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Abstract
Purpose Identification of hotspots of accelerated erosion of soil and organic carbon (OC) is critical to the targeting of soil 
conservation and sediment management measures. The erosion risk map (ERM) developed by Lilly and Baggaley (Soil ero-
sion risk map of Scotland, 2018) for Scotland estimates erosion risk for the specific soil conditions in the region. However, 
the ERM provides no soil erosion rates. Erosion rates can be estimated by empirical models such as the Revised Universal 
Soil Loss Equation (RUSLE). Yet, RUSLE was not developed specifically for the soil conditions in Scotland. Therefore, we 
evaluated the performance of these two erosion models to determine whether RUSLE erosion rate estimates could be used 
to quantify the amount of soil eroded from high-risk areas identified in the ERM.
Methods The study was conducted in the catchment of Loch Davan, Aberdeenshire, Scotland. Organic carbon loss models 
were constructed to compare land use specific OC yields based on RUSLE and ERM using OC fingerprinting as a benchmark. 
The estimated soil erosion rates in this study were also compared with recently published estimates in Scotland (Rickson 
et al. in Developing a method to estimate the costs of soil erosion in high-risk Scottish catchments, 2019).
Results The region-specific ERM most closely approximated the relative land use OC yields in streambed sediment however, 
the results of RUSLE were very similar, suggesting that, in this catchment, RUSLE erosion rate estimates could be used to 
quantify the amount of soil eroded from the high-risk areas identified by ERM. The RUSLE estimates of soil erosion for 
this catchment were comparable to the soil erosion rates per land use estimated by Rickson et al. (Developing a method 
to estimate the costs of soil erosion in high-risk Scottish catchments, 2019) in Scottish soils except in the case of pasture/
grassland likely due to the pastures in this catchment being grass ley where periods of surface vegetation cover/root network 
absence are likely to have generated higher rates of erosion.
Conclusion Selection of suitable erosion risk models can be improved by the combined use of two sediment origin techniques—
erosion risk modelling and OC sediment fingerprinting. These methods could, ultimately, support the development of targeted 
sediment management strategies to maintain healthy soils within the EU and beyond.

Keywords Erosion risk · Organic carbon loss modelling · RUSLE factor calibration · Sediment fingerprinting · Terrestrial-
to-aquatic fluxes

1 Introduction

Soils provide a range of benefits for society including grow-
ing crops and timber and regulating water flow. The ability to 
store carbon and absorb water (reducing the risk of flooding 

and drought) makes soil an indispensable part of climate 
change mitigation and adaptation (European Commission  
2021). This has led to healthy soil being a key part of many 
policies and strategies to further climate, biodiversity and 
economic objectives within the EU; such as the Green Deal 
for Europe (Bieroza et al. 2021; European Commission  
2022a), EU Soil Observatory (European Commission  
2022b) and the Scottish Soil Framework (Scottish Government  
2009). Although soil erosion is a natural process, modern 
land management techniques can lead to increased rates 
which impact crop yields, cause a loss of soil carbon from 
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the land, and pollute waterbodies (Lilly and Baggaley 2014). 
Tackling rural diffuse pollution, including surface runoff 
and soil erosion, is a key factor in river basin management 
to improve the status of waterbodies.

One method of assessing sources of sediment in a catch-
ment is sediment source fingerprinting (Mukundan et al. 
2012). The sediment fingerprinting approach involves the 
collection of catchment source (soil) samples and com-
parison of their physical and/or biogeochemical features or 
“fingerprints” to estimate the relative contribution of the 
sources to a “sink” sediment (e.g., stream). With a suit-
able set of biomarkers, statistical unmixing models can be 
used to identify both the sediment sources and the amount 
of sediment contributed by each source. The biomark-
ers must be i) characteristic of the sources (able to both 
identify and differentiate between them), and ii) be con-
servative (stable) between “source” and “sink” (Collins  
et al. 2020). Fingerprinting methods using taxonomic /
plant-specific tracers (n-alkanes, fatty acids) in the soil 
have been successfully applied to distinguish sediment 
sources originating from different land uses (Zhang et al. 
2017; Glendell et al. 2018; Galoski et al. 2019; Liu et al. 
2021a) and are an essential tool to quantify the relative 
contribution of different land use sources to organic mat-
ter load in waterways (Walling et al. 1999; Hancock and 
Revill 2013; Alewell et al. 2016; Chen et al. 2017; Glendell  
et al. 2018; Liu et al. 2021b). Wiltshire et al. (2023) used 
a unique combination of n-alkanes and short-chain neutral 
lipid fatty acids to estimate the proportion of streambed 
OC originating from different land uses in the catchment 
of Loch Davan, Aberdeenshire, NE Scotland. It was found 
that streambed sediment was dominated by input from pas-
ture soils (39–47%), followed by arable soils (23–25%) 
with smaller contributions from forest and moorland 
(13–20%). Although the sediment fingerprinting identi-
fied the broad land use origin of stream OC in the Loch 
Davan catchment, these broad source classifications did 
not enable to identify specific locations (fields or land-
scape features) where management strategies should be 
targeted. Building on this previous research, in this manu-
script we compare different erosion risk models to identify 
more precise sediment source locations using sediment 
fingerprinting for model evaluation.

Pathways of pollution from agriculture to freshwater are 
complex, but the identification of hotspots though model-
ling can be a practical simplification. Hotspots are loca-
tions in the catchment that contribute greater than average 
pollutant loads due to the combined effect of land man-
agement intensity, connectivity and soil properties (Cloy 
et al. 2021). Identification of these hotspots, where a high 
risk of soil degradation could increase the risk of diffuse 
water pollution, are a key step in the implementation of 

