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were dug to intact bedrock within the granitic portion of Johnston Draw, as indicated by 

the black dots. 
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the highest frequency at 0 m-1. However, sampled sites in low tangential curvature areas, 
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and depositional toe slopes, and curvatures of -7 m-1 or lower were related to incised 
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boundary at 213 ± 20 cm. 
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selected to validate the model. The white dot is the site that was excluded from the data 

due to proximity to both a rock outcrop and a stream channel. Due to the assumption of 

normal distribution of curvatures around zero for all watersheds, the y-intercept is 
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outcropping area, of 102 cm. (B) Predictive TMR map for Johnston Draw derived from 

TMR function (Figure 2) using a 3 m DEM LiDAR. Darker shades indicate thicker TMR 

(>1 m) and lighter shades indicate thinner TMR depths (<1 m).   
 

Figure 6: Comparison of measured TMR and predicted TMR depths using the validation 

data subset. Predicted values were derived using the TMR function for Johnston Draw 
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Nunnock River (Heimsath et al. 2001), Coos Bay (Heimsath et al. 2001) and Marshall 

Gulch (Pelletier and Rasmussen 2009). 
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slopes (variance in tangential curvature). Diagram also provides possible domains on the 

landscape that may have the greatest effect of the tangential curvature to depth 

relationship. 

 

Figure 11: (A) Empirical percent soil organic matter to field bulk density (SOM-BDField) 

function derived from a build set of 60 samples (black dots) showing a negative power 

relationship between percent soil organic matter and field bulk densities. Test set samples 

(white dots) were excluded to determine the goodness of fit of the function. (B) Other 
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using the validation data subset (white dots) from Figure 11. Note that predictions are on 

average slight underestimations.  We hypothesize that this is due to the influence of the 
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an underestimation of field bulk density will occur, and if parent material has a lower 

density than granite then an over-estimation will occur. 
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Figure 14: Comparison of measured fine fraction bulk densities to predicted fine fraction 

bulk densities using the validation data subset (white dots) using Equation 3. Note that 
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predictions are on average slight underestimations; however, in comparison to Figure 13, 
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was influencing this variability. We found this same trend for different lithologies, but 
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Figure 16: (A) Total soil carbon functions for north and south aspects derived from 70% 

of sites (darker dots) depicting second order polynomial relationship. Lighter dots are 

sites that were randomly selected to validate the model while shaded regions describe the 

95% confidence intervals. (B) Validation points plot on a 1:1 line for north (red) and 

south-facing (blue) sites. For each polynomial fit, there is an overall slight 

underestimation of total soil carbon. South-facing validation points shows a large 

variability in predictive ability; however, site jdt124b aspen was anomalously high and if 

excluded from this research the r2 would be 0.78 with no change in slope. 

 

Figure 17: Predicted total soil carbon map derived from total soil carbon functions 

(Figure 16A) using a 3 m DEM LiDAR within the granitic portion of the watershed. 

Cooler colors are indicative of higher total soil carbon compared to warmer colors that 

are lower in carbon. Dot color represents same meaning as Figure 16. 

 

Figure 18: (A) Pie graph shows that north-facing aspects make up nearly one third of the 

total land area in comparison to south-facing aspects. (B) Bar shows north-facing slopes 

have on average 2.03 times more carbon per area than the south-facing slopes. (C) Bar 

graph highlights that despite only making up 37% of total land area, the north-facing 

aspects has larger amount of total soil carbon than the south-facing aspect, 54% to 46%, 

respectively 

 

Figure 19: Classification of relative topographic regions are based on local tangential 

curvature standard deviation within a watersheds into convergent (< -3.16 m-1), divergent 

(> 3.16 m-1), and planar (-3.16-3.16 m-1) regions. (A) Pie graph depicts that planar 
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Bar graph highlights that due to its overwhelming amount of land area, 73% of the total 
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Figure 20: Total soil carbon modeled using six separate methods in Johnston Draw. Table 

provides estimated total soil carbon contained within the granitic portion of the 

watershed. Note that methods C and D provide close estimates of total soil carbon; 
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however, results obtained do not show true spatial distribution as method A depicts. 

Method F, provides evidence that utilizing the average north and south-facing aspect cites 

located on planar surfaces and weighing their values based on the percentage of land 

cover (36.6% and 63.4%, respectively), than a realistic general total soil carbon estimate 
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Figure 21: Kriging results in poor predictive ability when plotting predictive versus actual 

values for a validation subset. Kriging was extrapolating from 28 sites within Johnston 

Draw down to saprolite (black dots), 100 cm (gray dots), and 30 cm (white dots). 
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Thesis Abstract 

 Arid and semi-arid regions comprise over 40% of the terrestrial ecosystems on 

Earth and are considered to be one of the most susceptible to environmental change. 

Estimating the amount and distribution of soil carbon in these regions is challenging due 

to their high degree of spatial heterogeneity. The aim of this study was to develop a total 

soil carbon model using tangential curvature, total mobile regolith depth, and aspect in 

order to predict the distribution of soil carbon across complex terrain within a semi-arid 

environment. We excavated 45 randomly selected soil pits vertically down to saprolite to 

acquire total mobile regolith depth, in a first order watershed within the Reynolds Creek 

Critical Zone Observatory located in Southwestern Idaho. Total mobile regolith depth 

varied as an inverse linear function of tangential curvature (r2 value = 0.89) and was 

shown to be predicable across lithology and ecosystems. Soil depths were plotted against 

total soil carbon for both the north and south-facing aspects. A quadratic polynomial 

function fit well with r2 values of 0.89 and 0.90, respectively. Across the watershed, total 

soil carbon on the north-facing aspect was 7,172 Mg C or ~54% of the total soil carbon, 

despite comprising only ~37% of the total land area. South-facing aspect totaled 6,115 

Mg C, or ~46% of the total soil carbon. If samples were collected to a maximum depth of 

1 m or 0.3 m and extrapolated using kriging techniques (which is typical of other 

inventories and models) total soil carbon has the potential to under- and overestimate 

carbon as much as 50% to 133% and 26% to 1167% with aspect and microtopography, 

respectively. By requiring sampling down to saprolite, our model has the potential to 

provide more accurate total carbon pools than other models. Our findings indicate that a 

significant amount of carbon is stored deep in a part of the critical zone that may be less 
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sensitive to loss but leads to an underestimation of total soil carbon stores on complex 

terrain. 
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Thesis Introduction 

Arid and semi-arid regions are important in the global carbon cycle because they 

comprise over 41% of the terrestrial ecosystems on Earth (Schlesinger et al., 1990) and 

are considered to be one of the most responsive to environmental change (Mellilo et al., 

1993, Bazzaz et al., 1996, Huxman and Smith, 2001). Recent studies have shown marked 

underestimation bias and differences between models of more than one order of 

magnitude with respect to carbon stocks and turnover in semi-arid regions that calls for 

more accurate description of the stocks and the hydrological processes and water–carbon 

interactions controlling turnover in these regions (Carvalhais et al., 2014).  

Soil is the largest terrestrial carbon reservoir, containing between 2370-2450 Pg 

C, and may be a source or sink for atmospheric carbon dioxide in a changing climate 

(Kirschbaum, 2000; Lal, 2004). Over the past five decades, studies have pointed to plant 

biomass and soils in terrestrial ecosystems storing 25-30% of the anthropogenic carbon 

emissions, thus mitigating some potential climate change effects (Reichstein et al., 2013). 

However, it is unclear whether this negative feedback loop will persist under future 

climate change scenarios and extreme climate events (Reichstein et al., 2013). Much of 

this uncertainty stems from poor understanding in controls of carbon storage in complex 

terrain and large errors associated with estimation of the soil carbon pools (Todd-Brown 

et al., 2013) and turnover rates (Carvalhais et al., 2014).  

Estimating and distributing soil carbon is a challenging problem due to scaling 

(Todd-Brown et al., 2013) and an incomplete understanding in the sensitivity of soils to 

climatic and anthropogenic perturbations (Davidson and Janssens, 2006, Powlson et al., 

2001, Le Quéré et al., 2013). In particular, estimating soil carbon in complex terrain has 
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been difficult because soil carbon measurements are typically taken on flat, stable 

terrestrial environments to minimize erosion and are then extrapolated to slopped settings 

(Schlesinger, 1990). Hillslopes, slopes at or above 8%, comprise 64% of terrestrial 

landscapes (Staub and Rosenzweig, 1992) making the extrapolation to hillslopes a 

possible large source of error in carbon estimates.  

Climate is often considered the main predictor of productivity and associated soil 

carbon storage (Amundson, 2001), yet ecological and geomorphological environments 

associated with hillslopes can create local climate or microclimate that can rival broader 

climate controls (Pielke and Avissar, 1990). Indeed, in semi-arid environments, lithologic 

and local topographic controls may be more important in predicting carbon stocks and 

turnover than climate compared to other regions. These local controls can provide 

positive feedbacks that promote vegetation growth and soil development within the 

terrain (Robinson et al., 2008). For example, Drever (1994) shows how plants affect 

weathering of silicate minerals, bind secondary minerals and has a great effect on local 

moisture. To date, soil carbon models in complex terrain have used local controls such as 

vegetation cover (Kunkel et al., 2011), slope, elevation (Garcia-Pauusas et al., 2007), 

hillslope position and soil properties (Tsui, 2004). Other possible local controls on soil 

carbon such as curvature, aspect, and lithology have received less attention and may be 

important variables in local carbon budget models.  

Tangential curvature, the change in slope in all directions from a fixed point, has 

been identified as a good predictor of soil depth on convex hillslopes (Dietrich et al., 

1995) and is likely a good predictor of mobile soil depth across the complex terrain but 

this has not been empirically tested. Total mobile regolith (TMR) depth may also be a 
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good first order approximate of soil carbon pools because carbon pools are directly 

related to soil thickness, due to decreased carbon decomposition and increased carbon 

burial with depth (Jobbagy and Jackson, 2000, Yoo et al., 2005). Combining aspect and 

TMR with tangential curvature could improve prediction of soil carbon storage and 

fluxes on complex hillslopes. 

 The overreaching goal for the research is to understand how topography affect 

total soil carbon storage in a semi-arid environment. In Chapter 1, I explore the 

relationships between TMR depth and topography. In Chapter 2, I describe how to 

predict fine fraction bulk density from percent organic matter and soil coarse fraction. 

Lastly, in Chapter 3, I quantify total soil organic carbon stocks across by utilizing TMR 

thickness and bulk density measurements. At the end of my project, I generate a total soil 

carbon model for Johnston Draw Watershed and evaluate how total soil carbon varies 

across the landscape and the quantity of the total carbon pools. Findings from this study 

will improve understanding of soil carbon on hillslopes and this knowledge will advance 

predictive global carbon budgets 
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Chapter 1: Hillslope Curvature Controls on the Total Mobile Regolith Thickness 

Across a Range of Steady State Landscapes 

 

Abstract 

 The thickness of the mobile soil or total mobile regolith (TMR) is an important 

variable in many earth science disciplines, notably in landscape evolution and mineral 

weathering models. Despite its importance, the thickness of the TMR remains difficult to 

predict across complex terrain. In this study, we evaluate the relationship of tangential 

hillslope curvature to TMR thickness within a 1.8 km2 granite-dominated watershed in 

Idaho, and compare the generality of this relationship to other published LiDAR and soil 

data sets from around the world in varying lithologies and climate. Results from our field 

site show a strong inverse relationship between TMR and tangential curvature (r2 =0.89). 

