil carbon maps and are helpful in showing how SOC hotspots correlate 80 

with geomorphic or botanic features in the target habitat (van Ardenne et al., 2018). Regression analyses 81 

are being increasingly used over distance-weighted techniques to produce more detailed soil maps with 82 

better prediction accuracies (Li and Heap, 2011; Ließ et al., 2016). However, the accuracy of regression 83 

models is dependent on the availability of highly correlated covariate surfaces and careful model tuning 84 

and selection (Hengl and MacMillan, 2019). 85 

 86 

Accuracies of all upscaling techniques are improved when intensive and stratified soil core sampling is 87 

employed (Young et al., 2018). This is because variation in SOC both within and between coastal 88 

habitats can be high. Vegetation type, inundation frequency, and grain size all influence SOC 89 

accumulation rates along coastal habitats (Kelleway et al., 2016, 2017; Sousa et al., 2017; Ford et al., 90 

2019). Microbial decomposition rates, accretion history, and site-specific physical context also 91 

influence SOC content with depth (Bai et al., 2016; Van de Broek et al., 2018). SOC content generally 92 

increases upon moving from sea to land, where more mature and organogenic deposits can become tens 93 

of metres deep (Allen, 2000; Van de Broek et al., 2018). Standard sampling of blue carbon habitats to 94 

1 m is encouraged (Howard et al., 2014; Kennedy et al., 2014), yet not always achievable nor desirable 95 

if deposits are shallow or misrepresent much deeper deposits. 96 

 97 

Landscape-scale SOC stock calculations can therefore differ by orders of magnitude, depending on 98 

which upscaling technique and sampling strategy is employed. For example, two national SOC stock 99 

assessments of UK salt marshes produced values which ranged between 5 (Beaumont et al., 2014) and 100 

13 Mt SOC (Luisetti et al., 2019). Whilst back-of-envelope, distance-weighted, and regression-based 101 

extrapolation techniques have all been used to generate saltmarsh SOC inventories at global, regional, 102 

and local scales (Hinson et al., 2017; van Ardenne et al., 2018; Rogers et al., 2019a; Smeaton et al., 103 



2022), no rigorous assessment has yet been made on the accuracy of commonly used upscaling 104 

techniques for calculating coastal habitat SOC stocks from core-based point observations.  105 

 106 

To address this gap, we evaluate the performance of 22 commonly used upscaling techniques in 107 

generating SOC stocks for two geomorphologically distinct salt marshes along the Scottish coastline. 108 

We measured SOC content from multiple cores taken across two marshes to use as the basis of each 109 

upscaling technique. 110 

 111 

2. Study area 112 

 113 

Soil coring and SOC upscaling were done for Skinflats and Caerlaverock salt marshes in Scotland (Fig. 114 

1). Skinflats is situated along the inner Firth of Forth, south-east Scotland. Skinflats is a silt-sand 115 

dominated and mesotidal marsh (Webb and Metcalfe, 1987) with a smooth profile transitioning through 116 

Puccinellia maritima, Festuca rubra / Juncus gerardii, and Elymus repens plant communities (Haynes, 117 

2016). Caerlaverock marsh is situated in the hypertidal outer Solway Firth, south-west Scotland. 118 

Caerlaverock is an open-coast system, fronted by extensive tidal flats and flanked to the west by the 119 

river Nith (Marshall, 1962). Caerlaverock has a fine sand dominated substratum and a terraced 120 

topography characteristic of repeated lateral erosion and expansion phases (Allen, 1989). Abrupt shifts 121 

in vegetation community accompany the elevation changes. Salicornia europaea and Spartina anglica 122 

form the pioneer marsh, and the lower marsh is predominantly Puccinellia maritima. Festuca rubra is 123 

the dominant species at the high marsh, which extends into the transitional marsh zone alongside Juncus 124 

effusus, Carex flacca, and Leontodon autumnalis (Haynes, 2016). Cattle grazing along fenced parts of 125 

the upper marsh maintain a short sward height. Skinflats is relatively narrow (250 m) and small (60 ha), 126 

compared to Caerlaverock which ranges in width by between 1 and 1.5 km, and has a contiguous extent 127 

of ~920 ha. 128 

 129 



 130 

Fig. 1. A Skinflats (56°03'33"N, 003°44'05"W) and B Caerlaverock (54°58'07"N, 003°30'39"W) salt marshes, 131 

Scotland. White points indicate soil core sampling locations. 132 

 133 

3. Methods 134 

 135 

Soil cores were used to calculate the SOC content of Skinflats and Caerlaverock salt marshes. Two 136 

values of SOC content per core were calculated (SOC content of the full core, and SOC content of the 137 

modern marsh deposit only, see section 3.1). Both SOC calculations were then used to generate separate 138 

marsh-scale SOC stocks using twenty-two upscaling techniques divided into four classes of statistical 139 

analysis type (see section 3.2). Uncertainty in each calculation was also calculated (see section 3.3). A 140 

total of 88 stock assessments were produced (2 marshes  2 soil core SOC values  22 upscaling 141 

techniques) (Fig. 2). The stock calculations produced here represent a snapshot of the SOC present in 142 

each marsh from the time of sampling. The stocks therefore do not account for changes in the long-term 143 

storage of SOC affected by processes including microbial decomposition, autochthonous production, 144 

and mineralisation of labile organic matter. All analyses were carried out using R, and the code is 145 

available in Appendix A.   146 

 147 



 148 

Fig. 2. Steps taken to generate marsh-scale soil organic carbon stock calculations. 149 