Good Management Practices (GMP) so that land can be 
cultivated to maintain a healthy soil and environment and 
minimize the risk to watercourses (Baggaley et al. 2020). 
Hotspots can be identified by modelling catchment soil 
erosion risk. Erosion models include readily available 
empirical models such as the Revised Universal Soil Loss 
Equation (RUSLE) (Wischmeier and Smith 1978; Desmet 
and Govers 1996; Renard et al. 1997) whose extensive 
application based on accessible data means that it can be 
easily applied in a wide variety of catchments (Alewell 
et al. 2019; European Soil Data Centre (ESDAC) 2014, 
2015a; Panagos et al. 2014, 2015a). Such models can be a 
valuable tool for stakeholders to reduce erosion risks and 
manage their soils sustainably. In addition, use of widely 
available, Europe scale RUSLE parameterisation allows to 
compare the relative levels of erosion across the continent. 
However, these larger scale estimates may not be accu-
rate enough at a regional or catchment level and RUSLE, 
originally formulated for use on primarily mineral soils 
and moderately sloped agricultural land, may not be the 
best option for estimating soil erosion in catchments with 
steeper slopes and more organic soils. Region- or soil-
specific erosion models can predict how soils respond 
to land use and management pressures, and in Scotland 
improved erosion risk models have been developed for the 
specific soil conditions in this region (Lilly and Baggaley 
2018; Baggaley et al. 2020). This Erosion Risk Map (ERM) 
developed by Lilly and Baggaley (2018) covers a large pro-
portion of the Scottish mainland and shows the inherent 
risk of bare soil being eroded under intense or prolonged 
rainfall. The ERM considers local soil conditions and 
topography at a much higher resolution than that allowed 
by the Europe scale RUSLE parameters and is, therefore, 
the better choice to identify erosion hotspots and targets for 
local management strategies. However, the ERM provides 
no soil erosion rates and results cannot be compared at a 
country or continental scale. If both the ERM and RUSLE 
could be shown to provide comparable estimates of OC 
sediment yields, then the ERM could be used to identify 
specific erosion hotspots, while RUSLE could provide 
erosion rates that can be compared with those across the 
continent. Batista et al. (2019) refute the notion that soil 
erosion models can be validated and instead emphasize the 
necessity of defining “fit-for-purpose tests” that allow for 
a broad investigation of model usefulness. There is, there-
fore, a need to evaluate the output of erosion models not 
only to assess their accuracy in identifying hotspots, but to 
assess their suitability for use in a particular environment 
and the comparability of their results with other models 
and other studies.

The output of erosion models such as RUSLE have previ-
ously been assessed using sediment discharge data (Marques 
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et al. 2019), outlet bed sediments (Odhiambo et al. 2021), and 
suspended sediment yield data (Borrelli et al. 2014). However, 
sediment yield at the outlet of a catchment reflects a complex 
suite of geomorphic processes. Individual models estimate 
erosion risk based on a specific process or processes (e.g., 
RUSLE-based models estimate soil loss due to inter-rill and rill 
erosion) whereas sediment yield will reflect all geomorpholog-
ical processes active in the catchment (e.g., gullying, sediment 
deposition/remobilisation, tillage erosion, bank and channel 
erosion) (Borrelli et al. 2018). Both RUSLE and the ERM 
are concerned with the process of surface soil erosion under 
intense or prolonged rainfall (in contrast to gully or bank/chan-
nel erosion in which a higher proportion of deeper, subsoil 
erosion occurs). Therefore, ideally, the output of these model 
should be assessed relative to a benchmark characteristic of 
the upper rather than deeper layers of the soil. The OC finger-
printing proportions estimated using n-alkanes and short-chain 
neutral lipid fatty acid biomarkers by Wiltshire et al. (2023) 
could be considered as a “land use -specific” relative OC yield 
(Blake et al. 2012) which could be compared with the esti-
mates derived from erosion risk models in the Loch Davan 
catchment. Although Wiltshire et al. (2023) identified the land 
use origin of stream OC in the Loch Davan catchment using 
OC fingerprinting, the land use source classifications were too 
broad to enable erosion hotspots (e.g., specific fields or land-
scape features) to be identified. This study aimed to identify 
more precise locations by modelling and evaluating catchment 
soil erosion risk using a comparison of two sediment source 
techniques – carbon loss modelling and OC sediment finger-
printing. The study had the following objectives:

1. To construct organic carbon loss models to compare 
land use specific OC yields based on RUSLE and ERM 
using the OC fingerprinting of Wiltshire et al. (2023) 
as a benchmark to determine if RUSLE erosion rate 
estimates could be used to quantify the amount of soil 
eroded from high-risk areas identified by the ERM.

2. To compare the estimated soil erosion rates with recently 
published estimates in Scotland (Rickson et al. 2019). 
These published rates are uncertain, based on data from 
England, and hence this study is contributing new data 
to the verification of those rates.

2  Material and methods

2.1  Study site

Loch Davan is a shallow (mean depth 1.2 m) lake located 
within the Muir of Dinnet National Nature Reserve (NNR) 
in north-east Scotland. The catchment (ca. 34  km2) has a 
mean annual precipitation of 780 mm and average tempera-
ture between 3.5 °C and 12.17 °C (Met Office 2021). The 

lake area of Loch Davan has been significantly reduced 
over the last century, likely due to inputs of nutrient rich 
sediment resulting from land use intensification (Addy 
et al. 2012). Between 2007 and 2018, the loch and its main 
feeder stream, Logie Burn, were classified as having poor 
to moderate ecological status (Scottish Environment Protec-
tion Agency (SEPA) 2021). The catchment drains a variety 
of land uses (moorland (29%), forest (22%), arable (10%) 
and pasture (31%) (Fig. 1b) and soil types (Mineral pod-
zols (49%), Brown soils (22%), Alluvial soils (11%), Peat 
or Peaty gleys/podzols (5%) (Fig. 1d). There is likely to be 
a greater protection from sediment erosion afforded by the 
permanent vegetation and ground cover found in the wood-
land and moorland areas of this catchment compared to 
arable land which has more variable vegetation cover due to 
human-induced processes (tillage, crop planting and estab-
lishment). Steep slopes are likely to increase both the speed, 
and the erosive potential of water runoff and increase the 
probability of eroded sediment reaching the streams (Renard 
et al. 1997). In the Loch Davan catchment, areas of steepest 
slope (13–37 degrees: Fig. 1c) are found under moorland and 
forest land cover to the west and north-west of the catchment 
with arable and pasture dominating the relatively flat (typi-
cally < 3 degree slope) lowlands.

Logie Burn originates in two main headwaters (Fig. 1) 
with the northern most sub-catchment (Site 1 -Fig.  1b) 
supporting similar cover of pasture (30%), forest (29%) 
and moorland (28%) with around 10% arable land. The 
western sub-catchment (Site 2) predominantly passes though 
moorland (78%) with around 14% of the land use being 
pasture and less than 5% forest. No arable land was present 
on the land cover map for the Site 2 sub-catchment (Cole 
et al. 2015) however, some areas of land were identified as 
being regularly ploughed and/or used for game crops (Game 
& Wildlife Conservation Trust 2022). As a result of the 
uncertainty in the land use for Site 2 no results for this sub-
catchment are presented in this study. The third site (Site 3) 
was located close to the outlet of Logie Burn to Loch Davan 
integrating input from the whole catchment.