Similar inverse TMR-curvature relationships exist across published data sets, although 

the slopes and y-intercepts vary widely. We show for the first time that this variation in 

the slope of the function is well explained by the variance in tangential curvature within 

these catchments (r2= 0.99, p<0.0005). Sites with lower variance in curvature have a 

more negative slope in the TMR-curvature function and therefore higher frequency of 

planar surfaces. We offer a simple empirical method to predict TMR thickness across 

catchments, independent of lithology and climate, based on only high-resolution 

topographic data and a limited set of soil thickness measurements. A preliminary test of 

this method was performed on an independent granitic catchment in Idaho with a limited 

soil dataset (5 pits), and the data fit the predicted soil thickness well (r2=0.97 and 

p<0.0127). We conclude that the inverse TMR-curvature relationship appears robust 

across lithologies and climates, and its slopes varies predictably with the variance in 
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curvature for a given watershed and can be used to predict thickness of TMR in complex 

terrain.  
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1) Introduction and Motivation  

 The thickness of the hillslope soil mantle is an important variable in many earth 

science disciplines. In the geosciences, soil thickness defines the interface at which soil 

production (Dixon et al., 2009) and physical mobility (Heimsath et al., 1997) occur, and 

is crucial in determining hillslope stability (Dietrich et al., 1995). In the critical zone, 

hydrologic and soil sciences, it defines the zone of chemical depletion (Brantley and 

Lebedeva, 2011), the lower boundary conditions for hydrological models (Woolhiser et 

al., 2006), the zone of numerous interactions between air, water, lithology and biota 

(Brantley et al., 2007), plant-atmospheric available water and storage (Zhang et al., 

2001), and it often sets the lower boundary limit on soil carbon and other elemental 

accumulation and storage (Fontaine et al., 2007). Despite its importance, soil mantle 

thickness largely remains unknown across most landscapes, and is thus poorly 

constrained as a key parameter in physical and chemical weathering models (West, 

2012).  

 The thickness of the hillslope soil mantle or total mobile regolith (TMR) depth 

has been defined as the portion of the soil profile that is mobile via slope or mixing 

processes, and differs from total regolith or total soil depth by not including the immobile 

regolith fraction (Figure 1, sensu Anderson et al., 2013). Mobile regolith thickness is 

heterogeneous in space and time across landscapes, and models often assume that 

thickness scales inversely with erosion rate (Heimsath et al., 1997) or relief (Hilley et al., 

2010; Montgomery and Brandon, 2002). More recent discussion has focused on 

understanding the bottom-up controls of soil production and weathering thickness 
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(Rempe and Dietrich, 2014) compared to top-down geochemical models focused on the 

depletion of chemicals and weathering thickness (Brantley and Lebedeva, 2011).  

Attempts to quantify and model the relationship between soil thickness, soil 

production, and soil transport have typically used hillslope mass balance models and 

cosmogenic radionuclide (CRN)-derived erosion rates (Dietrich et al.,1995; Heimsath et 

al.,1999), and more recently, geochemical mass balance models (Mudd and Furbish, 

2004). Early results from Dietrich et al. (1995) and Heimsath et al. (1999) suggest that 

soil depth adjusts rapidly to changes in tangential curvature such that local steady-state 

soil thickness is obtained within 10,000 years. Indeed tangential curvature, the rate of 

change in slope in all directions from a fixed point, has been identified as a first-order 

predictor of soil depth on convex hillslopes. Local curvature-soil depth relationships 

generally show shallow soils on ridges and noses and deeper soil in hollows and 

unchanneled valleys (Dietrich et al., 1995; Heimsath et al., 1997; Heimsath et al., 1999). 

Soil thickness has also been determined by coupling high-resolution topographic 

data with a field-calibrated numerical model (Pelletier and Rasmussen, 2009). 

Specifically, the model uses a soil production function, and a non-linear depth- and slope-

dependent sediment transport model that is calibrated with measured soil depths. Model 

results show thickening of soils in hollows and thinning on ridges as observed in field 

settings, and the model predicted relative depths in basins of varying lithologies 

reasonably well. However, accurate absolute depths were not obtained, which was 

hypothesized to be due to hillslope soil thicknesses not being at steady-state (Pelletier and 

Rasmussen, 2009). Despite these theoretical and numerical advances, models of the 
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thickness of the mobile regolith remain over-parameterized and require extensive and 

expensive analyses.  

  The objectives of this research are to: (1) quantify the relationship between 

tangential curvature derived from high-resolution digital elevation models (DEM) and 

total mobile regolith (TMR) thickness measurements in complex terrain; (2) evaluate the 

generality of TMR-curvature relationships across a wide range of lithologies, climates 

and vegetation types; and (3) assess possible controls on those relationships.  
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2) Techniques and Field Setting  

2.1 Reynolds Creek Field Area 

 The study was conducted at the Reynolds Creek Critical Zone Observatory (RC 

CZO) located within the USDA Agricultural Research Service (USDA-ARS) Reynolds 

Creek Experimental Watershed, a 239 km2 watershed located in southwestern Idaho. We 

focused our study on Johnston Draw, a 1.8 km2 sub-watershed oriented east to west 

(Figure 2). The bedrock is primarily ~66-62 Mya biotite muscovite granitediorite and 

quartz monzonite from the Idaho Batholith (Pansze, 1975). The relatively spatially 

continuous lithology weathers to a consistent sandy loam soil texture (average: 67% sand, 

18% silt, and 15% clay). Minor lithologic discontinuities in the subwatershed include a 

combination of quartz latite, and rhyolite flows covering the high plateau at the top of the 

watershed and a ~15.2 Mya small olivine-rich basalt flow near the outlet (McIntyre, 

1972); these sparse lithologies were excluded from this analysis to control for lithology 

while varying topography.  

Johnston Draw has asymmetric aspects; steep north-facing slopes average 16.8ᵒ 

and cover 37% of the watershed area compared to the shallow south-facing slopes with 

average slopes 13.9ᵒ that cover the rest of the watershed The south-facing slopes have 

larger and more frequent rock outcrops compared with the north-facing slopes. The lack 

of geomorphic evidence of landsliding supports our assertion that hillslope transport in 

Johnston Draw is primarily dominated by soil creep. Based on our field observations, 

stream channels with drainage areas >6000 m2 are incised to bedrock, and all sediment 

delivered to these channels are transported out of the system, primarily via snowpack 

runoff. 
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 The mean annual precipitation is 550 mm/yr and the mean annual temperature is 

7.4 ᵒC. Johnston Draw is located within the rain-snow transition zone (Enslin et al., in 

review) with elevation ranging from 1490 m to 1850 m. Precipitation typically occurs in 

late fall and continues throughout the winter months. Lower elevations receive 

precipitation as rain while higher elevations receive precipitation as snow, and drifts 

typically accumulate in select locations in the upper basin. Soil temperature and moisture 

measurements show less variability on north-facing slopes than on south-facing slopes 

due to decreased solar radiation and increased canopy cover (Bryden and Link, 2013). 

Wyoming Big Sagebrush (Artemisia tridentate ssp. wyomingensis) is the dominant plant 

species on both aspects representing 50-75% of the watershed, with mountain mahogany 

(Cercocarpus ledifolius), aspen (Populus tremuloides), bitterbrush (Purshia 

stansburyana), and western juniper (Juniperus occidentalis) making up the remaining 

major vegetation. 

2.2 Study Design and Sampling 

 We determined the tangential curvature frequency distribution within each 

watershed from a 3 m digital elevation model (DEM) derived from Light Detection and 

Ranging (LiDAR) using the ArcGIS curvature toolbox. One (1) m resolution gridded 

bare-earth elevations were aggregated to 3 m resolution to reduce the bias of DEM-

derived curvature calculations [Kienzle, 2004]. Curvatures in Johnston Draw were 

normally distributed with a mean of 0 m-1 (planar), a standard deviation of 3.31 m-1, and a 

range of curvatures between -30 m-1 and 30 m-1.  

Total mobile regolith (TMR) sample sites were randomly stratified across the full 

range of curvature (Figure 3). TMR depth was determined by digging soil pits, 
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approximately 1-m by 2-m, throughout the watershed (45 total soil pits, 39 soil pits in 

granite). Measurements were taken vertically from the top of the profile to the contact of 

mobile regolith and weathered bedrock (Anderson et al., 2013). Consistent with Heimsath 

et al. (1999), soil pits were excavated vertically to below the mobile regolith-weathered 

bedrock contact to validate depth measurements (slope normal soil thickness). 

 The largest sources of variability in TMR determination were the designations of 

the upper and lower boundary conditions for depth measurements. Due to matted 

vegetation, surface cracking, bioturbation and other processes, a fine scale roughness of ± 

5 cm was observed at most soil pit surfaces, making upper boundary conditions difficult 

to discern. For consistency, all measurements were made at the average surface height as 

exemplified in Figure 4a. Similar to surface measurements, lower boundary 

measurements were often difficult. In shallow (< 50 cm) mobile regolith, sharp 

boundaries were observed with variability around ± 5 cm (Figure 4b). However, as the 

depth of mobile regolith increased, so did the uncertainty in the lower boundary. Soil pits 

at 150 cm depths exhibited a diffuse lower boundary with variability up to ± 20 cm 

(Figure 4c). Lower boundary conditions were designated with observation of original 

parent material structure including exfoliation sheets, planar flow fabrics, and jointing 

sets (Anderson et al., 2013). The observed variability in the upper and lower boundary 

conditions were incorporated into error propagation of the TMR-curvature model. 

2.3 Data Analysis 

 Seventy percent (70%) of the TMR data from Johnston Draw were randomly 

selected to quantify the relationship between tangential curvature and TMR. We used a 

linear regression model with tangential curvature as the explanatory variable and TMR as 
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the response variable. The remaining 30% of the TMR samples were used as the 

validation test set to evaluate the goodness of fit of the model. Predicted TMR 

thicknesses and their confidence intervals (95%) were compared to the observed TMR 

depths. 

 TMR depth for every 3 m pixel within the catchment was estimated using the 

derived tangential curvature-TMR depth function within ArcGIS version 10 (Riverside, 

CA). TMR depths within two areas in the watershed - near rock outcrops and in stream 

channels - were then adjusted based on field observations. Stream channels were 

reclassified to depths of 0 cm due to their incision to bedrock. To adjust TMR depths near 

rock outcrops, National Agricultural Imagery Program (NAIP) imagery was used to 

delineate all outcrops, and these cells were reclassified to depths of 0 cm. Within 10 m of 

rock outcrops, we observed that the local TMR thickness was controlled by other 

physical processes. For this reason, within that buffer area of 10 m, TMR values were 

interpolated from the outcrop base (0 cm) to the predicted TMR value at 10 m. 

Assumptions in this analysis include the following: (1) local TMR thickness reflects all 

five soil forming factors (age, parent material, climate, topography, and biota) and are at 

local steady state (Jenny, 1941), (2) the increase in TMR upslope has a proportional 

increase in sediment transport rates downslope, such that the hillslopes are in quasi-

equilibrium, and 3) all watersheds have normal distributions of tangential curvature with 

the highest frequency on planar surfaces. 
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2.4 Cross-Site Evaluation 

 We compiled soil thickness and curvature data from Heimsath et al. (1999, 2000, 

2001a, 2001b, 2005) and Pelletier and Rasmussen (2009) using Data Thief III (Tummers, 

2006), and evaluated the generality of the TMR function across sites. These sites varied 

dramatically in age, parent material, climate, topography, and biota (Table 1), but a 

common tangential curvature measurement and the same methodology in determining 

soil depths were used. Finally, we evaluated the role of variance in curvature distributions 

in controlling the TMR-curvature slope relationship, and applied this to an independent 

watershed in Reynolds Creek with a limited set of soil thickness measurements to assess 

goodness of fit. All assumptions noted in the previous section (Section 2.3) remain the 

same. 