 150 

3.1. Quantifying the organic carbon content of soil cores 151 

 152 

Soil cores were taken from Skinflats and Caerlaverock in the summer of 2019. Cores were retrieved 153 

along three transects at each site. Two transects were placed perpendicular to the shore intersecting 154 

high- to low-marsh zones, and a third transect ran diagonally on the shore intersecting the two other 155 

transects (Fig. 1; white points). Sampling interval was adjusted to capture any abrupt change in 156 

vegetation composition and elevation. Coordinates of each coring site were taken using a real-time-157 

kinematic GPS to an average accuracy of ~2 cm. Soil coring was done using a narrow (30 mm) 158 

Eijkelkamp gouge auger. Gouge coring has been shown to cause minimal compaction of the sampled 159 

soil (Smeaton et al., 2020). To extract soil cores, the gouge auger was pushed by hand into the ground 160 

to either a depth of 1 m or until a resistant basal layer was reached. Properties of the soil core were then 161 

described using the Tröels-Smith classification scheme (Tröels-Smith, 1955) to provide a stratigraphic 162 

definition of where the modern saltmarsh deposit begins, typically defined as a basal transition from 163 



organic-rich to organic-poor, mineral soils (Hamilton et al., 2015; Swindles et al., 2018; Smeaton et al., 164 

2020). Cores were then sub-sectioned in the field at depths of 0-2, 4-6, 10-12, 20-22, 30-32 and so on, 165 

until 90-92 cm. In total, 26 cores were recovered from Skinflats and 33 from Caerlaverock. 166 

 167 

Each 2 cm soil sample was dried (50°C, 48 h) and weighted to calculate dry bulk density. No rock 168 

fragments were found in the soil samples, and so did not affect bulk density measurements. We only 169 

considered the presence of organic soil carbon deposits in this study, and therefore excluded any SOC 170 

contribution from calcareous (inorganic) material. The dried soil was milled and homogenised, and a 171 

10 mg sub-sample was placed in a silver capsule and treated with HCl through acid fumigation to 172 

remove carbonates (Harris et al., 2001). After further drying (50°C, 24 h), the samples were analysed 173 

for SOC content using an Elementar EL Vario (Verardo et al., 1990; Nieuwenhuize et al., 1994). 174 

Analytical precision of SOC content was estimated from repeat analyses of standard reference material 175 

B2178 (Medium Organic Content Standard; Elemental Microanalysis, UK). Standards deviated from 176 

known SOC reference value by 0.09% (n = 38). Total organic carbon and dry bulk density values for 177 

cores from each marsh are shown in Figs. S1-4. 178 

 179 

A mass preserving spline (Bishop et al., 1999) was used to produce continuous SOC density values 180 

along the length of each soil core (Figs. S5-6; black line). Two values of SOC stock per core were 181 

calculated. The first SOC stock represented the sum of 1 cm SOC density subsection values across the 182 

entire core, following the recommended method outlined by Howard et al. (2014) and by the 183 

Intergovernmental Panel on Climate Change (IPCC) (Kennedy et al., 2014) for implementing national 184 

greenhouse gas inventories. These SOC stock values are henceforth referred to as ‘full core’ SOC stock 185 

values. As retrieving 1 m cores was not possible in all cases, ‘full core’ SOC stocks were standardised 186 

by core length to account for different coring depths between samples. The second SOC stock 187 

represented the sum of 1 cm SOC density subsection values to the bottom of modern marsh deposits 188 

(i.e., to the red dotted lines of each core in Figs. S5-6), representing SOC content of the saltmarsh habitat 189 

only. These SOC stock values are henceforth referred to as ‘stratified core’ stocks. 190 

 191 



3.2. Measuring the carbon stocks of saltmarshes from soil cores 192 

 193 

Marsh-scale SOC stocks were calculated from the SOC content of soil cores, using 22 upscaling 194 

techniques frequently used for generating SOC stock assessments (Table 1). The areal extent of each 195 

salt marsh was used as a template upon which SOC values were mapped. Saltmarsh extents were taken 196 

from Haynes (2016). The geospatial vector data was converted to a raster format in a geographic 197 

information system, to produce maps showing SOC stocks at a standard resolution of 2 m2 (chosen as 198 

the smallest possible resolution, see section 3.2.1). The sum of raster cell values multiplied by the area 199 

of the cell were used to calculate the total SOC content per upscaling technique.  200 

 201 

All 22 upscaling techniques can be divided into 4 classes of SOC calculation (Table 1). The ‘back-of-202 

envelope’ class assign SOC values to a raster cell based on the SOC content of single or multiple soil 203 

cores. The ‘distance-weighted’ class assign SOC values as a function of distance between points, 204 

weighted by the SOC content of surrounding points (Hengl and MacMillan, 2019). The ‘regression’ 205 

class use the relationship between response (SOC values) and predictor variables (see section 3.2.1) to 206 

build a regression model. The model coefficients are then used to predict SOC values of each covariate 207 

raster cell (Li et al., 2011). Lastly, the ‘regression-kriging’ class attempts to improve the ‘regression’ 208 

class predictions by accounting for any spatial autocorrelation between points. This is done by adding 209 

the predictions generated by regression with ordinary kriging of the residuals (Knotters et al., 1995). In 210 

both ‘regression’ and ‘regression-kriging’ classes, an additional marsh-scale SOC surface calculation, 211 

called ‘ensemble’, was generated by averaging the SOC value per raster cell across all regression or 212 

regression-kriging calculations. Averaging was weighted against the R2 score between observed and 213 

predicted values (see section 3.3) of each regression or regression-kriging model (Hengl and 214 

MacMillan, 2019). The ‘gstat’ package was used to fit the Inverse Distance Weighting model (Pebesma, 215 

2004) and the optimal power decay rate was selected through model tuning (see Appendix A). The 216 

‘automap’ package was used to determine the optimum variogram model of the residuals necessary to 217 

quantify autocorrelation in the ordinary kriging and all regression-kriging techniques (Hiemstra, 2013). 218 

All semivariogram models are reported in Appendix A. The ‘caret’ package was used for model tuning 219 



and for fitting each optimal regression model (Kuhn, 2008). Parameters selected from the model tuning 220 

through a cross-validation procedure for each regression model are shown in Appendix A. 221 

 222 

Table 1. Description of the 22 upscaling techniques, divided into 4 classes, used to create SOC maps for Skinflats 223 

and Caerlaverock salt marshes. See Appendix A for a full description of the analysis. 224 

Class and technique Code Calculation of blue carbon value per raster cell 

Back-of-envelope   

   High HIGH SOC value of a single soil core taken from the high marsh zone. 