2.2  Soil OC content (%OC)

Here, we summarise the soil sample collection described in 
Wiltshire et al. (2023). Replicate soil samples were taken 
in June 2019 to characterise each of the four land uses ara-
ble (n = 16), forest (n = 16), moorland (n = 18) and pasture 
(n = 19) at sites shown with a cross ( +) in Fig. 1b. Sampling 
sites were chosen on the basis of likely hydrological con-
nectivity and were stratified by land use and soil type. For 
each sampling point, three replicates were chosen at random 
within a 2 m radius. All soil samples were taken with a steel 
cylinder (6 cm depth and 6 cm diameter) and, if required, lit-
ter was removed before taking the sample. All samples were 
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georeferenced by using a GPS device (horizontal accuracy 
sub-meter real-time), stored in plastic bags and freeze-dried 
on return to the laboratory. All samples were passed through 
a 2 mm sieve to remove stones and larger organic material 
before being ground. A composite sample was formed for 
each soil site by adding an equal weight of each of the three 
finely ground samples. Samples were stored in sealed con-
tainers at room temperature until required for analysis.

For this study all soil samples were analysed for carbon 
concentration (%, w/w) using a Flash EA 1112 Series Ele-
mental Analyser connected via a Conflo III to a  DeltaPlus 
XP isotope ratio mass spectrometer (all Thermo Finnigan, 
Bremen, Germany). USGS40 was used as a reference mate-
rial for C concentrations, measured using the area output of 
the mass spectrometer. Long term precision for a quality con-
trol standard (dried milled topsoil) was total C 3.80 ± 0.15% 
(mean ± SD). Data processing was performed using Isodat 
2.0 (Thermo Fisher Scientific, Bremen, Germany).

The OC% of each soil sample was interpolated using 
universal kriging (i.e., external drift kriging) implemented 
in R (version 3.6.3) (R Core Team 2020) using packages 

“raster” (Hijmans 2020), “sp” (Pebesma and Bivand 2005) 
and “gstat” (Pebesma 2004). Seven land use and topographic 
environmental predictors were considered as covariates: 
land use (pasture, woodland, arable and moorland), slope, 
curvature, accumulated flow, aspect, Topographic Wetness 
Index (TWI) (Mayer et al. 2019) and soil type. Climate 
data were not considered as predictors as they were not 
expected to vary significantly across the catchment. The 
OC% values and covariates were first checked for normality 
using Kolmogorov–Smirnov (K–S) test before being log-
transformed to improve normal distribution for regression 
modelling. A back-transformation of OC% was carried out 
following prediction. The best model was selected based on 
the lowest Akaike Information Criterion (AIC) and highest 
adjusted  R2 (Meersmans et al. 2012). Covariates that were 
significantly (p < 0.05) associated with OC% were retained 
and the best model was selected in a forward stepwise 
regression. A leave-one-out cross-validation routine was 
implemented, and the root mean square error (RMSE) and 
 R2 of the model performance calculated using the differences 
between the observed values and model predictions.

Fig. 1  Loch Davan study catchment. a  Study catchment location, 
b Land use of the Loch Davan catchment (34 km.2), stream sediment 
sampling locations (red dots: Sites 1, 2 and 3) and terrestrial soil sam-
pling locations (black crosses), based upon Corine land cover 2012 
for the UK, Jersey and Guernsey (Cole et al. 2015), c catchment slope 
(degrees) derived from OS Terrain 5© Crown copyright and database 

rights 2021 Ordnance Survey (100,025,252)(Ordnance Survey 2021), 
d Catchment soils based on “1:25,000 Hutton Soils Data” copyright 
and database right The James Hutton Institute (2018). Used with the 
permission of The James Hutton Institute. All rights reserved. From 
(Wiltshire et al. 2023)
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2.3  Connectivity between areas of upslope erosion 
and streams

To define the connectivity between upslope sediment 
sources and streams Connectivity Index (CI) was calculated 
using ESRI ArcMap (V10.6) (ESRI 2017) using the method 
of (Cavalli et al. 2013) and the catchment DEM (20 × 20 
m resolution). The CI uses the distribution of land use 
and topographic features (DEM) that can produce or store 
sediment and water (Borselli et al. 2008). A surface rough-
ness index is also calculated from the DEM and used as a 
weighting for sediment transport impedance (Cavalli et al. 
2013). This approach was selected as it requires a minimal 
number of parameters, uses globally available data, and is 
spatially explicit. For use as a weighting with RUSLE, CI 
was re-scaled from 0 to 1. The CI was classified into “high”, 
“medium” and “low” connectivity (Hooke et al. 2021) using 
a quantile classification in ESRI ArcMap (V10.6).

2.4  Carbon loss models (CLM)

To predict land use specific OC yields carbon loss models 
requires estimates of:

• erosion risk (RUSLE and ERM)
• susceptible to erosion due to differences in vegetation 

cover and land management (cover-management factor 
(C) already incorporated as an input factor in RUSLE)

• potential connectivity between areas of upslope erosion 
and streams (Connectivity Index (CI))

• OC content (%) of the soil

Three CLM were constructed in this study which will be 
referred to as CLM RUSLE, CLM ERM (H) and ERM(HM) 
(Fig. 2).

2.4.1  RUSLE

RUSLE calculates the long-term average annual soil loss 
(SL) according to the equation:

R is the rainfall erosivity factor (MJ mm  ha−1  h−1  yr−1) 
the spatial distribution of which is shaped principally by 
precipitation and elevation (Panagos et al. 2015a; Jiang 
et al. 2021). The K factor is the soil erodibility (t ha h 
 ha−1  MJ−1  mm−1) representing the susceptibility of a soil 
to erosion. The K factor is related to soil properties such 
as texture and structure, organic matter content and per-
meability (Panagos et al. 2014). S and L are the slope and 
slope-length factors and P is the dimensionless conservation 
support practice factor. The RUSLE factors were calculated 
as follows: The R and K factors were derived respectively 
from maps generated and described by ESDAC (2015b) and 
Panagos et al. (2015a), and ESDAC (2014) and Panagos 
et al. (2014). The R and K factor maps were generated in 
ESRI ArcMap (V10.6) (ESRI 2017) by interpolating a raster 
surface using kriging from points defined by the centroid 
of each cell of the original 500 × 500 m resolution R and K 
maps. The conservation support practice factor (P) was not 
considered in this study and was set to 1. The RUSLE LS 
factors were generated from the DEM in R (version 3.6.3) 
(R Core Team 2020) using packages “raster” (Hijmans 2020) 

SL = R.K.L.S.C.P

Fig. 2  Structure of Carbon Loss Models (CLM) "RUSLE", “ERM 
(H) and “ERM (HM)”. RUSLE is the Revised Universal Soil Loss 
Equation (Wischmeier and Smith 1978; Desmet and Govers 1996; 
Renard et  al. 1997), C factor is a dimensionless cover-management 
factor, R is the rainfall erosivity factor, K is the soil erodibility and S 

and L are the slope and slope-length factors. ERM is the erosion risk 
map developed by Lilly and Baggaley (2018). Monte Carlo analysis 
(3,000 iterations) to evaluate the magnitude of the errors associated 
with the C factor and modelling of OC%
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and “RSAGA” (Brenning et al. 2018) using the method 
described by Desmet and Govers (1996).