 

 

 

 

 

 

 

 

 

 

 

 



11 
 

3) Results and Discussion 

3.1 Johnston Draw Study Site 

 Total mobile regolith depth varied strongly and inversely as a linear function of 

tangential curvature (r2=0.89, p<0.0001) in the granite-dominated Johnston Draw 

catchment (Figure 5a). The slope of the TMR-curvature relationship was -21 ± 1.5 cm/m 

and the y-intercept was 102 ± 3.5 cm. Predicted vs. observed TMR thicknesses for the 

validation data set fell on the 1:1 line (r2=0.84, p<0.0001; Figure 6). The TMR-curvature 

function was utilized to predict TMR thickness across Johnston Draw watershed (Figure 

5b), and showed shallow TMR depths on noses and ridges and increasing depth in 

hollows and valleys as observed by Dietrich et al. (1995), Heimsath et al. (1997, 1999, 

2000, 2001a, 2001b, 2005), and Pelletier and Rasmussen (2009). TMR average 

thicknesses did not vary significantly with elevation or aspect; thicknesses on north-

facing aspects were 100.4 ± 1.7 cm, and on south-facing aspects were 97.7 ± 1.7 cm, 

indicating that processes that affect TMR thickness are consistent across aspect and 

elevation. 

3.2 Cross-Site Evaluation 

 TMR thickness and curvature data showed similar inverse relationships across a 

range of watersheds with differing age, parent material, climate, topography, and biota 

(Table 1), but best-fit slopes and intercepts varied with site location (Figure 7). Whereas 

the intercept, the TMR thickness where curvature is planar (0 m-1 or planar), was 102.2 

cm for Johnson Draw, at other sites, intercepts ranged from 56.6 cm to 110.6 cm. We 

interpret the intercept as the most frequent TMR thickness of the watershed. The best-fit 

slope of the TMR function varied across sites as well. The steepest best-fit slope was 
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observed at Johnston Draw with slope of -21.1 cm/m and the shallowest at Coos Bay at -

1.7 cm/m. The TMR function slope from the other sites fell in between these values with 

Marshall Gulch at -2.2 cm/m, Tennessee Valley at -13.3 cm/m, Point Reyes at -15.4 

cm/m, and Nunnock River at -16.9 cm/m. At all sites, the thinnest TMR depths were 

found on ridges and noses, and the thickest TMR values were found in hollows and 

valleys. 

 We posit that possible mechanisms underlying the variation in the slope and y-

intercept of the TMR-curvature function include differences in roughness, the 

measurement of the distribution of tangential curvatures within the field area, and the 

residence time of TMR. We evaluated the role of variance of tangential curvatures in 

controlling the slope of the TMR-curvature function and found that standard deviation in 

tangential curvature varied inversely with the slope of the TMR-curvature function as a 

linear function (r2=0.99, p<0.0005; Figure 8). The slope of the function is -3.4 ± 0.2 cm 

and the y-intercept was -31.9 ± 1.4 cm/m. As expected, broader distributions of tangential 

curvature from 8.42 m-1 and 9.11 m-1 (Marshall Gulch and Coos Bay, respectively) 

resulted in lower TMR slope values, while narrow curvature distributions from 3.31 m-1 

and 4.58 m-1 (Johnston Draw and Point Reyes, respectively) had greater TMR slope 

values, Figure 8.  Dietrich et al. (1995) posited that if a landscape was not perturbed, it 

will begin to become more diffuse (smooth) and show less abrupt deviations in soil 

thickness with space. Smoother topography indicates that all surfaces are working 

towards planar surfaces.  
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3.3 Model Development 

Our findings support these predictions and suggest that the standard deviation of 

tangential curvatures derived from high resolution LiDAR may be a proxy for TMR 

thickness and determining whether the zone of weathering is steady or changing in time 

(Anderson, 2012). We predict hillslopes with broad curvature distributions will have 

more variable TMR depths with a lower fit to the TMR-tangential curvature function. 

Indeed, other processes may dominate the TMR depth-curvature relationship under 

certain conditions. For example, rock outcrops were buffered and excluded in this 

analysis because they appear to operate as their own process domain such that the TMR-

curvature relationship does not apply within 10 meters of an outcrop.  

The intercept of the TMR-curvature function (maximum frequency of total mobile 

regolith depth at planar surfaces (0 m-1)) varied amongst all areas of interest. We 

hypothesize that residence time of the mobile regolith strongly influences the intercept, or 

the local steady state soil depth at which curvature is zero or planar. We estimated the 

TMR residence time (τ) (Almond et al., 2007, Sweeney et al., 2012) in our watershed 

based on the observed steady state mobile soil depth (h) of 102 cm (intercept), estimates 

of erosion rate (E) from 50-year sediment records from Reynolds Creek Experimental 

Watershed (150 m/MY), which are comparable to long-term erosion estimates from the 

Idaho Batholith (Ferrier et al., 2012), and measured soil-bedrock density contrast (ρs/ρr) 

(Patton, unpublished data). We estimated an average TMR residence time of 3738 yrs 

(range 2030-5921 yrs), indicating relatively short residence times on hillslopes in the 

granitic watersheds at Reynolds Creek. Field observations of little profile horizonation or 
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pedogenesis on slopes support these findings. Further investigation is merited to test 

these findings, but this was beyond the scope of this investigation.  

Collectively, our results suggest that the TMR-curvature model works well if soils 

are approaching soil thickness steady state, where production is equal to transport and the 

landscape has not been subjected to recent perturbations by either climatic, biotic, 

anthropogenic, or geomorphic processes. If soil thickness is a desired terrain attribute, a 

simple model that requires only knowledge of the watershed curvature distribution (at 3 

m resolution) and a limited set of field soil depth measurements at planar positions 

(minimum 1, optimal 5 soil pits) within a watershed can be used to estimate and validate 

the distribution of soil thickness across a watershed.   

  We offer a simple empirical method to predict TMR thickness across catchments, 

regardless of lithology, climate and slope, based on only high-resolution topographic data 

and a limited set of soil thickness measurements. Equation 1 is the generalized 

relationship derived from Figure 5,  

                                                                  h = (
∆h

∆∇2) ∇2 + ℎ̅                             EQ1) 

where h is the vertical TMR thickness, (
∆h

∆∇2) is the best-fit slope of the TMR-curvature 

relationship, ∇2 is the tangential curvature, and ℎ̅ is the most abundant planar TMR 

thickness for a given watershed. We showed that all watersheds have a normal 

distribution of tangential curvature around a planar surface of 0 m-1 (Figure 8), such that 

ℎ̅ can be easily acquired by digging a soil pit on a planar surface. In general, more TMR 

thickness measurements collected at planar locations and averaged will likely provide 

better results. The standard deviation of tangential curvature can also be used to estimate 

the best-fit slope of the TMR-curvature function. To produce a map of predicted TMR 
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thickness, Equation 1 can be applied in ArcGIS raster calculator with an estimate of ℎ̅,  

and tangential curvature derived from a high-resolution DEM. The standard deviation of 

tangential curvature can also be determined from the DEM and used to infer the 

sensitivity of TMR to curvature. Any TMR values less than 0 cm that are associated with 

rock outcrops should be reclassified as 0 cm. 

3.4 Model Validation  

 We used Whiskey Hill, an independent granitic sub-watershed in Reynolds Creek 

CZO in southwestern Idaho, to test this method. A location on a planar surface was 

randomly selected and excavated down to saprolite. The depth of 56 cm was assumed to 

represent ℎ̅, and ∆h/∆∇2 was calculated to be 3.35 from a 3 m DEM. We used these 

values in Equation 1 to estimate TMR across the subwatershed (Figure 9). Measured 

TMR depths (purple dots) fall along the estimated thicknesses (purple line) within 

propagated uncertainty bounds derived from observed variability in TMR thickness 

(purple dashed lines), as explained in Section 2.2. Estimated TMR values can be easily 

distributed to a predictive TMR map in ArcGIS. Predicting TMR thickness via Eq. 1 can 

be a simple and accurate method for determining distributed TMR thickness, as seen on a 

predicted versus actual TMR thickness graph for Whiskey Hill (slope=0.79, r2=0.97, 

p<0.0127). 

 What can explain the variability in the TMR-Curvature function? Based on data 

and field observations, we present a conceptual model depicting how the relationship of 

tangential curvature and TMR depth may change with curvature distribution and soil 

residence time (Figure 10). We hypothesize that the best-fit slope of the TMR-curvature 

function is controlled predominantly by the distribution of tangential curvature. We posit 
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that variability in the TMR-curvature function is contributed from a variety of 

geomorphic processes such as rock outcropping, unchanneled hollow, valley filling, 

depositional toe-slope over thickening, last time since disturbance, and stream channel 

evacuation. We acknowledge that this model relies on high-resolution topographic data, 

and if such data is not available, other models should be considered. 
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4) Conclusion 

 We present detailed data on an inverse TMR-curvature relationship, and 

demonstrate its applicability to watersheds in varying age, parent material, climate, 

topography, and biota. Our findings indicate that accurate and precise estimates of TMR 

values can be predicted in watersheds near or at soil thickness steady state given 

knowledge of the local tangential curvature and soil thickness at a planar position. 

Although many processes contribute to variability in TMR thickness, the variance of the 

curvature distributions in a watershed integrate most of these processes. We hypothesize 

that TMR-curvature functions with low residuals indicate that the landscape must be in or 

approaching a steady state compared to watersheds with high residuals. TMR thickness is 

an important component in many environmental disciplines, and further research needs to 

address other processes.  
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Chapter II: Coarse Fraction Adjusted Bulk Density Estimates Using Soil Organic 

Matter within a Granitic Semi-Arid Watershed  

 

 

Abstract 

Soil is one of the largest terrestrial reservoirs of carbon containing an estimated 2370-

2450 Pg C, and soil bulk density is a critical variable in estimating total soil carbon on an 

areal basis. Despite its importance, soil bulk density is seldom measured due to its 

difficulty, sampling constraints, and time consumption. Pedotransfer functions (PTF) 

have been developed using the relationship between soil organic matter (SOM) and 

particle distribution in order to aid in bulk densities estimations. Recently, it has been 

suggested that modifications of bulk density PTFs need to consider the coarse fraction 

due to their impact on carbon estimates. In this study, we aim to develop a PTF from 

SOM to determine field bulk density (BDField) and then adjust measurements based on 

bulk coarse fraction to determine fine fraction bulk densities (BDFF) within a granitic 

watershed. Our results show that BDField varied as a negative power function with respect 

to SOM (r2 value of 0.86, p<0.0001) and is a good predictor of BDField when comparing 

predicted versus observed values (r2 value of 0.88, p<0.0001). The largest over- and 

under-estimations of BDField resulted from surface root fraction and deep coarse fraction, 

respectively. Our SOM-BDField PTF did not perform well in other lithologies of varying 

densities, where SOM-BDField  is over-estimated for low-density mudstones, and SOM-

BDField is under-estimated for high-density basalts. Comparing our coarse fraction 

adjusted bulk density method to actual BDFF values, we found a 2% under-estimation in 

comparisons to Rawls (1983) particle size distribution method, which showed a 20% 
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over-estimation. We conclude that our coarse fraction adjusted bulk density method can 

provide robust estimates BDFF values (within -9.4% to 6.9% of observed) in granitic and 

rhyolite parent materials and more variable estimates in basalt materials (within -29% to -

11.2%). 
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1) Introduction and Motivation 

 Soil is one of the largest terrestrial reservoirs of carbon (C), containing an 

estimated 2370-2450 Pg C (Lal, 2004). There is a growing recognition of the need to 

improve total soil carbon estimations with increasing anthropogenic perturbations and 

uncertainty associated with feedbacks of soils to the global climate (Amundson, 2001, 

Carvalhais et al., 2014, Todd-Brown et al., 2013). However, total carbon stocks are 

difficult to determine due to its size and its dynamic behavior, which leads to great 

uncertainties. Dryland soils, in particular, contain low concentrations of SOC but make 

up 10% of the total terrestrial stock (Millennium, 2005). Due to its sheer size, small 

changes in these reservoirs could have large consequences for the atmosphere and global 

climate. 