   Mid MID SOC value of a single soil core taken from the mid marsh zone. 

   Average (transect) TRAN Average SOC value of multiple soil cores taken along a land-to-sea 

transect. 

   Average (all) ALL Average SOC value of all soil cores. 

 

Distance-weighted 

  

   Inverse distance weighting IDW SOC values around each core location are interpolated from the 

weighted average value of nearby points and the inverse of the 

distance between those points as a power decay function. 

   Ordinary kriging OK Similar to IDW, however spatial autocorrelation was used as a 

weighting function rather than distance. 

 

Regression and regression-kriging* 

  

 

   Generalised linear model GLM Coefficients of the regression model used to calculate the SOC values 

of each raster cell. Weighted sum of the SOC predictor variables input 

into the linear model using a Gaussian link function. 

   Generalised additive model GAM Coefficients of the regression model used to calculate the SOC values 

of each raster cell. Weighted sum of the SOC predictor variable input 

into the model using spline functions (calculated automatically using a 

restricted maximum likelihood model) that best represented non-linear 

trends. 

   Random forest RF Coefficients of the regression model used to calculate the SOC values 

of each raster cell. Regression trees and branches grown from a 

bootstrap sample of the SOC predictor variables. 



   Bayesian regularised neural 

network 

BRNN Coefficients of the regression model used to calculate the SOC values 

of each raster cell. An optimal model found from building successive 

mathematical structures between SOC value and SOC predictor 

variables from weighted values of preceding models. 

   Cubist CUB Coefficients of the regression model used to calculate the SOC values 

of each raster cell. The model is identified by partitioning SOC values 

amongst groups of correlated SOC predictor variables using a 

hierarchical set of rules that follow an “if [condition is true] then 

[regress] or else [apply the next rule]” statement. 

   Stochastic gradient boosting SGB Coefficients of the regression model to calculate the SOC values of 

each raster cell. A combination of bagging and boosting approaches is 

used for model selection. 

   Support vector machine SVM Coefficients of the regression model to calculate the SOC values of 

each raster cell. A model is constructed from kernel functions that re-

projected SOC predictor values as vectors onto a hyperspace to 

identify non-linear patterns in SOC. 

   Ensemble ENS Average of all 7 regression model predictions, weighted by the R2 

score between observed and predicted SOC values of each prediction. 

*Regression-kriging combines the output of the regression models with ordinary kriging of the regression residuals, to account for possible 225 

error introduced by spatial autocorrelation. Regression models have the suffix ‘.R’, whilst regression-kriging models have the suffix ‘.RK’. 226 

 227 

3.2.1. Selecting predictor variables for regression-based upscaling 228 

 229 

All regression-based upscaling techniques used a set of predictor variables when calculating SOC 230 

values. When considering which predictor variables to use in our study, we referred to Jenny (1994) 231 

who describe soil SOC stock as a function of soil composition, climate, vegetation, relief, geology, and 232 

time. Continuous spatial layers of covariates can predict SOC stock for a given area when the correlation 233 

between the predictor variable and the response variable is high (Hengl and MacMillan, 2019). We 234 

excluded climate and underlying geology as predictor variables of SOC stock since the variability of 235 

both at the marsh-scale would likely be negligible. Although national layers of soil (including moisture 236 

content, grain size and soil texture) and vegetation (National Vegetation Classification surveys) 237 



composition exist for Scotland (e.g., Haynes, 2016; LandIS, 2020), these were considered too coarse or 238 

had inconsistent coverage to use in the upscaling procedure. Spectral reflectance of vegetation was 239 

instead used to detect variation in vegetation health, identity, and underlying soil composition. The 240 

Normalised Difference Vegetation Index (NDVI) is a commonly applied plant-soil index and was used 241 

here as a proxy for distinguishing vegetation and soil texture types (Gholizadeh et al., 2018).  242 

 243 

Continuous NDVI spatial layers for Skinflats and Caerlaverock were generated from remote sensing. 244 

Cloud-free Sentinel-2 images from 04-07-2019 and 27-06-2019 were downloaded from the Copernicus 245 

Open Access Hub (2021). The images had undergone Level-2A processing, meaning that images were 246 

geometrically, radiometrically and atmospherically corrected (Mayer and Kylling, 2005). NDVI was 247 

calculated by: 248 

 249 

NDVI = 
(B8 - B4)

(B8 + B4)
 250 

 251 

Where B4 and B8 represent the red (650-680 nm) and near infrared (785-899 nm) Sentinel-2 spectral 252 

bands respectively. The resolution of the final NDVI layer was 10 m. 253 

 254 

Saltmarsh elevation is a good proxy of soil age, vegetation structure, and soil composition in marshes 255 

(Allen, 2000). Digital Terrain Models (DTMs) are available for much of Scotland and were therefore 256 

also used as a predictor of SOC stock for both marshes. DTMs with 2 m resolution, retrieved using 257 

Light Detection and Ranging aerial surveys, were downloaded from EDINA Digimap (2019) for 258 