Cover‑management factor (C) RUSLE utilises a 
dimensionless cover-management factor (C), defined by 
the land use and management, when calculating the long-
term average annual soil loss. A C factor map with a single 
C factor for each land use was created from the Corine 
land cover 2012 for the UK, Jersey and Guernsey (Cole 
et al. 2015) and the C factor data of Europe described by 
(ESDAC 2015a; Panagos et al. 2015b) in ESRI ArcMap 
(V10.6) (ESRI 2017). However, the RUSLE C-factor 
reported by Panagos et al. (2015b) was around 35 times 
greater for moorland land use than it was for forest; implying 
less soil cover and/or greater erosional impact from land 
management/grazing on moorland compared to forest land. 
In a neighbouring mixed land use sub-catchment, Hirave 
et al. (2020) found that both forest and moorland contributed 
marginally to suspended stream sediments (< 2%) which 
they attributed to well vegetated ground cover leading to 
reduced soil erodibility. In addition, in their study to identify 
soil erosion rates in Scotland, Rickson et al. (2019) defined 
erosion rates for forest/woodland to be equal to those of 
wildscape (semi-natural landscape). In this study, we 
hypothesised that the level of soil cover and impact of land 
management/grazing in moorland could be similar to forest 
land, and therefore, the C factor for moorland was set equal 
to forest (Table 1). The values of C factor per land-cover 
type (Table 1) were assigned to the respective land use areas 
in the Corine land cover map. The likely variation in these 
land use values (Table 1: “Range”) were based on the most 
cited studies covering different countries in Europe reported 
by (Panagos et al. 2015b).

2.4.2  ERM

The ERM considers local soil conditions and topography at a 
much higher resolution than that allowed by the Europe scale 
RUSLE parameters and is, therefore, the better choice to 

identify erosion hotspots in the Loch Davan catchment. The 
ERM developed by Lilly and Baggaley (2018) estimates soil 
erosion risk under intense or prolonged rainfall. Organic and 
mineral soils are considered separately, and the level of soil 
erosion risk depends on i) the soil texture and its capacity to 
absorb rainfall and ii) the slope of the land (steeper slopes 
lead to faster runoff and consequently more erosive overland 
flow). The ERM categories of erosion risk and their distri-
bution in the Loch Davan catchment are shown in Fig. 3. 
There are three main classes (High, Medium/Moderate or 
Low) for mineral topsoils. Erosion risk is greatest on soils 
which are i) coarse textured, ii) have a low water adsorption 
capacity and, iii) are located on steep slopes. There are also 
three main risk classes (High, Medium/Moderate or Low) 
for soils with organic (peaty) surfaces. For organic soils, 
increases in slope and/or the soils having a lesser ability to 
absorb rainfall increases the risk class.

ERM(H) Areas with both high erosion risk and high con-
nectivity to the streams were identified in ESRI ArcMap 
(V10.6) (ESRI 2017) by the overlap of areas designated 
“high” risk in the ERM (Lilly and Baggaley 2018) and 
areas classified as “high” connectivity in the CI map. The 
proportion of these areas within each of the four land uses 
(arable, forest, moorland and pasture) was then calculated. 
The ERM predictions are based on the inherent soil erosion 
risk from bare soil, and do not take into account the veg-
etation cover and the likelihood that soil will be left bare. 
Hence, the land use proportions were multiplied by the C 
factor (Fig. 2, Table 1) to account for the likelihood that soil 
will be left bare due to differences in vegetation cover and 
land management practices.

ERM (HM)  ERM(H) described above was applied to areas 
with high connectivity to the streams and high erosion risk 
only—i.e., areas identified as medium or low risk in the 
ERM were excluded. To assess if the SOC land use propor-
tion calculated from the sediment fingerprinting benchmark 
would be more closely matched by erosion rates from areas 
defined as high or medium erosion risk, a second CLM ERM 
(HM) was constructed as described above except only those 
areas identified as low risk were excluded.

2.4.3  Monte Carlo analysis

The value of C factor can be used to account for the differ-
ences in erosion potential between land uses however, it can 
be highly variable due to differences in both land use man-
agement and season (Schmidt et al. 2018). Therefore, it was 
important to evaluate the magnitude of the errors associated 
with this factor, as well as that introduced by the modelling 
of OC%, using a Monte Carlo analysis with 3,000 itera-
tions. The C factor was sampled from a uniform distribution 

Table 1  Range and mean of RUSLE C-factors used for calculation of 
average annual soil loss within the Loch Davan catchment (adapted 
from Panagos et al. (2015b: Table 2)

C-factor

Land Use Range Mean

Arable 0.07–0.35 0.21
Pasture 0.05–0.15 0.1
Forest 0.0001–0.003 0.0016
Moorland* 0.0001–0.003 0.0016
* Panagos et al. (2015b: Table 2) values for moorland were 

range = 0.01 = 0.1 with a mean of 0.055
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defined by the maximum and minimum values found in the 
literature (Table 1). The OC% content was sampled from a 
uniform distribution defined using ± RMSE (Section 2.2). At 
each iteration the proportions of soil OC loss from arable, 
forest, moorland and pasture land uses were calculated, gen-
erating a probability distribution from which mean land use 
proportions were derived.

2.5  Sediment fingerprinting data

The sediment fingerprinting benchmark (the source propor-
tions of arable, pasture, forest and moorland sediment at 
each streambed sample site) used in this study is taken from 
the sediment fingerprinting study of Wiltshire et al. (2023) 
which is summerised in this section. It is important to note 
that, although the study of Wiltshire et al. (2023) provides 
sediment fingerprinting data for Sites 1, 2 and 3 (Fig. 1), 
only the data for Sites 1 and 3 are used in this study (see Sec-
tion 2.1). Here, we summarise the methodology described 
in Wiltshire et al. (2023).

The sediment fingerprinting approach involves the col-
lection of catchment source (soil) samples and comparison 
of their physical and/or biogeochemical features or “finger-
prints” to estimate the relative contribution of the sources 
to a “sink” sediment (e.g., stream). The biomarkers must 
be i) characteristic of the sources (able to both identify and 
differentiate between them), and ii) be conservative (stable) 
between “source” and “sink” (Collins et al. 2020). With a 
suitable set of biomarkers, statistical unmixing models can 

be used to identify both the sediment sources and the amount 
of sediment contributed by each source. In the fingerprinting 
study by Wiltshire et al. (2023) a combination of soil bio-
markers of plant, fungal and bacterial origin (n-alkanes and 
short chain (shorter than C22) neutral lipid fatty acids (SC-
NLFA)) were used to distinguish sediment sources originat-
ing from different land uses in the Loch Davan catchment. 
The aim of Wiltshire et al. (2023) was to obtain greater dis-
crimination between land use sources as an increased num-
ber of sources within sediment fingerprinting can increase 
the resolution with which erosion hotspots can be identified. 
The biomarker concentrations and their compound specific 
stable isotope signatures (CSSI) in four land cover classes 
(arable land, pasture, forest, and moorland) were determined 
and their contribution to six virtual sediment mixture sam-
ples was modelled. Using a Bayesian un-mixing model, 
MixSIAR (Stock and Semmens 2016; Stock et al.  2018), 
the n-alkane and SC-NLFA biomarkers performance in dis-
tinguishing sediment sources was assessed.