Soil carbon budgets rely on in-situ field measurements of soil bulk density 

(Throop et al., 2012; Taalab et al., 2013) to convert soil carbon mass estimates to an areal 

basis. Soil bulk density (BDFF) is the mass of soil fine fraction (FF), < 2 mm in grain size, 

divided by its volume. BDFF is considered one of the most important measurements for 

determining nutrient pools, root distribution, hydraulics and chemical soil properties 

(Bellamy et al., 2005; Ungaro et al., 2010; Martin et al., 2011). Methods for determining 

BDFF vary among studies but include a variation of the core, clod, and excavation 

methods (Grossman et al., 2002). The variation in methods among studies can result in 

significant source of uncertainty. Since 1999, the most widely accepted and commonly 

utilized approach is the core method (Throop et al., 2012) due to its low impact, ability to 

collect many samples, and straightforward procedure (Robertson et al., 1999). 
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Despite bulk density's importance, measurements are seldom collected owing to 

its difficulty and time consumption. Numerous studies, therefore, depend on pedotransfer 

functions (PTFs) derived from relationships of soil organic matter (SOM), soil organic 

carbon (SOC), and particle size distribution to BDFF (Adams, 1973; Rawls, 1983, De Vos 

et al., 2005, Huntington et. al., 1989; Curtis and Post, 1964; Al-Quinna and Jaber, 2013). 

Two main issues arise in these associations; 1) PTFs are too general and do not pertain to 

a specific lithology or ecosystem (Kaur et al., 2002) and 2) estimates fail to consider the 

addition of the coarse fraction (CF) and their density, which can increase measurement 

error estimates  >5% (Mehler et al., 2004). This may be particularly important to address 

in dryland regions because these regions cover over 40% of the terrestrial earth surface 

(Schlesinger et al., 1990) and are often dominated by rocky soils. Indeed, Throop et al. 

(2012) show that the difference in treatment of CF with respect to bulk density can result 

in significant (11% to 26%) discrepancy in carbon budgets.  

 The goal of this research is to develop a hybrid approach combining both core and 

pedotransfer functions methods while accounting for the coarse fraction to determine 

BDFF. We determine estimated field bulk density (BDField) across the watershed by 

creating a SOM-BDField PTF. Estimated BDField values are then adjusted for CF 

percentage and particle density to determine BDFF. We compare our findings to varying 

lithologies (basalt, rhyolite, granite, colluvium, and mudstone) and watersheds to 

determine its applicability across regions. Lastly, we compare and contrast our results to 

the widely used particle size distribution PTF developed by Rawls (1983). 
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2) Techniques and Field Setting 

2.1 Field Area 

 The study was conducted at the Reynolds Creek Critical Zone Observatory (RC 

CZO) located within the USDA Agricultural Research Service (USDA-ARS) Reynolds 

Creek Experimental Watershed, a 239 km2 watershed located in southwestern Idaho. 

Refer to Chapter 2 Section 2.1 for more details. 

2.2 Sampling and Processing of field bulk density samples and bulk samples 

 Field bulk density (BDField) samples were collected from 30 individual soil pits 

dug to saprolite (1-m x 2-m) in the granitic portion of Johnston Draw watershed (total 

292 samples and 90 bulk density samples). All vegetation, microclimate, soil type, and 

topography were represented in the given data set. A field bulk density core was collected 

from each selected horizon using an approximately 80 to 100 cm3 circular core that was 

uniquely identified for later volume determination. We hammered the core vertically 

down, extracted it using a soil knife, and stored it in a seal plastic bag. The next horizon 

was then exposed for the next core extraction. When collecting the BDField core from each 

selected horizon, care was taken so that the sample did not contain large rocks and was 

therefore representative of the horizon. BDField samples were not taken if cores could not 

be collected cleanly due to the abundance of rocks, roots, or highly cemented soil.  

Bulk samples were also collected from each horizon for chemical analysis and 

coarse fraction density. A bulk sample is a large quantity of soil that is evenly collected 

over the entire soil horizon, ensuring that all soil variability is represented. If possible, we 

collected approximately 1000 g in a sealed plastic bag. Bulk samples were brought back 

from the field, air dried, and sieved using a 2 mm stainless steel sieve. Both the fine and 



23 
 

coarse fraction were weighed, and coarse fraction (CF) density was determined by 

displacing a known mass of CF within a water-filled graduated cylinder and determining 

the volume.  

2.3 Bulk Density Core Extraction Method 

 In the laboratory, BDField core samples were dried in an oven for 24 hrs at 105ᵒC. 

The volumes of the cores were recorded, and the materials within the cores were sieved 

using a 2 mm stainless steel sieve. The mass of both FF and CF were measured. Total CF 

volume was determined by water displacement. The volume of the CF was subtracted 

from the total volume of the core to provide FF volume.  Equation 1 provides the 

calculation to convert BDField to BDFF: 

                                     𝐵𝐷𝐹𝐹 = [𝐵𝐷𝐹𝑖𝑒𝑙𝑑 − 𝐵𝐷𝐶𝐹]  = [(
𝐵𝐷𝐹𝑖𝑒𝑙𝑑𝑤𝑡 − 𝐶𝐹𝑤𝑡

𝐵𝐷𝐹𝑖𝑒𝑙𝑑𝑣𝑜𝑙 − 𝐶𝐹𝑣𝑜𝑙
)]                        EQ1) 

2.4 Percent Soil Organic Matter 

 Percent soil organic matter was determined on the bulk fraction utilizing the loss-

on-ignition (LOI) method (Nelson and Sommers, 1996). A sieved subset of soil, 

approximately 40 g, was oven dried at 105ᵒC for 24 hrs. Dried samples were reweighed 

and then placed in a combustion furnace at 450 degree C for 8 hrs. Once the samples 

were combusted, samples were put in a drying oven at 105ᵒC for an additional 24 hrs then 

weighed. Equation 2 provides the calculation for percent organic matter for a given 

sample. 

                                           % 𝑆𝑂𝑀 =  [
(𝑂𝑣𝑒𝑛 𝑑𝑟𝑦 𝑠𝑜𝑖𝑙 (𝑔)− 𝐶𝑜𝑚𝑏𝑢𝑠𝑡𝑒𝑑 𝑑𝑟𝑦 𝑠𝑜𝑖𝑙 (𝑔))

(𝑂𝑣𝑒𝑛 𝑑𝑟𝑦 𝑠𝑜𝑖𝑙 (𝑔))
] ∗ 100                                    EQ2) 
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2.5 Estimation of BDFF from % SOM  

 We determined the relationship between % SOM and BDField and used this 

relationship (SOM-BDField function) to estimate BDField for bulk samples with no 

associated BDField. We used 60 samples as a build set and 30 samples as a test set from 

Johnson Draw. We adjusted this estimated BDField term with coarse fraction volume 

(CFvol) and mass (CFmass) derived from the bulk sample to determine BDFF. Equation 3 

provides a stepwise calculation for BDFF from BDField using the coarse fraction adjusted 

bulk density core extraction method (BDFF-CFadj). We assumed the FF ratio (FF mass/total 

bulk mass) within the bulk samples was equal to the FF ratio in the BDField core and 

estimated the FFmass in the core by multiplying the mass of the sample from the BDfield 

sample by the FF ratio from the bulk sample (Step 1). The CFmass was determined by 

difference (Step 2). The CFvol was determined from dividing CFmass by CFd (Step 3) and 

associated FFvol was determined by subtracting 1-CFvol (Step 4). The BDFF-CFadj was then 

calculated as the ratio of FFmass to FFvol. In practice, only collection of coarse and fine 

fraction on the bulk sample and coarse fraction density will be needed to determine BDFF 

if applying this method.  

 

Step 1)          𝑩𝑫𝑭𝒊𝒆𝒍𝒅𝒎𝒂𝒔𝒔
× 𝑭𝑭𝑹𝒂𝒕𝒊𝒐 =  𝑭𝑭𝒎𝒂𝒔𝒔 

 

Step 2)              𝑩𝑫𝑭𝒊𝒆𝒍𝒅𝒎𝒂𝒔𝒔
−  𝑭𝑭𝒎𝒂𝒔𝒔 = 𝑪𝑭𝒎𝒂𝒔𝒔 

 

Step 3)              
𝑪𝑭𝒎𝒂𝒔𝒔

𝑪𝑭𝒅
= 𝑪𝑭𝒗𝒐𝒍 

 

Step 4)             𝟏 − 𝑪𝑭𝒗𝒐𝒍 = 𝑭𝑭𝒗𝒐𝒍 
 

Step 5)             
𝑭𝑭𝒎𝒂𝒔𝒔

𝑭𝑭𝒗𝒐𝒍
= 𝑩𝑫𝑭𝑭 

                                    EQ3) 
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3) Results and Discussion 

3.1 Percent Soil Organic Matter to Field Bulk Density Function 

 Field bulk density (BDField) varied as a negative power function with respect to % 

SOM (r2 value of 0.86, p<0.0001). Figure 11a shows the SOM-BDField function derived 

from a build set of 60 samples within Johnston Draw (JD) (black dots) and a comparison 

to the test set of 30 samples (white dots). Loss-on-ignition SOM estimates had small error 

(±0.09) amongst triplicates from the fifteen build-sets. The test set showed a good fit 

when comparing predicted versus actual BDField (r
2 value of 0.88, p<0.0001), Figure 12. 

Our results follow Adams (1973) observations that BDField varies inversely with total 

amount of soil organic matter present, Figure 11b (gray dots). However, unlike Adams 

(1973) work, our data from Johnston Draw, and samples from varying lithologies, do not 

fall on the same trend line, Figure 11b. A cross-lithology evaluation of the power 

function showed best fits of the SOM- BDField function in granite and rhyolite sites where 

there was a 1:1 correspondence of predicted to observed values (r2 value of 0.79, 

p<0.0001, and average residual values of 0.006 ± 0.002 g/cm3). A large overall under-

estimation occurred with basalt sites (r2 value of 0.54, p<0.039, and average residual 

values of -0.044 ± 0.012 g/cm3) and the largest overall over-estimations occurred in 

mudstone (r2 value of 0.001, p<0.8669 and average residual values of 0.240 ± 0.049 

g/cm3). Our findings indicate that the SOM-BDField function can be applied in watersheds 

of similar lithology if %SOM is known; however, varying parent material should 

consider another SOM-BDField function for the given lithology. 