Skinflats and Caerlaverock (2016-11-14). The Skinflats DTM was cropped to remove cells relating to 259 

bridge construction works above the marsh. NDVI and DTM surfaces for both marshes were resampled 260 

into spatial rasters with a 2 m2 cell size and cropped to fully overlap one another. The location of each 261 

soil core was then overlaid onto the covariate rasters, and the cell value from each raster was extracted 262 

and used as the predictor variables in the regression models. 263 

 264 



Distributions, outliers, and collinearity between predictor variables for SOC, NDVI, and DTM values 265 

were then inspected. Response and predictor variables were all normally distributed. Soil cores 8 and 266 

26 in Skinflats reported NDVI and DTM values that were substantially below the mean and standard 267 

deviation values of the sample population (see Appendix A). Both soil core samples were taken at the 268 

salt marsh-tidal flat interface. It is possible that NDVI and DTM values did not accurately represent the 269 

marsh where the cores were taken. The coarse (10 m) resolution of Sentinel-2 images likely included 270 

reflectance from the tidal flat within the cell value, resulting in a lower NDVI index than expected for 271 

the vegetated marsh where the cores were taken. The marsh also appeared to have expanded seaward 272 

since LiDAR data was collected in November 2016, meaning that the DTM values represented lower-273 

elevation tidal flats as opposed to the higher-elevation marshes where the soil cores were taken. For 274 

these reasons, soil cores 8 and 26 were identified as outliers and excluded from the regression analyses.   275 

 276 

Correlation plots between predictor variables showed no evidence of collinearity for either marsh. 277 

Selection of predictor variables to use in the regression analyses was done by inspecting correlation 278 

plots for relationships with the response variables (linear or otherwise) and confirmed by inspecting the 279 

Akaike Information Criterion in a stepwise linear regression with forwards and backwards model 280 

selection. For Skinflats, DTM and NDVI showed no significant relationship with the full and stratified 281 

SOC values respectively, and were dropped from further analysis. For Caerlaverock, NDVI showed no 282 

significant relationship with either the full or stratified cores. NDVI observations for Caerlaverock were 283 

therefore dropped. 284 

 285 

3.3. Assessing the uncertainty of carbon stock values  286 

 287 

Uncertainty of each upscaling technique result was assessed using a leave-one-out cross-validation 288 

(LOOCV) resampling procedure. LOOCV leaves out one sample when generating a SOC map, then 289 

predicts the SOC value of that removed point based on its location on the map. This is repeated until 290 

all samples have been left out once. Two datasets are produced using LOOCV: predicted SOC values 291 

for each point observation, and a series of marsh-scale SOC maps each generated from all-bar-one of 292 



the points. The predicted values were then correlated against their corresponding observed values to 293 

generate an R2 statistic, root mean square error (RMSE), and mean absolute error (MAE) of predicted 294 

SOC values. The correlation plots of observed and predicted values were then checked for evidence of 295 

model bias (i.e., the overestimation or underestimation of predictions) and non-constant variance (i.e., 296 

whether the full range of SOC values were represented). Uncertainty maps were produced by extracting 297 

the 90% prediction interval width (i.e., the difference between the 5% and 95% quantiles) for each raster 298 

cell of overlapping maps produced by the LOOCV procedure. These ‘uncertainty maps’ were used to 299 

assess the performance of each SOC upscaling technique. A lower resolution raster size of 10 m2 was 300 

used to generate the uncertainty maps to reduce computing time. No uncertainty assessment could be 301 

made for ‘HIGH’ and ‘MID’ upscaling techniques since these are based on single cores only. For 302 

‘TRAN’ and ‘ALL’ techniques, LOOCV would result in R2 values with a perfect fit (i.e., R2 = 1) since 303 

the observed and predicted points for each LOOCV iteration would be the same. Given that the R2 value 304 

would not give a meaningful indication of uncertainty in these cases, they were not reported in the 305 

results. 306 

 307 

4. Results 308 

 309 

4.1. Uncertainty assessment 310 

 311 

Uncertainty metrics for each upscaling technique and observed-predicted relationships of the best-312 

performing techniques in each class (i.e., techniques that yielded the lowest RMSE score) are shown in 313 

Table 2 and Fig. 3 respectively. Of the best performing ‘back-of-envelope’ class, mean SOC values 314 

derived from shore-normal transects yielded the lowest RMSE and MAE values across both marshes 315 

and sampling depths (Table 2). However, bias (i.e., the over- and under-prediction of SOC values away 316 

from the dashed 1:1 line) was high (Fig. 3 A, E, I, M). For the best performing ‘distance-weighted’ 317 

models, R2 values were comparable (R2 = 0.33-0.52) except for Caerlaverock (stratified cores) that 318 

yielded a lower R2 value of 0.12 (Table 2). Of these, only Caerlaverock (full cores) showed low bias 319 

(Fig. 3 B, F, J, N). Regression-kriging ensemble techniques consistently reported the lowest uncertainty 320 



scores across all mashes and depths (Table 2). R2 values for Caerlaverock were higher (0.48-0.61) than 321 

Skinflats (0.00-0.26) for all singular regression and regression-kriging class models when full cores 322 

were used to calculate SOC stock. Values were comparable and low (0.00-0.29) when stratified cores 323 

were used (Table 2). When models were combined as ensembles, however, R2 values were comparable 324 

and high for regression and regression-kriging techniques (0.59-1.00) across both sampling depths 325 

(Table 2). The ensemble models generally showed low bias (Fig. 3 C-D, G-H, K-L), except for 326 