Wiltshire et al. (2023) found that land use could be dis-
tinguished more accurately when using only SC-NLFA and 
their CSSI and these biomarkers were then used with Mix-
SIAR to estimate the source proportions of arable, pasture, 
forest and moorland sediment at each streambed sample site.

2.5.1  Sample collection and analysis

Soil and sediment samples within the Loch Davan catchment 
and Logie Burn stream network were collected in June 2019. 

Fig. 3  Erosion Risk Map of Loch Davan catchment adapted from Lilly and Baggaley (2018). Soil erosion risk map of Scotland (partial cover). 
James Hutton Institute, Aberdeen
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Soil samples from four land uses (arable, pasture, forest and 
moorland) were collected to characterise potential sediment 
sources for fingerprinting as described in Section 2.2. Stre-
ambed samples were collected at three locations to estimate 
the proportional contribution of each of the land use source 
to the streambed sediments in two tributaries and a joint out-
let (Sites 1, 2 and 3 in Fig. 1b). The Sites 1 and 2 were care-
fully chosen above their joint junction in the stream network 
so the contributions from each tributary could be assessed. 
The third site was located close to the outlet of Logie Burn 
to Loch Davan integrating input from the whole catchment. 
At each site three samples of bed sediments were taken at 
the streambed surface with a steel cylinder (6 cm depth and 
6 cm diameter) along a transect across the streambed and 
composited. All samples were passed through a 2 mm sieve 
to remove stones and larger organic material before being 
ground. Samples were stored in sealed containers at room 
temperature until required for analysis.

The n-alkanes and SC-NLFA were extracted from the 
samples (Wiltshire et al. 2023) and individual n-alkane 
and FAMEs were quantified and their δ13C values deter-
mined by GC-C-IRMS using a Trace GC Ultra gas 
chromatograph (Thermo Finnigan, Bremen, Germany) 
equipped with a GC PAL autosampler (CTC Analytics AG, 
Zwingen, Switzerland) following the method described in 
(Thornton et al. 2011).

2.5.2  Biomarker selection and source proportion estimation

Here, we summarise the biomarker selection and source 
proportion estimation described in Wiltshire et al. (2023). 
Biomarker values of all source (land use) groups were first 
checked for normal distribution (Kolmogorov–Smirnov 
test). A Kruskal- Wallis (KW) and posthoc Dunn's test was 
then carried out to select biomarkers which showed signifi-
cant differences between land use sources. Those biomark-
ers that passed the KW test were then assessed (Excel box 
plots) to ensure values from all “sink” (streambed) mixtures 
were within the range of the land use sources. The full range 
(excluding outliers) was used for this “range” test as Bayes-
ian inference best practice suggests comparison of full distri-
butions for hypothesis testing (Fenton and Neil 2018). Land 
use discrimination was assessed using “virtual” mixtures 
with 50/50 contributions from each of the four sources (ara-
ble, pasture, forest and moorland) by taking the mean of two 
sources to represent a 50% contribution from each (Collins 
et al. 2020). Bayesian modelling techniques were commonly 
employed (Cooper et al. 2015; Mabit et al. 2018; Kelsey 
et al. 2020) due to their ability to account for variability in 
both source and mixture (Stock and Semmens 2016). Run-
ning MixSIAR (Stock and Semmens 2016; Stock et al. 2018) 
using the selected biomarkers provided the proportional 
contribution of the sources to the streambed mixtures. Full 

details of the biomarker selection and MixSIAR implemen-
tation are described in Wiltshire et al. (2023).

2.6  Comparison of two sediment origin 
techniques—erosion risk models  
and OC fingerprinting

Both RUSLE and the ERM estimate erosion in the upper lay-
ers of soil due to intense or prolonged rainfall. Finer, lighter 
soil particles are more likely to be mobilised by rainfall and 
runoff and, therefore, stream sediments may have a finer par-
ticle size distribution than terrestrial sediments (Karambiri 
et al. 2003; Sirjani et al. 2022). It is generally accepted that 
OC, n-alkanes and fatty acids are preferentially associated 
with the finer particle size fractions (< 63 µm) (Quénéa et al. 
2004, 2006; Yu et al. 2019; De Mastro et al. 2020). This 
finer fraction was present in both soil and sediment samples 
from the Loch Davan catchment. The amount of OC in soils 
generally decreases with depth (Wiesmeier et al. 2013) and, 
in addition, the concentration of n-alkanes and fatty acids 
relative to soil OC also decreases with depth (Angst et al. 
2016). Therefore, it is assumed that the n-alkane and fatty 
acid signature of stream sediments will be dominated by soil 
eroded from the upper layers of the soil modelled by RUSLE 
and the ERM rather than lower, subsoil layers eroded from 
gullies or stream banks). In addition, it is assumed that, 
although the lighter fraction of the eroded material enter-
ing the stream will remain in suspension, coarser fractions 
of the eroded sediment will accumulate over time on the 
streambed. Streambed sediment was used in this study as 
i) accumulated sediment (rather than the shorter-term sus-
pended sediment) was required for comparison with the 
longer-term estimates of a carbon loss model, and ii) the 
coarser fraction of the eroded sediment may show an OC and 
biomarker signature closer to that of the original soil than 
the lighter fraction remaining in suspension (Griepentrog 
et al. 2016).

2.6.1  Comparing CLM and OC fingerprinting land use 
specific OC yield

For each CLM the proportions of soil OC yield (loss) from 
arable, forest, moorland and pasture land uses were calcu-
lated. The absolute difference between these proportions 
and those estimated using OC fingerprinting were then cal-
culated to evaluate the accuracy of the CLM models with 
respect to the sediment fingerprinting benchmark. The CLM 
that approximated the relative OC yield in streambed sedi-
ments identified by OC sediment fingerprinting most closely 
was defined to be that which showed the lowest mean abso-
lute difference across all land uses.
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3  Results

3.1  Soil OC content (%OC)

Interpolation of OC% using regression kriging found land 
use to be the best predictor of the quantity and spatial vari-
ability of soil OC% with a linear regression relationship 
OC% = exp(1.3010 + 1.0513 (forest) + 1.5317 (moorland) 
– 0.0451 (pasture). In the context of the linear regression 
relationship, the variables”forest”, “moorland” and “pasture” 
are dummy variables which are equal to one when that land 
use is present and zero otherwise  (R2 = 0.46, RMSE = 7.86). 
The relationships between soil OC% and other covariates 
were much weaker (slope  (R2 = 0.19), aspect  (R2 = 0.1) and 
TWI  (R2 = 0.09)) and these covariates were not significant 
when modelled together with land use. No significant rela-
tionships with soil OC% were found for the other covariates 
(soil type, curvature and accumulated flow). These results 
support the assertion of Wiesmeier et al. (2019) that ter-
rain attributes such as slope, aspect and curvature, although 
influential for soil OC content at small spatial scales (< 100 
m), are less relevant across larger landscapes, where soil OC 
is averaged across soil properties so that other factors (such 
as land use) become dominant.