 We hypothesize the over- and under-estimations from the SOM-BDField function 

associated with granitic samples are due to the distribution of root and coarse fractions. 
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Samples taken near the surface incorporate more root-derived organic matter, which has 

lower densities (Adams, 1973) and increased pore space (Rawls, 1983). In contrast, 

samples collected in the deep subsurface include higher coarse fraction densities, which 

are comparable to the local lithology. For both root and coarse fractions, these densities 

do not remain constant with time and space. As root derived organic matter becomes 

more processed and recalcitrant, the compound becomes denser (McLauchlan and 

Hobbie, 2004). Similarly, coarse fractions undergo changes in densities. The chemical 

weathering of the coarse fraction due to plant-formed acids and water interactions causes 

a gradual decrease in density through a soil profile (Grant, 1963). As a result of BDField 

consisting of the total weight of all material within a core, additions of either root or 

coarse fractions could have the potential to lead to over- or under-estimation of the 

predictive BDField. Figure 13 is a conceptual model that depicts the hypothesized optimal 

location within a profile to predict BDField based on root fraction and the degree of 

weathering to the coarse fraction. We predicted that estimated BDField optimal zone would 

increase directly with the increase in soil thickness. In locations with identical lithology 

and vegetation, we assume the areas of over- and under-estimation will be the same. 

Thus, as soil thickness decreases, the optimal zone of estimation decreases until the areas 

of over- and under-estimation are in direct contact. 

 Deviations between lithologies shown in Figure 12 are likely due to differences in 

lithology densities. SOM-BDField functions derived for denser material will have higher 

BDField for a given SOM values in comparison to a lower density material. Consistent 

with these expectations, we found the largest under-estimation in BDField for basalt, which 

has the highest density (2.8-3.0 g/cm3), while the largest over-estimation from the 
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Johnston Draw generated SOM-BDField function was for mudstone, which had the lowest 

density (2.3-2.5 g/cm3). Lithologies with similar densities rhyolite and granite (2.6-2.7 

g/cm3 and 2.5-2.7 g/cm3, respectively) fit well with the SOM-BDField functions. In 

contrast, colluvium samples were a mixture of all types of lithology, and this resulted in 

no distinct fit to any SOM-BDField function and the largest variability in terms of under- 

and over-estimations of BDField. More samples are need to constrain the true SOM-BDField 

relationship among all lithologies so an universal function can be generated. 

3.2 Comparing Methodologies 

 We found equivalent BDFF results when we compared our coarse fraction adjusted 

bulk density method against the traditional BDFF core method (r2 value of 0.87, 

p<0.0001), Figure 14. Estimates from the coarse fraction adjusted bulk density method 

result in an average 2% underestimation of actual bulk density values (between -9.4% to 

6.9%). Adjusting BDField by the removal of the coarse fraction for all lithologies lowered 

variability in Figure 5 in comparison to Figure 3. These findings provide more evidence 

that the largest influence on SOM-BDField function found in Figure 12 is the CF. Our 

results suggest that the adjustment of BDField with the CF removal allows us to obtain 

more accurate BDFF measurements for granite or other similar lithologies (i.e. rhyolite) 

but that new SOM-BDField functions need to be obtained for other lithologies with larger 

density differences.  

 Our CF adjusted SOM-BDField method appears to be superior to other published 

BD PTF. For Johnston Draw, the average actual BDFF is 1.37 ± 0.25 g/cm3. When we 

compare our predictions from our CF adjusted SOM-BDField model to those derived from 

Rawls (1983) based on particle size distribution, we observe that our predictive model 
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provides higher accuracy estimates (1.34 ± 0.24 g/cm3) than Rawls method (1.65 ± 0.23 

g/cm3), though with similar precision. We acknowledge the limitation of our analysis; the 

BDField must represent the soil horizon, which cannot contain a high abundance of CF and 

root fraction, and lithologies should be of similar composition. To further investigate 

these relationships, we need to quantify the influence of CF and root fraction and assess 

the error associated with them. In addition, our present dataset lacks adequate amount of 

data to develop new SOM-BDField functions for other lithologies, and it does not 

incorporate a diverse set of ecosystems other than those represented in semi-arid 

environments. 
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4) Conclusion  

 Bulk density is crucial measurement to determine many soil properties, but it has 

shown to be difficult to determine. Methods such as PTFs have been developed to 

estimate BDFF for missing values and over a large area where measurements were not 

taken. However, a large source of error in these PTFs is associated with the coarse 

fraction, which is typically not addressed. We developed a SOM-BDField function that 

provides BDField for all samples lacking the measurement, and we show that adjustments 

of the BDField can be made by removing the CF volume and weight to determine BDFF. 

Further research needs to address the true effect of the CF on BDFF and how to 

incorporate all lithologies in an universal SOM-BDField function. 
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Chapter III: Topographic Controls on Total Soil Organic Carbon in a Complex 

Granitic Watershed: A Bottom-Up Approach  

 

 

Abstract 

Arid and semi-arid regions are considered one of the most responsive to environmental 

change with respect to global carbon cycle. Recent studies have shown a substantial 

underestimation in total soil organic carbon (SOC) stocks are due to the lack of 

consideration of the entire soil profile and the coarse fraction. In this study, we quantify 

total SOC storage within a 1.8 km2 granite-dominated watershed in Idaho by determining 

the process by which total SOC co-varies with total mobile regolith (TMR) thickness and 

aspect to distribute total soil carbon within a watershed. Results from our study show that 

total SOC co-varies with aspect as a positive second-order polynomial function with 

TMR thickness (r2 value of 0.89, p<0.0001 for north-facing slopes and r2 value of 0.88, 

p<0.0001 for the south-facing slope). We show that total SOC is significantly different 

with aspect (p<0.0002) and local topography (p<0.0001); the north-facing aspects have 

3.3 times more total SOC per area than the south-facing aspect and convergent 

topography has 1.7 times more total SOC per area compared to divergent topography. 

The total SOC distribution was described throughout the watershed using our bottom up 

approach (TMR-SOC functions) and compared to other kriging approaches at varying 

depths to evaluate the performance of our model. Similar to our bottom-up approach, 

kriging depicts comparable results for total SOC for the entire watershed. However, 

kriging approaches fail to predict the distribution of carbon when considering aspect and 

microtopography. Kriging has the potential to under- and overestimate carbon as much as 

50% to 133% and 26% to 1167% with aspect and microtopography, respectively. We 
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conclude that our bottom-up approach provides a robust method for predicting total soil 

carbon within granitic watersheds for the entire soil reservoir. We suggest that this 

approach provide a new path for estimating regional to global soil carbon budgets 

because it requires minimal soil pits. Estimating curvature-TMR depth functions and 

TMR-SOC relationships can be established for other lithologies, and this method can be 

combined with more top-down remote sensing approaches to investigate short- and long-

term surface carbon stocks and processes. 
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1) Introduction and Motivation 

1.1 Soil Organic Carbon Overview 

Arid and semi-arid regions comprise over 40% of the terrestrial earth surface and 

are important in the global carbon (C) cycle (Schlesinger et al., 1990). They are 

considered to be one of the most responsive environments to global climate changes 

(Mellilo et al., 1993; Bazzaz et al., 1996; Huxman & Smith, 2001) and potential sources 

(Raich and Schlesinger, 1992) or sinks of C (Albaladejo et al., 2013; Smith and Falloon, 

2005) to the atmosphere depending on climate-vegetation-soil feedbacks. Indeed, recent 

global analyses have shown marked underestimation bias and differences among global 

climate models with respect to carbon (C) stocks and turnover in these regions 

(Carvalhais et al., 2014; Todd-Brown et al., 2013). More accurate descriptions of carbon 

stocks, hydrologic processes, and the interactions mediating carbon turnover in these 

regions have been identified as key components for better integration between global 

climate models and plot-to-landscape scale measurements (Jobbagy and Jackson, 2000; 

Garten and Hanson, 2006).  

Soils are the largest terrestrial carbon reservoirs, containing between 2370-2450 

Pg C, which is twice the C found in the atmosphere (Prentice, 2001). As much as 75% of 

terrestrial C is soil organic carbon (SOC) (Prentice, 2001), and large errors are associated 

with estimating SOC due to few studies considering the entire soil profile and the coarse 

fraction (Jobbagy and Jackson, 2000; Mehler et al., 2014). In addition, distributing SOC 

is challenging because scaling these estimates from plot to global scales results in large 

errors in global inventories (Kirschbaum, 2000; Lal, 2004, Todd-Brown et al., 2013). 

Finally, few attempts have been made to determine SOC storage in complex terrain 
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(Kunkle et al., 2011) because of considerable heterogeneity associated with topography 

and soil depth.  

Statistical and empirical approaches have been used to distribute spatially total 

SOC. In the geosciences, kriging is a statistical method that has been used as a good 

predictor of soil properties (i.e. Stein and Coresten, 1991; Wang et al., 2009; Hengl et al., 

2007). Kriging is considered the best linear unbiased estimator (BLUE) approach to 

spatially interpolate data (Christensen, 1991); however, kriging cannot readily discern 

sudden changes in total SOC. Empirical models have been shown to take advantages of 

pre-existing knowledge within a system and aid in the extrapolation of soil properties (i.e. 

McGuire et al., 1995; Magnani et al., 2007), yet these empirical models typically neglect 

the influence of slope and aspect to extrapolate estimates. SOC measurements are 

typically taken on flat, stable terrestrial environments to minimize erosion and then 

extrapolated to slopped settings (Schlesinger, 1990). Given that hillslopes, slopes at or 

above 8%, comprise 64% of terrestrial landscapes (Staub and Rosenzweig, 1992), 

improving estimates of carbon stocks on hillslopes would represent a large contribution 

to field and modeling efforts.  

1.2 Aspect Feedbacks Promoting Total Soil Carbon Accumulation  

 Climate is often considered the main state factor driving broad scale ecosystem 

productivity and associated soil carbon storage (Amundson, 2001). Yet, complex terrain 

produces ecological and geomorphological environments that can result in microclimates 

rivaling broader climate controls (Pielke and Avissar, 1990). A large driver of these 

ecological and geomorphological processes on hillslopes is solar radiation. Incoming 

solar radiation varies with aspect and results in direct and indirect effects on soil micro-
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climate (Istanbulluoglu et al., 2008; Yetemen et al., 2010 and 2015), water availability 

(Denmead and Shaw, 1962), decomposition rates (Austin and Vivanco, 2006), primary 

productivity (Ivanov et al., 2008), soil respiration (Kane et al., 2005; Miller et al., 2004), 

and erosion rates (Burnett et al., 2008). Gutierrez-Jurado et al. (2013) found south-facing 

slopes experience the most frequent bombardment of solar radiation, which promoted 

warmer and drier soil microclimates, sparser vegetation, more periodic and intense runoff 

events, and greater rates of evaporation. In fact, work by Enslin et al. (in review) within 

Johnston Draw watershed illustrates stark aspect differences in soil climate. Their 

research highlights that north-facing slopes have lower mean temperatures (7.7 ᵒC) and 

higher mean moisture content (0.193 m3/m3) in comparison to the south-facing slopes 

(12.5 ᵒC and 0.129 m3/m3). These variations in soil microclimate result in water stresses 

that promote the spatial organization of plant functional types, as seen in mesic (north-

facing) and xeric (south-facing) vegetation (Zhou et al., 2013; Flores Cervantes et al., 

2014). This spatial heterogeneity of vegetation can influence the quantity and quality of 

carbon inputs at the surface (Fissore et al., 2008; McClaran et al., 2008).  

 Aspect and microclimate controls can promote vegetation growth and carbon 

inputs, as well as soil development and storage within the terrain (Robinson et al., 2008). 