Caerlaverock (stratified cores) that tended to underpredict SOC values (Fig. 3 O-P). Regression model 327 

performance only marginally improved with kriging, likely due to little evidence of spatial 328 

autocorrelation amongst the soil core samples (see Appendix A). 329 

 330 



Table 2. R2, Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) terms for 22 upscaling techniques. Best performing models from each model class are shown 331 

in bold. No RMSE, MAE, and R2 values are reported for ‘HIGH’ and ‘MID’ techniques since these used only a single value of SOC. R2 is not reported for ‘TRAN’ and ‘ALL’ 332 

since predicted values produced perfect fits. 333 

 Skinflats Caerlaverock 

 Full core Stratified core Full core Stratified core 

Class and technique R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Back-of-envelope             

   HIGH - 166.72 136.46 - 22.61 19.36 - 140.64 127.30 - 19.45 10.88 

   MID - 245.69 210.49 - 23.24 17.77 - 109.77 95.06 - 19.53 10.86 

   TRAN - 115.74 92.02 - 14.83 13.22 - 101.71 88.23 - 19.01 13.70 

   ALL - 140.61 114.42 - 17.01 13.48 - 103.13 83.65 - 19.36 12.68 

Distance-weighted             

   IDW 0.33 115.79 99.22 0.08 17.45 14.15 0.36 85.39 59.52 0.12 17.75 10.02 

   OK 0.13 126.56 105.47 0.41 17.66 14.12 0.52 69.65 52.76 0.12 17.81 10.40 

Regression             

   GLM.R 0.07 133.87 99.66 0.00 17.15 13.33 0.57 66.13 50.83 0.16 17.52 11.91 

   GAM.R 0.22 123.74 95.29 0.29 13.80 10.84 0.57 66.13 50.83 0.16 17.52 11.91 

   RF.R 0.17 127.03 96.83 0.12 15.44 13.02 0.50 72.70 55.30 0.09 20.10 13.42 

   BRNN.R 0.06 145.60 116.01 0.02 18.69 14.94 0.51 72.61 53.61 0.15 17.57 11.90 

   CUB.R 0.14 129.82 94.87 0.03 16.82 14.05 0.58 65.70 50.49 0.20 17.20 11.32 

   SGB.R 0.16 126.38 98.14 0.20 14.40 12.12 0.54 67.93 50.75 0.10 17.94 12.00 



   SVM.R 0.13 130.38 93.51 0.01 16.74 12.79 0.61 64.57 47.53 0.20 17.77 10.26 

   ENS.R 0.59 96.95 69.91 0.80 8.54 6.75 0.70 55.53 42.27 0.37 15.12 9.85 

Regression-kriging             

   GLM.RK 0.20 123.52 95.05 0.01 17.57 13.61 0.58 65.21 48.83 0.16 17.58 11.84 

   GAM.RK 0.26 120.89 95.97 0.16 15.64 11.86 0.57 65.47 49.11 0.16 17.59 11.83 

   RF.RK 0.22 123.89 95.16 0.04 16.87 13.98 0.48 74.89 56.58 0.08 20.44 13.62 

   BRNN.RK 0.00 140.44 116.53 0.02 17.22 13.16 0.56 66.55 50.94 0.16 17.59 11.84 

   CUB.RK 0.22 123.28 90.47 0.01 17.48 14.54 0.59 64.74 50.17 0.19 17.36 11.60 

   SGB.RK 0.23 121.04 96.05 0.13 15.17 12.52 0.53 68.38 51.79 0.08 18.48 12.34 

   SVM.RK 0.20 123.43 94.44 0.00 16.87 13.07 0.60 63.84 47.16 0.14 17.46 11.37 

   ENS.RK 0.95 50.93 36.31 0.92 6.44 5.12 1.00 5.46 4.24 0.79 10.49 6.91 
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Fig. 3. Correlations between observed and predicted SOC stock values for the best performing upscaling 

techniques of each class (see Table 2) for Skinflats and Caerlaverock marshes using SOC values from full or 

stratified cores. Predicted values are derived from a leave-one-out cross validation resampling procedure. Dashed 

line indicates a perfect fit of observed and predicted values. See Appendix A for all observed-predicted 

relationships. 

 

4.2. Marsh-scale carbon stocks and uncertainties 

 

Spatial calculations of marsh-scale SOC stock and corresponding prediction interval widths (a measure 

of model uncertainty) for the best performing models (see Table 2) are shown in Figs. 4-7. Surfaces 



derived from TRAN calculations showed a homogeneous coverage of SOC and prediction interval 

widths across each marsh (Figs. 4-7 A-B). Distance-weighted surfaces also homogenised ~50 m away 

from where the soil cores were taken (Figs. 4-5 and 7 C), apart from Caerlaverock (full core) where the 

OK model showed a general decrease in SOC stock moving from the landward to seaward edge (Fig. 6 

C). Prediction interval width values increased along the same gradient (Fig. 6 D). ENS.R (Figs. 4-7 E) 

and ENS.RK (Figs. 4-7 G) models produced similar SOC calculations across each marsh and sampling 

depth. The ensemble regression-based surfaces captured more abrupt changes in SOC than back-of-

envelope and distance-weighted classes. For Caerlaverock, SOC values declined abruptly beyond a 

marsh cliff (Fig. S7) by ~30% for both sampling depths (Figs. 6-7 E-G), characterised as a drop in 

elevation and change in vegetation community. For the ENS models, elevated SOC values were 

calculated near the seaward marsh edge and channels for Skinflats (Figs. 4-5 E-G) and at a feature in 

the north-east corner of Caerlaverock (Figs. 6-7 E-G) that greatly exceeded the SOC stock values 

obtained from the soil cores (see x-axis on Fig. 3). Prediction interval width values at these locations 

were also highest (Figs. 4-7, F-H), indicating these SOC values are unreliable and the result of 

extrapolation beyond the range predictor (DTM and NDVI surfaces) and response (observed soil core 

SOC) values used to fit the regression models. 