Soils under moorland supported the largest soil OC% 
(21.4 ± 13.9% (± 1 SD)) and OC% of forest soil was also rel-
atively high (12.3 ± 8.0%). The similarity between the OC% 

in pasture (3.7 ± 0.9%) and arable soils (3.8 ± 1.1%) suggests 
that these land uses have similar levels of OC inputs and out-
puts and that pastures in this catchment may be temporary 
(in agricultural rotation) rather than permanent (Meersmans 
et al. 2008; Martin et al. 2011).

3.2  Carbon loss models (CLM)

In this study catchment, both RUSLE and ERM models 
identified areas at highest risk of erosion on steeply sloping (> 8 
degrees: Fig. 1c) land in the north and west of the catchment 
dominated by moorland, in line with the assumptions inherent 
in these modelling approaches (Wischmeier and Smith 1978; 
Desmet and Govers 1996; Renard et  al. 1997; Lilly and 
Baggaley 2018). In the absence of significant variation in 
rainfall and soil erodibility (as is the case for this catchment) 
differences in soil loss between land uses were dominated by 
differences in slope, elevation and cover-management. As 
moorland had the highest mean elevation and slope it was 
therefore unsurprising that CLM RUSLE and CLM ERM (H) 
attributed the majority of eroded soil OC reaching the streams 
to moorland (Site 1 36–48% and Site 3 34–36% Fig. 4c-d), 
which contrasts with the OC fingerprinting benchmark that 
estimated pasture as the dominant source of OC (Site 1 39%; 
Site 3 47%) with only 20% (Site 1) and 13% (Site 3) from 
moorland soils (SF benchmark Fig. 4a). Conversely, similar 
to the OC fingerprinting benchmark, CLM ERM (HM) 

Fig. 4  Proportions of OC 
contribution from different land 
uses estimated at Site 1 and Site 
3 by a Sediment fingerprint-
ing of streambed sediments 
(SF benchmark), b Land Cover 
Map, c CLM RUSLE d CLM 
ERM (H) and e CLM ERM 
(HM)



 Journal of Soils and Sediments

estimated pasture to be the dominant OC source (52% at each 
site; Fig. 4e).

3.2.1  Site 1 – Headwater sub‑catchment

The headwater sub-catchment (Site 1) has almost equal 
extents of pasture (30%), forest (29%) and moorland (28%) 
with around 10% arable land (Fig. 4b). In this sub-catchment 
both moorland and forest are found on areas of steepest slope 
(13–37 degrees: Fig. 1c). This is reflected in the high con-
tributions from both moorland (48%) and forest (39%) mod-
elled by CLM ERM (H) (Fig. 4d). However, although CLM 
RUSLE attributed the majority of stream OC to moorland 
(36%) the forest land provided the smallest contribution (8%) 
(Fig. 4c). This difference in forest contribution from CLM 
RUSLE and CLM ERM is likely due to the higher resolution 
soil characteristics used by the ERM which characterises 
most of the more organic soils under the moorland in this 
sub-catchment to be of “medium” rather than “high” risk.

Arable and pasture dominate the relatively flat (typi-
cally < 3 degree slope) lowlands. The CLM ERM (H) 
considers only a very small amount of this land to be at 
high risk of erosion so even with the elevated risk of bare 
soil (reflected in a significantly larger C-factor for these 
land uses) the contributions from pasture and arable land 
were estimated to be small (pasture 12%: arable land 2%). 
Unlike the CLM ERM (H) the soil erosion estimates of 
CLM RUSLE were not restricted to areas considered at 
“high” risk and estimated that the contributions from pas-
ture and arable land would be relatively higher at 33% and 
24% respectively. In contrast when considering land at both 
medium and high risk of erosion CLM ERM (HM) esti-
mated pasture to be the dominant OC source (52%) with 
smaller amounts attributed to arable (24%), moorland (16%) 
and forest (9%) (Fig. 4e). The results of CLM ERM (HM) 
correspond well to the OC fingerprinting benchmark that 
also estimated pasture as the dominant source of OC (39%) 
followed by arable land (25%) with lesser amounts from 
moorland (20%) and forest (16%) (SF benchmark Fig. 4a). 
These results would suggest that considering areas defined 
by the ERM as either high or medium risk (rather than 
exclusively concentrating on areas of high risk) gives the 
closest match to the land use specific OC yields measured 
in the streams using sediment fingerprinting.

3.2.2   Site 3 – Catchment outlet near Loch Davan

Site 3 was located close to the outlet to Loch Davan integrat-
ing input from the whole catchment which has a land use 
composition of arable (10%), pasture (34%), forest (25%) 
and moorland (31%) (Fig. 4b). There is relatively more 
lowland forest at the catchment scale and this is reflected 
in smaller contributions of forest land to stream OC for 

Site 3 relative to Site 1: CLM RUSLE only estimated 4% 
(Fig. 4c), CLM ERM (H) 13% (Fig. 4d) and CLM ERM 
(HM) only 3% (Fig. 4e) from forest land. Both CLM RUSLE 
and CLM ERM (H) attributed similar amounts of stream 
OC to moorland (36 and 34% respectively), pasture (34 and 
29% respectively) and slightly smaller amounts to arable 
land (26 and 25% respectively) (Fig. 4c, d respectively). At 
Site 3 CLM ERM (HM) again estimated pasture to be the 
dominant OC source (52%) with smaller amounts attributed 
to arable (34%), with little to moorland (11%) and forest 
(3%) (Fig. 4e). The results of CLM ERM (HM) again cor-
respond best to the OC fingerprinting benchmark that also 
estimated pasture as the dominant source of OC (47%) fol-
lowed by arable land (23%) with lesser amounts from moor-
land (13%) and forest (17%) (SF benchmark Fig. 4a). These 
results would also suggest that considering areas defined 
by the ERM as either high or medium risk gives the closest 
match to the land use specific OC yields measured in the 
streams using sediment fingerprinting. However, the amount 
of OC from forest land measured in the streams using sedi-
ment fingerprinting is higher than that modelled by CLM 
ERM (HM). In this study it has been assumed that using 
n-alkanes as biomarkers should be representative of the sur-
face erosion processes modelled by RUSLE and ERM as 
they primarily derive from land-based plant material which 
is transferred to the soil and are more abundant in topsoil 
than subsoil. However, forest organic matter can be directly 
transferred to the streams via leaves and litter in riparian for-
est (Wiltshire et al. 2022). It is, therefore, important to note 
that the stream OC reflects a complex suite of processes and 
an exact correspondence between the processes inputting 
OC to streams and the processes modelled by an erosion 
risk model is unlikely.