To date, most soil carbon models in complex terrain have used local controls, such as 

vegetation cover (Kunkel et al., 2011), slope, elevation (Garcia-Pauusas et al., 2007), and 

hillslope position and soil properties (Tsui, 2004) to predict SOC distributions. Local 

topographic controls on SOC, such as aspect have received less attention and may be 

important variables in local carbon budget models. We hypothesize that watershed-scale 
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spatial differences in total SOC is controlled by aspect-influenced feedbacks through 

local gradients in solar insulation. 

1.3 Local Topographic Feedbacks Promoting Total Soil Carbon Accumulation 

Similar to aspect, local topography plays a large role in microclimate, we define 

local topography is surface variations within a 10 m area. However, local topography 

affects the distribution of water, soil, and nutrients through soil catena relationships. Soil 

catena is the spatial variability of soil properties on hillslopes due to topography that 

controls the lateral distribution of moisture (Birkeland, 1999). Semi-arid environments in 

particular, due to water limitations, express dramatic changes in microclimate with 

sudden changes in topography as a result of the redistribution of water (Ivanov et al., 

2008b). The channeling of water in convergent topography promotes fluxes of nutrients 

and soil at the surface and subsurface. The lateral transport of upslope soils have shown 

to be a dominant process in carbon and mineral accumulation (Lybrand and Rasmussen, 

2015), which effect moisture content (Sanderman, 2007) and primary productivity (Saco 

et al., 2007).  

Tangential curvature, the change in slope in all directions from a fixed point, 

plays a large role in redistribution in water, soils, and nutrients, and has been identified as 

a good predictor of soil depth on hillslopes (Dietrich et al., 1995; Patton et al., Chapter 1). 

Patton et al. (in preparation, Chapter 1) show that soil thickness varies inversely with 

tangential curvature (thickness increased from divergent to convergent topography) in a 

semi-arid catchment (r2 =0.89) and that this relationship can be generalized across 

landscapes. Local soil depth may also be an applicable first-order approximation for soil 

carbon pools because carbon pools are directly related to soil thickness (Batjes, 1996). 
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Thicker soil profiles have shown to accumulate more total SOC and have more 

homogenous profiles as a result of bioturbation (Roering et al., 2002; Hughes et al., 2009; 

Wilkinson et al., 2009) and root distribution (Nepstadt et al., 1994; Lorenz and Lal, 2005, 

Rasse et al., 2005). Other factors contributing to higher soil carbon at depth include burial 

of carbon, longer carbon residence time (Sweeney, 2012; Yoo et al., 2005), mineral soil 

interaction (Christen, 2001; Heiderer, 2009; Doetterl et al., 2015), and microbial 

decomposition (Fontaine et al., 2007). In fact, soil residence time is recorded to be 3,738 

years for planar topography in Johnston Draw and estimated residence time increases 

with depth (Patton et al., in preparation, Chapter 1). We hypothesize the spatial 

variability in total SOC, along with other soil properties, throughout the landscape are a 

consequence of microtopography and can be described by a soil thickness. Combining 

aspect and soil depth has the potential to improve prediction of soil carbon storage and 

fluxes on complex hillslopes.  

In this study, we examine how total SOC varies with aspect and microtopography 

using soil depth-curvature functions developed by Patton et al. (Chapter 1) to estimate 

soil carbon distribution within a catchment. We hypothesize that local topographic 

controls may be more important in predicting carbon stocks and turnover in semi-arid 

environments than broad scale climate controls. We predict that 1) North-facing aspects 

will have more total soil carbon than south-facing aspects due to greater moisture content, 

decreases in soil radiation and increases carbon inputs; 2) Convergent topography will 

have more soil carbon than divergent topography due to increased soil thickness, greater 

residence time, and greater lateral carbon inputs. We tested these hypotheses using a 

“bottom-up approach” where, for the first time, a total mobile regolith (TMR) thickness 
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model, developed by Patton et al. (in preparation, Chapter 1), is applied to quantify total 

soil organic carbon (SOC) reservoirs within a watershed and TMR distribution associated 

with north- and south-facing aspects in convergent and divergent zones. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



38 
 

2) Techniques and Field Setting 

2.1 Field Area 

 The study was conducted at the Reynolds Creek Critical Zone Observatory (RC 

CZO) located within the USDA Agricultural Research Service (USDA-ARS) Reynolds 

Creek Experimental Watershed, a 239 km2 watershed located in southwestern Idaho. 

Refer to Chapter 2 Section 2.1 for more details. 

2.2 Study Design and Sampling 

 We utilized 39 1-m x 2-m soil pits excavated vertically below the mobile regolith-

weathered bedrock contact from Patton et al. (Chapter 1). Pit locations were randomly 

stratified across the full range of tangential curvatures based-on a 3 m digital elevation 

model (DEM) derived from Light Detection And Ranging (LiDAR) bare earth returns. 

Initially, representative samples were collected and described by genetic horizon using 

standard survey methods (Schoenberger et al., 2002), totaling 13 soil pits. Due to the lack 

horizonation and large variability in percent carbon measurements, the remaining 26 sites 

were subsequently collected using predetermined depths intervals: 0-5 cm, 5-10 cm, 10-

20 cm, 20-30 cm, 30-50 cm, and every additional 25 cm. Basic descriptions of soils were 

performed using standard survey methods (Schoenberger et al., 2002).  

2.3 Bulk Density 

 Bulk density is a master variable in soil science and is a necessary component in 

total SOC measurements (Batjes, 1996). We use a bulk density dataset from Patton et al. 

(Chapter 2), which utilizes identical sample and horizon locations. In brief, we estimated 

BDField values with a SOM-BDField function then adjusted for coarse fraction percentage 
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and particle density to determine true soil bulk density (BDFF), Chapter 2, Patton et al., 

(in prep.). For more information, refer to Chapter 2. 

2.4 Percent Coarse Fraction by Volume 

 Samples collected from the field were air dried and sieved in a 2 mm stainless 

steel sieve. The fine fraction (< 2 mm) was separated from the coarse fraction (> 2 mm) 

to provide percent coarse fraction by weight. Coarse fraction by weight was then 

converted to the coarse fraction by volume using the average coarse fraction density, 2.3 

g/cm3 determined from Patton et al. (in preparation, Chapter 2). 

2.5 Percent Total Organic Carbon 

 A sub-sample (200 mg) of each sample fine fraction was prepared for total 

organic carbon (TOC) analysis. Preparation of samples followed protocol described by 

Boone et al., (1999). The procedure includes sub-sampling, removal of all roots, and 

grinding sample in a stainless steel ball grinder. Samples were packed in tin capsules (15 

-60 mg) with a 6 pt microbalance and shipped to Idaho State University's Center for 

Archaeology, Materials and Applied Spectroscopy (CAMAS) for elemental and isotopic 

laboratory analysis of on a Elemental Analyzer Isotope Ratio Mass Spectrometer (EA 

IRMS) for percent organic carbon and δ13C, ± 0.2 standard deviation.  

2.6 Determining Total Soil Organic Carbon for an Individual Location 

 Total SOC was determined by multiplying horizon thickness, bulk density, 

percent coarse fraction by volume, and percent carbon using Equation 1 (Batjes 1996) for 

an individual site with (k) layers: 

                                                 𝑇𝑆𝑂𝐶 = ∑ 𝜌𝑖𝐶𝑖𝐷𝑖(1 − 𝑆𝑖)
𝑘
𝑖=1                                                 EQ 1) 
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TSOC is total SOC (g/cm2), is soil bulk density (g/cm3), Ci is the portion of organic carbon 

(g/g), Di is the thickness of horizon (cm), and Si coarse fraction by volume (cm3/cm3). 

The underlying weathered granite parent material contained 0.05% carbon and was 

subtracted from all samples to correct for background signal of bedrock-sourced carbon. 

2.7 Data Analysis Predictions of Watershed  

 In order to analyze and validate our model with respect to aspect, all sites were 

separated into north- or south-facing sites (defined as 270o to 90o and 90o to 270o, 

respectively) using aspect values derived from a geographical information system (GIS) 

(ArcGIS Map, Riverside, CA). Seventy percent (70%) of the north- and south-facing pit 

locations were randomly selected to evaluate the relationship between TMR thickness 

and total SOC for each aspect. We used a second order polynomial function with TMR 

thickness as the explanatory variable and total SOC as the response variable. The 

remaining 30% of pit locations were used as the validation test set to evaluate the 

goodness of fit of the model. Predicted total SOC and their confidence intervals (95%) 

were compared to observed total SOC. 

2.8 Comparing Methodologies for Extrapolating Watershed Total Soil Organic Carbon 

 We compared our bottom-up approach against kriging methods that utilized 

maximum depths down to saprolite, 100 cm, and 30 cm and validate our results with a 

test subset (see Chapter 3 section 2.6). To evaluate the role of aspect and soil depth in 

determining the spatial distribution of total soil carbon within the granitic portion of 

Johnston Draw, we used GIS to predict total SOC for every 3 m pixel within the 

watershed. A TMR thickness DEM, developed by Patton et al. (in preparation, Chapter 

1), is applied to both the north- and south-facing TMR-Total SOC functions with ArcGIS 
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Spatial Analyst tool “raster calculator”. Microtopography was classified into relative 

topographic regions based on local tangential curvature standard deviation into 

convergent (< -3.16 m-1), divergent (> 3.16 m-1), and planar (-3.16-3.16 m-1) regions. We 

summed the total and average soil carbon pools by aspect and microtopography.  

 We compared the estimates of total SOC derived from kriging and weighted 

average relative to our bottom-up approach to determine the difference in total and spatial 

distribution across Johnston Draw watershed. All sites used to extrapolate data are 

identical; however, total SOC values varied depending on the maximum depth of 

analysis. For this study, our kriging method was “interpolation with barriers”, where 

barriers were rock outcrops, and we chose the kernel function based on lowest root mean 

squared errors (RMSE). All extrapolations methods based on kriging remained consistent 

with datasets down to saprolite, 100 cm and 30cm. The weighted average approach uses 

the average planar surface total soil carbon for each aspect. Each aspects’ average is 

weighted based on percent land cover and applied evenly across the watershed. 
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3) Results 

3.1 Soil Descriptions 

 Soils in Johnston Draw watershed were generally classified as Haploxerolls on 

the north-facing aspect and Xeropsamments and Xerorthents on the south-facing aspect. 

Typical soil profile characteristics for north- and south-facing aspects are reported in 

Table 2. The north-facing aspect profiles had a prominent series of dark A horizons, 

representative of Mollisols, averaging 100 cm but thickening in convergent zones to 175 

cm. Bioturbation was present through the A horizons. Macropores (~9 cm in diameter) 

were mixed and contained high organic matter content caused by burrowing gophers and 

other animals. On the south-facing aspect, significantly less bioturbation is present and 

soil profiles showed less vertical variation in physical properties. In addition, south-

facing slopes contained less organic C than north-facing slopes, and did not meet mollic 

requirements. In locations sampled, TMR thickness on the north-facing aspect varied 

from 17 cm in the divergent to 213 cm in the convergent zone, while TMR thickness on 

the south-facing aspect varied from 18 cm in the divergent to 155 cm in the convergent 

zone. Mobile regolith was observed by Patton et al. (Chapter 1) to have similar depth 

with aspect; however, rock outcrops were excluded from average because they contained 

no detectable carbon. Rock outcrops comprise of 11.3% of the south-facing and 6.9% of 

the north-facing aspect.  