 

Fig. 4. Stock (red) and uncertainty (blue) of SOC upscaled from full soil cores for a section of Skinflats salt marsh, 

Scotland. Each map was generated from the best performing technique for each upscaling class (see Table 2). The 

specific upscaling technique is reported in each map panel. Uncertainty is presented using the 90% prediction 



interval width calculated from a leave-one-out cross validation resampling procedure, where high values indicate 

greater uncertainty. Normalised Vegetation Difference Index was used as the predictor in the regression models. 

Black dots indicate the location soil cores were gathered. 

 



Fig. 5. Stock (red) and uncertainty (blue) of SOC upscaled from stratified soil cores for a section of Skinflats salt 

marsh, Scotland. Each map was generated from the best performing technique for each upscaling class (see Table 

2). The specific upscaling technique is reported in each map panel. Uncertainty is presented using the 90% 

prediction interval width calculated from a leave-one-out cross validation resampling procedure, where high 

values indicate greater uncertainty. Elevation was used as the predictor in the regression models. Black dots 

indicate the location soil cores were gathered. 



 

Fig. 6. Stock (red) and uncertainty (blue) of SOC upscaled from full soil cores for a section of Caerlaverock salt 

marsh, Scotland. Each map was generated from the best performing technique for each upscaling class (see Table 

2). The specific upscaling technique is reported in each map panel. Uncertainty is presented using the 90% 



prediction interval width calculated from a leave-one-out cross validation resampling procedure, where high 

values indicate greater uncertainty. Elevation was used as the predictor in the regression models. Black dots 

indicate the location soil cores were gathered. 

 



Fig. 7. Stock (red) and uncertainty (blue) of SOC upscaled from stratified soil cores for a section of Caerlaverock 

salt marsh, Scotland. Each map was generated from the best performing technique for each upscaling class (see 

Table 2). The specific upscaling technique is reported in each map panel. Uncertainty is presented using the 90% 

prediction interval width calculated from a leave-one-out cross validation resampling procedure, where high 

values indicate greater uncertainty. Elevation was used as the predictor in the regression models. Black dots 

indicate the location soil cores were gathered. 

 

4.3. Carbon budget assessment 

 

Values of the total SOC content for each marsh section (i.e., the extent represented in Figs. 4-7), 

calculated from full and stratified soil cores for 22 upscaling techniques, are shown in Figure 8. For 

Skinflats and Caerlaverock, the greatest difference in SOC values when comparing across all techniques 

and sampling depths were 52 and 24 times respectively. When averaged across all upscaling techniques, 

total SOC values for Skinflats and Caerlaverock were 16 and 10 times lower respectively when stratified 

soil cores were used over full cores. For each marsh and sampling depth, SOC values ranged by 41-

55% between upscaling techniques, except for Skinflats (stratified) where values ranged by as much as 

86%. Back-of-envelope calculations (HIGH, MID, TRAN, and ALL) ranged by 27-54% across both 

marshes and sampling depths. HIGH calculated more SOC content than MID in all cases, although the 

range difference was much lower (3%) for Caerlaverock (stratified) than the other treatments (that 

ranged by 17-54%). ALL produced higher values of SOC than TRAN for Skinflats, and the pattern was 

reversed for Caerlaverock. The range difference was only 5-24%. There was no consistent trend in 

whether TRAN and ALL calculations were higher or lower than HIGH and MID (Fig. 7).  

 

Distance-weighted classes (IDW and OK) calculated total SOC values that differed by 2-19% for 

Skinflats and Caerlaverock. For Caerlaverock, prediction interval widths (error bars) were markedly 

higher than IDW when stratified cores were used. SOC values from distance-weighted classes were 

comparable to TRAN and ALL values. Regression and regression-kriging model calculations were 

comparable within all marshes and sampling depths. The largest difference was found in Caerlaverock 



(stratified), where the SVM.R and SVM.RK values differed by 33%. For SOC values derived from full 

depth cores, regression-based calculations ranged by 14-18%. In contrast, calculations ranged by 86% 

for Skinflats and 43% for Caerlaverock when stratified cores were used. The range difference was 

driven by high GAM calculations for Skinflats (stratified) and low SVM.R calculations for 

Caerlaverock (stratified). Because GAM regressions yielded the highest R2 values compared to all other 

regression-based models for Skinflats (stratified), ENS calculations (i.e., the calculation weighed by the 

R2 performance of each regression model) fell in between the GAM and other regression calculations. 

The high R2 scores from the GAM regression was likely caused by overfitting from poorly correlating 

variables (see Appendix A). 

 



 



Fig. 8. Marsh-scale SOC content calculated from 22 upscaling techniques for Skinflats (A full and B stratified 

soil cores) and Caerlaverock (C full and D stratified soil cores). Error bars represent the 90% prediction interval 

width calculated from a leave-one-out cross validation resampling procedure. 

 

5. Discussion 

 

Our study demonstrates that marsh-scale SOC stock calculations can differ by as much as 52 times 

depending on how upscaling from the scale of ‘soil core’ to ‘salt marsh’ is done. The reliability of SOC 

upscaling depends upon (i) which technique is used, (ii) how well covariates predict SOC stock (if a 

regression-based method is used), and (iii) whether soil core SOC values from a standardised depth 

(e.g., 1 metre according to IPCC standards) or stratified depth (e.g., only marsh deposits whilst 

excluding deeper stratigraphic horizons equivalent to tidal flat or glacial environments) are used. 