For each CLM the proportions of soil OC yield (loss) from 
arable, forest, moorland and pasture land uses were calculated. 
The absolute difference between these proportions and those 
estimated using OC fingerprinting were then calculated to 
evaluate the accuracy of the CLM models with respect to the 
sediment fingerprinting benchmark. The CLM that approxi-
mated the relative OC yield in streambed sediments identified 
by OC sediment fingerprinting most closely showed the lowest 
mean absolute difference across all land uses.

At Site 1 the mean absolute difference across all land 
uses for CLM RUSLE was 8%, CLM ERM (H) was 25%, 
and CLM ERM (HM) was 6% (Fig. 5a). At Site 3 the mean 
absolute difference across all land uses for CLM RUSLE 
was 12%, CLM ERM (H) was 11%, and CLM ERM (HM) 
was 8% (Fig. 5a). At both Sites CLM ERM (HM) showed 
the lowest mean absolute difference across all land uses and 
therefore the closest approximation to the relative OC yield 
in streambed sediments identified by OC sediment finger-
printing. Therefore, the ERM, which takes into account local 
soil textures as well as land use, was found to be the better 
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model for the Loch Davan catchment. However, at both sites 
the mean absolute difference for the CLM RUSLE was simi-
lar to those of CLM ERM (HM): 8% vs 6% at Site 1 and 
12% vs 8% at Site 2 (Fig. 5a)). Therefore, although it was 
not originally formulated for use on steep slopes and more 
organic soils such as those found in this Scottish catchment, 
RUSLE performed almost as well as ERM. This suggests 
that, for this catchment, RUSLE erosion rate estimates could 
be used to quantify the amount of soil eroded from the high 
or medium risk areas characterised by the ERM.

3.3  Hotspots and erosion rates

Although Wiltshire et al. (2023) identified the land use ori-
gin of stream OC in the Loch Davan catchment using OC 
fingerprinting, the land use source classifications were too 
broad to enable precise sources or hotspots (e.g., specific 
fields or landscape features) to be determined. The OC 
fingerprinting estimated pasture as the dominant source 
of OC followed by arable land with lesser amounts from 
moorland and forest. In this study, more precise sources 
were identified by modelling catchment soil erosion risk. 
The closest approximation to the relative OC yield in stre-
ambed sediments identified by OC sediment fingerprinting 
was obtained by considering areas defined by the ERM as 
high or medium erosion risk, with high connectivity to the 
streams (CLM ERM (HM)). Areas of Loch Davan catchment 
defined by CLM ERM (HM) were therefore mapped to char-
acterise locations most likely to contribute OC to the feeder 
streams and, consequently, be targeted for soil management 
strategies (Fig. 6a, b).

Erosion risk maps such as the ERM can identify areas 
where a high risk of soil degradation could increase the risk 
of diffuse water pollution (Baggaley et al. 2020), however 

they do not provide quantitative estimates of soil or OC 
erosion rates. In this catchment, RUSLE performed almost 
as well as ERM suggesting RUSLE erosion rate estimates 
(t  ha−1  yr−1) could be used to estimate the amount of soil 
eroded from areas defined as “high” and “medium” risk by 
the ERM.

Areas identified as “high” or “medium” risk in ERM 
had mean RUSLE soil erosion estimates of 1.51 and 0.88 t 
 ha−1  yr−1 for arable land, 1.26 and 0.64 t  ha−1  yr−1 for pas-
ture land, 0.04 and 0.03 t  ha−1  yr−1 for forest land and 0.04 
and 0.04 t  ha−1  yr−1 for moorland, respectively (Table 2). 
The areas defined as high risk by the ERM showed a higher 
mean erosion rate than those defined as medium risk, except 
moorland which supported the same erosion rate in both 
areas. The predicted values of mean soil erosion rates show 
that moorland (and forest) have lowest soil erosion rates 
which appears to contrast with the high percentage of stream 
sediment apportioned to moorland by both CLM RUSLE 
and CLM ERM(HM). However, it is important to note that 
the CLM are OC loss models. The CLM include not just the 
soil erosion rate (Table 2) but also the catchment area clas-
sified as medium and high risk and the average amount of 
carbon contained in the eroded soil.

In a recent report to the Scottish Government, Rickson 
et al. (2019) assessed annual erosion cost in Scotland by 
adopting the approach that soil erosion rates should be 
driven by land use, and the probability of erosion occur-
ring should be driven by erosion risk class (as defined by 
the ERM). As RUSLE does not make a distinction between 
mineral and organic soils, RUSLE results are compared 
with the full range of values (irrespective of soil type) 
estimated by Rickson et al. (2019) for each land use. The 
RUSLE estimates of soil erosion for this catchment are 
comparable to the soil erosion rates per land use estimated 

Fig. 5  For Sites 1 and 3 the 
mean difference between land 
use proportions estimated by 
the SF benchmark and a CLM 
RUSLE, CLM (H) and CLM 
ERM(HM) with the C-factor 
for moorland = forest, b CLM 
RUSLE. CLM (H) and CLM 
ERM(HM) with the C-factor for 
moorland > forest
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by Rickson et al. (2019) (Table 2) except in the case of 
pasture/grassland where the erosion rates for pasture soils 
in this catchment are greater than those quoted for grass-
land by Rickson et al. (2019). It is possible the RUSLE C 
factor for grassland (Table 1; Panagos et al. 2015b) could 
have been set too high for this catchment, however, the 
pasture source proportion identified by the OC finger-
printing benchmark is similar to that modelled by both 
CLM ERM(HM) and CLM RUSLE using this C factor. 

Alternatively, it has already been suggested (Section 3.1) 
that pastures in this catchment may be temporary (grass 
leys) rather than permanent due to the similarity between 
the OC% in pasture and arable soils. Rickson et al. (2019) 
found that the land preparation (reduced vegetation cover) 
and reseeding of grass leys increased the rate of soil ero-
sion. In addition, Hirave et al. (2020) found a higher than 
expected contribution of permanent grasslands to sus-
pended sediments in a nearby catchment in Scotland.