3.2 Trends in Total Soil Organic Carbon with Depth, Aspect, and Micro-topography 

 All soil profiles showed an exponential decrease in total SOC by volume from the 

surface to the mobile regolith-bedrock interface (0.25 ± 0.1 kg C/m3 compared to 0.05 ± 

0.03 kg C/m3), Figure 15a. Surface horizons, on average, contain 1.8 times greater mass 



43 
 

of carbon per volume on the north-facing aspect compared to the south-facing aspect. 

Consistent with our predictions, north-facing sites contained 3.3 times more total soil 

carbon than the south-facing sites (21.1 ± 2.42 kg C/m2 compared 6.4 ± 2.42 kg C/m2). 

An ANOVA test confirmed significant differences between aspects (F ratio, 18.5, p > 

0.0002, Figure 15b). 

  Convergent topography consistently contained greater total soil organic carbon 

concentrations with depth relative to divergent sites, Figure 15a. For both aspects, 

divergent profiles had proportionally larger percentage of total carbon by volume at the 

surface and SOC decreased with depth faster than those with convergent topography. 

Divergent profiles contained 50% of the total soil carbon within the top 10 cm. In line 

with our predictions, convergent areas had up to 1.7 times more carbon per volume than 

divergent and total soil carbon was 4.7 times higher in convergent (21.3 ± 2.14 kg C/m2) 

than divergent sites (4.5 ± 2.14 kg C/m2). An ANOVA test, Figure 15b, revealed a 

significant difference between microtopography (F Ratio =30.6, p< 0.0001). 

3.3 Distributing total profile soil carbon across the watershed 

 Total profile SOC varied as a positive second order polynomial function of total 

mobile regolith thickness and co-varied with aspect (r2 value of 0.89 for the north-facing 

function, p<0.0001, and an r2 value of 0.88 for the south-facing function, p<0.0001; 

Figure 16a). Test set soil carbon data showed that predicted total profile soil organic 

carbon agreed well with observed values for both north- and south-facing aspects (r2 

value of 0.98, p<0.0001, and an r2 value of 0.53, p<0.0001), Figure 16b. Using these 

functions, we empirically predicted total profile soil carbon across the watershed (Figure 

17). North-facing slopes have higher total soil carbon per area, depicted by cooler blues, 
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whereas the south-facing slopes have lower total soil carbon per area, depicted by warmer 

yellows. Divergent and convergent areas were not separated into different functions 

because local curvature has a first order relationship to mobile regolith thickness (Chapter 

1) and therefore the TMR function accounted for these features as a continuous variable.  

3.4 Johnston Draw Total Soil Organic Carbon Predictive Map Spatial Trends 

 We summed the total SOC on different aspects within the watershed, and found 

that north-facing aspects contained 54% of the total watershed SOC despite comprising 

only 37% of the entire granitic portion of the watershed, Figure 17 and 18. The average 

total watershed soil carbon per area in Johnston Draw was 9.38 kg C/m2 and the total soil 

carbon was 13,338 Mg C. Average total soil carbon was 2.03 times higher on the north-

facing aspect than on the south-facing aspect, 13.8 kg C/m2 to 6.8 kg C/m2, Figures 17 

and 18. Planar topography dominated the watershed comprising 78% of the land area and 

containing 73% of the total SOC (9,710 Mg C), Figures 17 and 19. On average, the 

highest stores of total soil carbon per area were found within convergent zones (24.4 kg 

C/m2) and the lowest in divergent zones (1.3 kg C/m2). 

3.5 Comparing Methodology for determining Total Carbon Pools 

 Comparison of our estimates of watershed total soil carbon to standard statistical 

methods showed that these techniques under- or over-estimated total SOC by as much as 

52% to 116% (Figure 20). Figure 20 highlights the dramatic differences associated with 

the six different interpolation methods. The largest over-estimation of total soil organic 

carbon for the overall watershed compared with our new TMR-Curvature method 

occurred with the kriging technique down to saprolite, 133%, while the largest under-

estimation was the result of kriging down to 30 cm, 60%. When comparing percent 
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difference with respect to aspect, we found similar results of watershed total SOC 

estimates. Again, the largest over-estimation of total soil organic carbon occurred with 

kriging down to saprolite, 127% to 133%, while the largest under-estimation when using 

kriging to predict SOC down to 30 cm, 50% to 72%. In contrast to total and aspect 

differences, micro-topography has the most dramatic over- and under-estimations. In 

divergent topography, all kriging techniques resulted in a wide range of over-estimation, 

504% to 1167%; however, in convergent topography, all kriging techniques under-

estimation SOC by 26% to 60%. Planar topography had comparable estimates between 

the total and aspect stocks for each maximum depth interval.  

Stochastic interpolation techniques resulted in predicted SOC patterns that varied 

greatly and failed to accurately portray true SOC distribution. Figure 20 shows the 

predictions of soil carbon based on all kriging techniques utilizing the same test subset 

that validated the TMR- SOC functions. Compared to the TMR-SOC that predicted SOC 

well (r2=0.98, y=0.77 +1.81), kriging down to saprolite, 100 cm, and 30 cm resulted in 

poor prediction of observed total soil carbon (r2=0.38, y=1.4x - 9.4), (r2=0.30, y=1.8x - 

10.6), and (r2=0.27, y=5.6x - 22.7), respectively.  
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4) Discussion 

4.1 Topographic Feedback Influencing Total Soil Carbon Pools 

 We observed exponential decreases in total soil organic carbon with depth 

consistent with other studies (Jabbagy and Jackson, 2000; Kunkel et al., 2011; Spain et 

al., 1983; Lybrand and Rasmussen, 2015). Jabbagy and Jackson (2000) proposed that 

semi-arid ecosystems contain some of the deepest stores of SOC, but few studies have 

quantified these trends and fewer have focused on the influence of aspect and 

microtopography on these patterns. Findings from our study provide evidence of deep 

storage of soil carbon in semi-arid regions. In particular, we show high concentrations of 

carbon with soil depth (31% to 52% of total soil carbon is below 30 cm, and 5% to 15% 

of total soil carbon is below 100 cm), even on relatively steep hillslopes. These carbon 

contents rival values found in grasslands (Jabbagy and Jackson, 2000) and indicate that 

deep carbon storage is not limited to flat, stable surfaces.  

We also found striking differences in soil carbon storage associated with aspect 

and microtopography. Direct comparisons to other studies are limited because our study 

quantified total soil carbon across complex terrain and took into account topographic 

controls on soil carbon storage. Previous total soil carbon models do not take into account 

the full extent of soil depth (i.e. Garcia-Pausas et al., 2007), and as a consequence these 

models rely heavily on their measurements extent to incorporate the majority of the total 

carbon. Similar to Lybrand and Rasmussen (2015) and Sanderman et al. (2009), we found 

higher carbon concentrations in convergent compared to divergent topography (Figure 

15a). 
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To our knowledge, our bottom-up approach is the first to incorporate the entire 

soil profile reservoir into regional estimates of soil carbon using the empirical TMR-SOC 

functions. The TMR-curvature functions show slight deviations from fit and are believed 

to be a result of our failure to account for plant and interplant space, variability in soil 

carbon associated with aspen groves, and initial limited vertical sampling (see Chapter 3 

section 2.1). Observations from Patton et al (Chapter 1) that the average and range of soil 

thickness is consistent with aspects (excluding rock outcrops), both aspects have the same 

potential carbon carrying capacity (Guo and Gifford, 2002). Variation in total carbon 

associated with a given aspect or microtopography therefore must reflect differences in 

carbon fluxes in and out of these different spatial domains. Kunkel et al. (2011) found 

increased total carbon on the north- compared to south-facing aspects and associated 

aspect patterns with differences in vegetation carbon inputs. Indeed, comparisons 

between the Reynolds Creek vegetation map and our predictive carbon map demonstrates 

a direct spatial correlation between vegetation and high SOC concentrations, which 

support our interpretations.  

 Collectively, our results suggest that aspect and microtopography plays a role in 

vegetation, density, and functional groups, but the question remains “how do vegetation 

inputs affect the TMR-SOC relationship”? We hypothesize that aboveground biomass is 

the primary source of carbon inputs driving the TMR-SOC relationships. Observations by 

Kunkle et al. (2011) indicates that as vegetation on varying aspects becomes more 

uniform and carbon distribution becomes less variable in comparison to distinct 

distributed vegetation on varying aspects. Based on this, we would predict that more 

evenly distributed vegetation on varying aspects will result in similar TMR-SOC 
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functions and as vegetation becomes more spatially heterogeneous, due to water stresses, 

we will observe larger deviations in TMR-SOC functions between aspects.   

4.2 Comparing Methodology for determining Total Carbon Pools 

 Kriging approaches show large variability in the total sum of carbon and are 

associated with the number and placement of samples. Despite our relatively large soil 

dataset (n=28), our kriging techniques fail to produce accurate total carbon predictions, 

Figure 20 and 21. Our results highlight the need for empirically based approaches and 

suggest that stochastic interpolation approaches for soils need to be reconsidered. 

 Our deterministic TMR-curvature approach allows us to distribute total soil 

carbon at the pedon scale based on the local soil depth and aspect to extrapolate it to a 

watershed scale. For the first time, we can quantify the entire reservoir of carbon, and 

with high-resolution DEM examine sudden changes in carbon that kriging would 

otherwise miss. In Figure 21, all methods show similar total carbon values; however, 

between stochastic and empirically models, there is a lack of fine scale resolution that our 

model presents. Our TMR-SOC approach does not need an extensive dataset; it only 

requires a few soil pits at varying depths on each aspect to provide polynomial functions. 

We conclude that empirical model provide better spatial estimates of total soil carbon 

pools when either taking a bottom-up or top-down approach in comparison to more 

stochastic models. 

 Unlike kriging or TMR methods, a weighted-average method can provide a quick 

alternative to total carbon estimates with little sampling or knowledge of the TMR-SOC 

relationship. This approach relies on the observation that average soil depths are normally 

distributed around planar surfaces (Patton et al, Chapter 1). A weighted-average approach 
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uses the average total soil organic carbon found on each aspects and the total percent land 

coverage will depict its importance (weight). Thus, planar topography will represent the 

most abundant total soil carbon per area for a given aspect and can be easily represented 

with limited sampling while still acquiring reliable estimates. The weighted-average 

method will provide a conservative estimate of total soil carbon for a watershed because 

TMR-SOC relationship is not linear, but rather exponential increase with depth. Despite 

its practicality good watershed scale estimates, the weighted-average method cannot 

produce reliable spatially-distributed estimates, especially in heterogeneous 

environments, or if there are abrupt changes in soil organic carbon; however, unlike 

kriging, errors in total carbon estimates are smaller.  

 Kunkle et al. (2011) constructed a model on the relationship between vegetation 

density (NDVI) and solar insulation because total carbon pools are strongly related to the 

aboveground biomass and soil moisture. However, large uncertainties in total soil carbon 

content in areas that have been recently disturbed were observed. Similar to the Kunkle et 

al., 2011 model, we would also expect a large source of uncertainty in regions of recent 

perturbation. These uncertainties highlight the limitation of both top-down and bottom-up 

methods. Kunkle et al. (2011), like many other studies, considers spatial variability in 

carbon inputs but do not consider the spatial variability in storage. In contrast, we 

consider the spatial variability in the storage but not the spatial variability in inputs. In 

both models, there is a failure to incorporate conservation of mass resulting in false 

assumptions and large uncertainties. Therefore, further work needs to consider our 

bottom-up and a top-down approach to account for all spatial variability of inputs and 

storage. Utilizing a combination of a bottom-up and top-down approaches that 
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incorporate the tenant of conservation of mass would help us to constrain the short- and 

long-term effects of disturbances. This integration of approaches would refine the way 

we interpret the carbon cycle and its effect on global climate change.  
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5) Conclusion  

 We present a novel bottom-up approach to estimating the spatial distributions of 

total soil carbon from the pedon to the watershed-scale using a TMR-SOC function. We 

hypothesized that local topographic controls play a larger role in predicting carbon stocks 

and turnover in semi-arid environments than broad-scale climate controls. Our results 

show significantly larger stores of total carbon on north-facing slopes and in convergent 

topography compared to the south-facing slopes and in divergent topography. For both 

aspects, total soil carbon profiles decreased exponentially with depth and as topography 

moves towards more convergent regions, we observed higher carbon concentrations, 

more homogeneous profiles, larger root densities, and higher abundance of bioturbation. 