Differences in the approach taken when calculating habitat-scale SOC stocks would have significant 

consequences on ecosystem service valuations. For example, the value of carbon credits in 2010 for 

regulated markets was estimated at $19.18 USD/Mg (Ullman et al., 2013). Since Skinflats and 

Caerlaverock marshes had SOC stocks that ranged by as much as 21,000 and 77,000 MgC respectively, 

valuations would range by $400,000 and $1,500,000 USD per site. These values do not take inflation 

and gain in the value of SOC into account since 2010, and only represent the section of each marsh 

considered here - not the full extent. Differences in valuation would therefore be expected to be even 

higher. Blue carbon stock assessments are being increasingly used to underpin social and ecological 

sustainability programmes including habitat conservation and restoration projects (Gulliver et al., 

2020), payments for ecosystem services schemes (Thompson et al., 2017), and climate change 

mitigation and adaptation policies (Hilmi et al., 2021). It is therefore imperative that an appropriate 

upscaling technique is used when calculating SOC stocks. 

 

The largest differences in SOC stock calculations arose when SOC values from either standardised 1 m 

cores or from modern marsh deposits alone were used. IPCC guidelines (Kennedy et al., 2014) and the 

Blue Carbon Manual (Howard et al., 2014) recommends that a standard sampling depth of 1 metre 



should be used when assessing the SOC stocks of coastal ecosystems. Whilst a standardised depth of 

sampling makes it easier to compare between ecosystems (Duarte et al., 2013), marsh deposits in this 

study were shallow. Deposits only reached a maximum of 16 and 22 cm for Skinflats and Caerlaverock 

respectively, resulting in near-surface marsh-scale SOC stocks that were as much as 16 times lower 

than if 1-metre standardised cores were used for upscaling. Sediment SOC stores beneath modern marsh 

deposits may represent paleo-habitats, such as intertidal flats before marsh colonisation, or terrestrial 

soils flooded during sea level transgression (Shi and Lamb, 1991). Including such ‘pre-marsh’ deposits 

in stock calculations risks inflating the actual SOC storage value of modern salt marsh deposits. Habitat-

specific blue carbon stocks are frequently cited when extoling ecosystem service benefits (e.g., Duarte 

et al., 2013) and are used in policy briefings that argue for conservation and restoration measures (e.g., 

Spalding et al., 2021). Overstating the blue carbon value of an ecosystem would jeopardise SOC stock 

assessments upon which policy and planning is being increasingly based (Gulliver et al., 2020). SOC 

values could also be understated if marsh deposits exceed 1 m. Whilst soil depths of pioneer plant zones 

can be negligible, mature deposits nearest the land can reach tens of metres deep (Allen, 2000). In 

addition to reporting SOC values for 1 m deposits (Howard et al., 2014; Kennedy et al., 2014), we 

advocate for the parallel reporting of soil SOC stocks for distinct ecosystem deposits, where these can 

be clearly identified within stratigraphic sequences. 

 

Considering which upscaling technique to recommend, the ensemble of regression-based models 

consistently performed the best in our uncertainty tests (after checking the strength of SOC-predictor 

correlations, evidence of bias in observed-predicted SOC values, and prediction interval width ranges 

in SOC distribution maps). We therefore consider ensemble upscaling to be the closest estimate of the 

true SOC content of salt marshes in our study. This finding has several important implications. Firstly, 

satellite derived DTM and NDVI surfaces are now freely available for much of the globe (such as the 

Sentinel (Pham et al., 2019a) and Shuttle Radar Topography Missions (Zhao et al., 2018)), offering the 

possibility of generating global and accurate marsh SOC stock calculations (Holmquist et al., 2018; 

Pham et al., 2019b) in combination with ensemble machine learning. Secondly, regression models 

produce detailed maps that show how SOC is distributed throughout marsh soils, unlike back-of-



envelope calculations which assume a homogeneous SOC distribution, or distance-weighted 

calculations which fail to account for sharp transitions in topography or plant community common in 

salt marshes (e.g., the presence of marsh terraces in Caerlaverock). Detailed SOC maps can help 

managers identify valuable and vulnerable parts of a marsh for targeted and cost-effective intervention 

at metre scales, and any unrealistic values can be easily identified using associated error surfaces. For 

example, the maps for Caerlaverock also clearly demonstrate that soils with the highest SOC content 

are located nearest the land, in agreement with other studies (van Ardenne et al., 2018). The key driver 

of marsh loss across Great Britain has been the reclamation of landward facing marsh margins (Ladd, 

2021), which causes the disproportionate loss of carbon dense marshland. Detailed SOC maps can 

therefore demonstrate how much SOC would be lost from human intervention. Thirdly, we found that 

a sample size as low as 26 soil cores was sufficient to produce accurate models of SOC stock 

calculation, in combination with well-fitted regression models; well below the recommended minimum 

sample size of 40 (Young et al., 2018). Moreover, back-of-envelope calculations that used multiple 

cores generally resulted in ballpark figures comparable to ensemble models. SOC values calculated 

from representative sampling, or shore-normal transects taken along the marsh, offer a suitably accurate 

alternative where covariate surfaces are unavailable for regression-based upscaling methods. In 

contrast, upscaling from single cores produced values that, at worse, varied by 65% from ensemble 

calculations. We therefore caution against upscaling from single cores alone, to avoid over- or under-

estimating marsh-scale SOC stocks. 

 

Ensemble regression models performed well, despite the poor correlation between DTM and NDVI at 

Skinflats. A weak correlation between DTM and NDVI on SOC stock could be the result of the 

relatively homogeneous topography and low floristic diversity of the marsh (Haynes, 2016). DTM 

values ranged by only 0.4 m compared to 5 m in Caerlaverock, and NDVI values similarly had a 

restricted range of 0.08 (see Appendix A). Low variation in DTM and NDVI values could amplify 

errors introduced in the generation the covariate surfaces, resulting in a weaker correlation with soil 

SOC content. The use of alternative covariate predictor surfaces could improve regression model fits. 