Fig. 6  Areas most likely to contribute OC to the catchment streams 
across a  the entire Loch Davan catchment, b  for arable and pasture 
land use only. These are areas of "High" or "Medium" erosion risk 

(Lilly and Baggaley 2018) and high connectivity to streams defined in 
CLM ERM(HM)

Table 2  RUSLE mean rates of soil erosion (t  ha−1  yr−1) for areas characterised as “High” or “Medium” risk in CLM ERM(HM) and comparison 
with soil erosion rates from Rickson et al. (2019) for arable, grassland, forest and moorland (wildscape/semi-natural landscape)

Mean soil erosion (t  ha−1  yr−1)

This study (Rickson et al. 2019)

Catchment ERM high risk 
areas

ERM medium 
risk areas

High Risk Medium risk

Mineral Organic Mineral Organic

Arable 0.83 1.51 0.88 0.58 – 1.03 1.55 – 3.10 0.31 – 0.56 0.60 – 1.20
Pasture/grassland 0.63 1.26 0.64 0.50 – 0.72 0.12 – 0.31 0.27 – 0.39 0.05 – 0.12
Forest 0.02 0.04 0.03 0.14 0.04 0.08 0.02
Moorland/wildscape 0.04 0.04 0.04 0.14 0.04 0.08 0.02
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3.4  Comparison of two sediment origin 
techniques—erosion risk models  
and OC fingerprinting

The comparison of two sediment origin techniques in this 
study—erosion risk modelling and OC sediment fingerprint-
ing was used to determine that RUSLE erosion rate estimates 
could be used to quantify the amount of soil eroded from 
high-risk areas identified by the ERM.

Comparison of these two sediment origin techniques 
could be carried out in many catchments and has a num-
ber of advantages. Firstly, as demonstrated in this study, 
the most suitable model for use in a particular environment 
can be evaluated by determining which model most closely 
matched an OC fingerprinting benchmark.

Secondly, large discrepancies between the results of 
OC sediment fingerprinting and an erosion model such as 
RUSLE could indicate that the assumed process of OC input 
to streams in a catchment (in the case of RUSLE rill and 
inter-rill erosion of soil) is incorrect and other processes 
such as bank or gully erosion (Liu et al. 2021a) or direct 
input (e.g., organic litter or leaf debris) (Wiltshire et al. 
2022) may be dominant.

Finally, previous sensitivity analysis assessments of 
RUSLE factors at the plot level have found that the C factor 
is the most important in determining soil loss under differ-
ent agricultural systems (Estrada-Carmona et al. 2017). In 
this study a Monte Carlo analysis was carried out to esti-
mate uncertainties due to the C factor and the OC content 
modelling as described in Section 2.4.3. It should be noted 
that uncertainties due to the connectivity index were not 
included. The CI was classified into “high”, “medium” and 
“low” connectivity (Hooke et al. 2021) using a quantile 
classification in ESRI ArcMap (V10.6). The same CI was 
used for each CLM so uncertainties introduced by this fac-
tor should not have affected the comparison between the 
two CLM. However, using a different classification method 
for CI would have affected the area defined as “high” con-
nectivity and therefore, potentially, the comparison between 
the CLM and the sediment fingerprinting benchmark. In any 
future work, using a number of different classification meth-
ods could be used to estimate the uncertainty connected with 
CI. Our hypothesis that the level of soil cover and impact of 
land management/grazing in moorland in the study catch-
ment was similar to forest land, led to the C factor for moor-
land being set equal to forest. To assess the magnitude of 
the difference in relative OC yield due to this change in the 
moorland C factor the CLM RUSLE and CLM ERM(HM) 
were recreated using the original moorland C factor of Pana-
gos et al. (2015b) (as noted in Table 1). The mean absolute 
difference between the CLM’s and the OC fingerprinting 
benchmark increased markedly as shown in Fig. 5b (e.g., for 
Site 1 CLM RUSLE 8% to 34% and CLM ERM(HM) 6% to 

31%). Changing the moorland C factor to be equal to that of 
forest, therefore, led to OC yield estimates much closer to 
the sediment fingerprinting benchmark. It is possible that 
RUSLE C factors for the other land uses in this study could 
also be adjusted to bring the estimates of CLM RUSLE 
closer to those of the OC fingerprinting benchmark. This 
process of C factor modification could provide insights into 
the level of cover and management for the arable, pasture, 
forest and moorland land uses in this catchment relative to 
those in the wider UK and Europe. However, it has already 
been highlighted that the stream OC reflects a complex suite 
of processes and an exact correspondence between the pro-
cesses inputting OC to streams and the processes modelled 
by an erosion risk model is unlikely. Therefore, modifying 
RUSLE C factors to closely match a sediment fingerprinting 
benchmark requires i) knowledge of a catchment render-
ing other stream OC input processes unlikely and ii) having 
confidence that the OC sediment fingerprinting can equated 
to the “land use -specific” relative OC yield. Detailed knowl-
edge of a catchment is always important to facilitate the 
best choice of erosion model (e.g., whether stream OC most 
likely to originate from bank/gully/rill soil erosion) but also 
to improve confidence in the selection of sources for OC 
fingerprinting. Confidence in OC sediment fingerprinting 
can be further improved by combining different types of OC 
biomarkers to improve land use discrimination (Wiltshire 
et al. 2023) but will also require further research on assess-
ing catchment processes that may affect biomarker conserva-
tive behaviour (stability between “source” and “sink”) on 
which OC fingerprinting relies.

4  Conclusions

Although Wiltshire et al. (2023) identified the land use ori-
gin of stream OC in the catchment of Loch Davan catch-
ment using OC fingerprinting, the land use source clas-
sifications were too broad to enable erosion hotspots (e.g., 
specific fields or landscape features) to be determined and 
provided no estimate of soil erosion rates. This study aimed 
to identify more precise sources by modelling and evaluat-
ing catchment soil erosion risk using a comparison of two 
sediment origin techniques – carbon loss modelling and OC 
sediment fingerprinting.

Although the region-specific ERM most closely approxi-
mated the relative land use OC yields in streambed sedi-
ment, the results of RUSLE were very similar, suggesting 
that, in this catchment, RUSLE erosion rate estimates could 
be used to quantify the amount of soil eroded from the high-
risk areas identified by ERM. The RUSLE estimates of soil 
erosion for this catchment were comparable to the soil ero-
sion rates per land use estimated by Rickson et al. (2019) in 
Scottish soils except in the case of pasture/grassland likely 
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due to the pastures in this catchment being grass ley where 
periods of surface vegetation cover/root network absence are 
likely to have generated higher rates of erosion.

This study highlighted that a combination of two sedi-
ment origin techniques – carbon loss modelling and OC 
sediment fingerprinting can enable a more precise identi-
fication and quantification of catchment sediment sources. 
These methods could, ultimately, support the development 
of targeted sediment management strategies to maintain 
healthy soils within the EU and beyond.
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