Our findings indicate that aspect and microtopography work in concert to influence 

microclimate and the redistribution of nutrients and water, which increase carbon inputs 

via primary productivity. Results from our study and others (i.e. Patton et al., in 

preparation Chapter 1) provide concrete evidence for the spatial distribution of carbon 

from our TMR-Total SOC function. Despite the north-facing slope only composing 

36.6% of the landscape, it had, on average, twice the carbon per area which results in the 

north aspect containing 54% of the total soil carbon. While convergent topography had 

the largest average total soil carbon content per area (24.4 kg C/m2), it only contained 

26% of microtopography total soil carbon due to its lack of area. 

 Deep carbon stores have been shown to be a large source of underestimation in 

carbon models. We found that 31% to 52% of total soil carbon is below 30 cm, and 5% to 

15% of total soil carbon is below 100 cm for our semi-arid granitic watershed. In fact, we 

must not only incorporate deep soil carbon, but we also need to consider the appropriate 
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extrapolation techniques based on our objectives. Larger sample sizes and careful 

placement of sample pits would be required to use kriging techniques to estimate total 

soil carbon at the watershed scale as accurately as our method. At all sampling depths, we 

find that kriging has the potential to over- (504% to 1167%) and under-estimate (26% to 

60%) total carbon pools on local topography relative to our study. We find empirically 

based models like our TMR-Total SOC function, are more appropriate to determine total 

soil carbon; however, limitations in these models have shown to strongly correlated to 

disturbances. These uncertainties emphasize the need to consider fluxes and storage of 

totals soil carbon. Future research should combine other top-down approaches (i.e. 

Kunkel et al., 2011) with the TMR-SOC function to understand the short- and long-term 

process on carbon stores.  
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Appendix 

 
Figure 2: Conceptual diagram of the contact between mobile regolith and intact regolith 

for both flat and hillslope surfaces. Note that contact does not follow any specific soil 

horizons. 

 

Figure 2: Johnston Draw, a subwatershed of the  Reynolds Creek Critical Zone 

Observatory south of Boise, Idaho, USA, is primarily underlain by granite.  49 soil pits 

were dug to intact bedrock within the granitic portion of Johnston Draw, as indicated by 

the black dots. 
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Figure 3: Tangential curvature histograms for sampled sites (black line) and the entire 

Johnston Draw (gray). Both histograms show an approximately normal distribution with 

the highest frequency at 0 m-1. However, sampled sites in low tangential curvature areas, 

-5 m-1 through -7 m-1, are overrepresented because of random and limited site selection. 

Curvatures associated with sample pits for Johnston Draw varied from a high of 4.85 m-1 

to a low of -7 m-1. Curvatures of 4.85 m-1 and greater were associated with rock outcrops 

and depositional toe slopes, and curvatures of -7 m-1 or lower were related to incised 

channels and rock outcrops.  
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Figure 4: (A) Photograph of typical surface roughness (dotted red line) within Johnston 

Draw watershed at pit JDT 3d NRP. Surface elevations vary by approximately ± 5 cm. 

(B) Photograph of south-facing soil pit, JDT 2g NRP, showing a clear, irregular mobile 

regolith-weathered bedrock boundary at 20 ±5 cm (dotted blue line). (C) Photograph of 

north-facing soil pit, JDT 3e NRP, showing a diffuse mobile regolith-weathered bedrock 

boundary at 213 ±20 cm. 
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Table 1: Site descriptions of sites from cross-site analysis in Figure's 7 and 8.  

 

Figure 5: (A) Total mobile regolith (TMR) function derived from 70% of test sites (black 

dots) depicting inverse linear relationship. Gray dots are sites that were randomly 

selected to validate the model. The white dot is the site that was excluded from the data 

due to proximity to both a rock outcrop and a stream channel. Due to the assumption of 

normal distribution of curvatures around zero for all watersheds, the y-intercept is 

representative of the most abundant TMR value throughout the field site, excluding rock 

outcropping area, of 102 cm. (B) Predictive TMR map for Johnston Draw derived from 

TMR function (Figure 2) using a 3 m DEM LiDAR. Darker shades indicate thicker TMR 

(>1 m) and lighter shades indicate thinner TMR depths (<1 m).   
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Figure 6: Comparison of measured TMR and predicted TMR depths using the validation 

data subset. Predicted values were derived using the TMR function for Johnston Draw 

(Figure 5A). 

 

 
Figure 7: Cross-site evaluation of six watersheds: Tennessee Valley (Heimsath et al. 

1999), Point Reyes (Heimsath et al. 2000), Nunnock River (Heimsath et al. 2001), Coos 

Bay (Heimsath et al. 2001) and Marshall Gulch (Pelletier and Rasmussen 2009) where 

the tangential curvature and TMR function is evaluated.  
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Figure 8: Cross-site comparison of the slope of the TMR function and the local roughness 

quantified as the variability in tangential curvature. More consistent tangential curvature 

values, indicating that the watershed is approaching steady state conditions, are more 

common in locations where the TMR function slope is largest. Landscapes in which the 

slope of the TMR function is  lower (ie. less than 5 cm/m) exhibit more variable 

curvatures, indicating that they are further from steady state. Note curvature distribution 

tangential curvature 3 m DEM of Johnston Draw (orange), Tennessee Valley (blue), and 

Marshall Gulch (green) and their respective tangential curvature histogram. 
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Figure 9: Graph illustrates the effectiveness of the TMR approach on  limited dataset, 

such as Whiskey Hill. Solid blue line represents predicted total mobile regolith for any 

curvature value where dash lines are the uncertainty based on surface and subsurface 

measurements (Section 2.2). Solid blue dots are actual measured curvature and TMR 

values. 

 

 
Figure 10: Conceptual diagram showing TMR function and possible influences and slope 

of TMR function (variance in tangential curvature). Diagram also provides locations on 

the landscape that may have greatest effect of the tangential curvature to depth 

relationship. 
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Figure 11: (A) SOM-BDField Function derived from a build set of 60 samples (black dots) 

showing a negative power relationship between percent soil organic matter and field bulk 

densities. Test set samples (white dots) were excluded to determine the goodness of fit of 

the function. (B) Other samples consisting of a variety of different lithologies are plotted 

(18 granite (white triangle), 5 basalt (gray square), 2 rhyolite (gray squares), 7 colluvium 

samples (white squares), and 23 mudstone (gray dots) from Adams (1973) to show their 

variability and their relationship with granite. 

 

 
Figure 12: Comparison of measured field bulk densities to predicted field bulk densities 

using the validation data subset (white dots) from Figure 2. Note that predictions are on 

average slightly underestimation.  We hypothesize that this is due to the influence of the 

density of the coarse fraction. Samples composed of different lithologies show more 

variability; we believe that if parent material has a higher density we will under-estimate 

and if parent material has a lower density we will over-estimation. 
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Figure 13: Conceptual model of the two hypothesized greatest influences on the SOM-

BDF function, the root fraction, and the coarse fraction. Note the location where the 

estimation of BDField is the most ideal, in the area with the less association with bedrock 

and roots. As soil thickness decreased so does the area of best estimation. 
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Figure 14: Comparison of measured bulk densities to predicted bulk densities using the 

validation data subset (white dots) using Equation 3. Note that predictions are on average 

slightly underestimation; however, in comparison to Figure 3 we see lower variability in 

our residuals, which provides evidence that the coarse fraction was influencing these 

estimates. We found this same trend for different lithologies, but variability is still large 

suggesting that a new SOM-BDField function should be considered for each lithology. 
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Table 2: Soil descriptions of the representative soils found on north and south facing 

aspects in convergent and divergent zones within Johnston Draw watershed.  
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Figure 15: (A) Figure depicts aspect and microtopography effect on average total soil 

carbon normalized by depth within Johnston Draw watershed. Note that as profiles move 

from a divergent topography into a convergent topography (left to right) the profiles 

become deeper and more homogenous. (B) ANOVA tests showing significant differences 

in aspect and microtopography. 
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Figure 16: (A) Total soil carbon functions for north and south aspects derived from 70% 

of test sites (darker dots) depicting second order polynomial relationship. Lighter dots are 

sites that were randomly selected to validate the model while shaded regions describe the 

95% confidence intervals. (B) Graph depicts validation points on a 1:1 line for north (red) 

and south-facing (blue) sites. For each polynomial there is an overall slight 

underestimation of total soil carbon. South-facing validation points shows a large 

variability in predictive ability; however, site jdt124b aspen was anomalously high and if 

excluded from this research the r2 would be 0.78 with no change in slope. 
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Figure 17: Predicted total soil carbon map derived from total soil carbon functions 

(Figure 16A) using a 3 m DEM LiDAR within granitic portion of the watershed. Cooler 

colors are indicative of higher total soil carbon compared to warmer colors that are lower 

in carbon. Dot color represents same meaning as Figure 16. 

 

Figure 18: (A) Pie graph shows that north-facing aspects make up nearly one third of the 

total land area in comparison to south-facing aspects. (B) Bar shows north-facing slopes 

have on average 2.03 times more carbon per area than the south-facing slopes. (C) Bar 

graph highlights that despite only making up 37% of total land area, the north-facing 

aspects has larger amount of total soil carbon than the south-facing aspect, 54% to 46%, 

respectively. 
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Figure 19: Classification of relative topographic regions are based on local tangential 

curvature standard deviation within a watersheds into convergent (< -3.16 m-1), divergent 

(> 3.16 m-1), and planar (-3.16-3.16 m-1) regions. (A) Pie graph depicts that planar 

surfaces make up nearly three-fourths the total land area in comparison to divergent and 

convergent topography. (B) Bar shows convergent areas have on average 2.49 and 18.77 

times more carbon per area than the planar and divergent topography, respectively. (C) 

Bar graph highlights that due to its overwhelming amount of land area 73% of the total 

soil carbon is found on planar surfaces where divergent and convergent contributed to the 

remaining 27%, 2% and 25% respectively. 
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Figure 20: Johnston Draw total soil carbon modeled using six methods. Estimated total 

soil carbon contained within the granitic portion of the watershed is tabulated for each 

method. Note that methods C and D estimates total soil carbon within 30% of our TMR 

approach [method A]. However, the spatial distribution of SOC within the watershed 

differs markedly from that derived using method A. Method F shows that using the 

average north and south-facing aspect sites located on planar surfaces and weighting their 

values based on the percentage of land cover (36.6% and 63.4%, respectively), can lead 

to a realistic general total soil carbon estimate. 
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Figure 21: Graph illustrates the poor predictive ability of kriging when plotting predictive 

versus actual values for a validation subset. Kriging was extrapolated from 28 sites within 

Johnston Draw down to saprolite (black dots), 100 cm (gray dots), and 30 cm (white 

dots).  

 

 

 

 

 

 

 

 

 