For example, Gholizadeh et al. (2018) used 18 different satellite band indices to predict SOC in 



agricultural sites. Marsh morphology, floristic composition, and microclimate will likely vary from site 

to site (Gorham et al., 2021), therefore optimum covariates are likely to be marsh-specific (Guevara et 

al., 2018). Nevertheless, accurate SOC stock calculations can still be achieved when taking the weighted 

average of multiple regression models even when built on poorly correlated covariates. 

 

Interpolations perform poorly beyond where point samples are taken for distance-weighted classes and, 

by extension, regression-kriging techniques (Hengl and MacMillan, 2019). The performance of 

distance-weighted models can be improved if a gridded sampling design is adopted across the entire 

target site, with additional sampling taken along sharp topographic and vegetation community 

boundaries (van Ardenne et al., 2018). Regression models are less susceptible to under-representative 

sampling, since SOC stocks can be calculated across a range of DTM and NDVI values. However, any 

bias in the regression model can over- or under-estimate SOC stocks. Bias can be detected using 

observed-predicted plots (Bennett et al., 2013) and some bias was evident in all regression models 

nearest the tail ends of predicted SOC stocks. Prediction interval width surfaces again provide a means 

to detect where bias may exist in soil maps, here most notably along channels and marsh edges. 

Prediction interval width surfaces therefore provide a helpful tool for managers to identify areas where 

additional soil SOC sampling could improve marsh-scale SOC stock calculations. 

 

There is a growing need to better quantify the world’s carbon stores, to better measure progress towards 

mitigating climate change (e.g., for the ‘4 per 1000’ initiative; Minasny et al., 2017). Upscaling 

techniques described here apply to any scenario where large-scale SOC calculations can be derived 

from point samples and (where applicable) covariate surfaces. Our findings are therefore useful in 

calculating the carbon content of other terrestrial and marine deposits.  

 

6. Conclusion 

 

Policymakers require accurate inventories of soil SOC stock to inform conservation management, and 

therefore use of an appropriate sampling strategy and upscaling method are needed. Ensemble 



regression models from the weighted average of seven machine-learning algorithm calculations yielded 

the highest accuracy, even when covariate surfaces correlated poorly. Regression-based models have 

the advantage of producing detailed soil SOC and associated uncertainty maps, which can be used to 

identify SOC hotspots, anomalous values, and data-sparse regions. Covariate surfaces of key SOC 

predictors, such as elevation and vegetation composition, are now globally available and offer the 

possibility of generating large-scale and detailed soil SOC maps in salt marshes and other coastal 

vegetated systems. Simpler average values or distance-weighted techniques of a well-sampled marsh 

offer comparable marsh-scale SOC estimates to regression-based models; however, prediction surfaces 

poorly represent the distribution of SOC throughout the marsh. The use of single measures to upscale 

SOC stock should be avoided, as single values may poorly represent the entire marsh and can bias total 

SOC stocks. Average SOC values of multiple cores taken either along single or multiple transects 

produce marsh-scale SOC stocks equivalent to ‘state-of-the-art’ machine learning tools and are 

especially appropriate if no covariate surfaces of the target site are available. We also advocate for the 

dual reporting of SOC stocks calculated from both the standard 1 m sampling depth and for the full 

depth of modern marsh deposits, for a fairer representation of the actual blue carbon value per site. Our 

findings also apply to non-coastal environments, where determining the SOC stock of a region from 

point measures is required.  
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9. Supportive information 

 

Fig. S1. Total organic carbon distribution with depth of soil cores taken from Skinflats salt marsh, Scotland. Red 

dashed lines indicate the bottom of the modern marsh deposit defined visually using Tröels-Smith classification. 

Labels indicate the core ID and correspond with the core locations shown in Fig. 1 of the main text. 



 

Fig. S2. Dry bulk density distribution with depth of soil cores taken from Skinflats salt marsh, Scotland. Red 

dashed lines indicate the bottom of the modern marsh deposit defined visually using Tröels-Smith classification. 

Labels indicate the core ID and correspond with the core locations shown in Fig. 1 of the main text. 



 

Fig. S3. Total organic carbon distribution with depth of soil cores taken from Caerlaverock salt marsh, Scotland. 

Red dashed lines indicate the bottom of the modern marsh deposit defined visually using Tröels-Smith 

classification. Labels indicate the core ID and correspond with the core locations shown in Fig. 1 of the main text. 



 

Fig. S4. Dry bulk density distribution with depth of soil cores taken from Caerlaverock salt marsh, Scotland. Red 

dashed lines indicate the bottom of the modern marsh deposit defined visually using Tröels-Smith classification. 

Labels indicate the core ID and correspond with the core locations shown in Fig. 1 of the main text. 



 

Fig. S5. SOC distribution with depth for soil cores taken from Skinflats salt marsh, Scotland. Averaged values 

across 5 or 10 cm sections (grey boxes) are fitted with an equal-area spline model (black line). Red dashed lines 

indicate the bottom of the modern marsh deposit defined visually using Tröels-Smith classification. Labels 

indicate the core ID and correspond with the core locations shown in Fig. 1 of the main text. 



 

Fig. S6. SOC distribution with depth for soil cores taken from Caerlaverock salt marsh, Scotland. Averaged values 

across 5 or 10 cm sections (grey boxes) are fitted with an equal-area spline model (black line). Red dashed line 

indicates the bottom of the extant marsh defined visually using Tröels-Smith classification. Labels indicate the 

core ID, which correspond with the core locations shown in Fig. 1 of the main text.  



 

Fig. S7. Example of a relic marsh cliff in the centre of Caerlaverock marsh, which now forms part of the terraced 

topography at this site. Image: A. Vovides. 


