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Abstract. Predicting soil organic carbon (SOC) at a field scale plays an important role in field management
practices for studies in both soil quality and carbon sequestration. Examining SOC concentration with soillandscape relations provided an alternative technique for mapping SOC concentrations. The objectives of this
study were to develop soil-landscape models for a crop field by quantifying the relationships between SOC
concentration and terrain attributes derived from digital elevation models (DEMs), and to refine the models
by delineating the sub-watersheds within the field. Separated soil sample sets were obtained from a 115 ha
field located in the coastal plain region of Georgia for model development and model validation. The high
accuracy GPS measurements over the field were obtained with a survey grade GPS system. The DEMs with
1, 2, 4, and 8 m grid sizes were created by interpolating the GPS data, and the terrain attributes were further
derived from the DEMs. Correlation coefficients between SOC concentration and terrain attributes were
analyzed and indicated that the topographic wetness index was the best single predictor for mapping SOC
concentration. The study found that prediction of SOC concentration using the DEM with 2 m grid size
yielded the best accuracy in both cases. The effects of grid sizes on the sub-watershed delineation and
prediction accuracy were also discussed.
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1. Introduction
The spatial distribution of soil organic carbon (SOC) concentration of surface soil is an important soil
property in crop management for guiding fertilizer and chemical applications. Surface soil organic carbon
(SOC) concentration affects the activities of many pesticides and herbicides, influences plant available soil
water, and affects the soil's ability to adsorb plant nutrients (Dahnke and Johnson, 1990; Hance, 1988; Havlin
at al., 1999). With the rising concern over global change, SOC may have its greatest influence on
environmental processes at a global scale. Topsoil is a huge terrestrial reservoir of carbon as soil is the final
destination of the vast majority of photosynthetic carbon fixed in the earth ecosystems (Rodriguez-Murillo,
2001; Sparling et al., 2006).
Various approaches have been conducted for mapping the soil organic carbon concentration of crop
fields with remote sensing in recent years (Chen et al., 2000; Fox and Sabbagh, 2002; Ebinger et al., 2003;
Fox and Metla, 2005; Chen et al., 2008). However, the main disadvantage of these approaches was the
effects of field condition such as surface cover and soil water content (Chen et al., 2000). Soil properties
such as soil texture and iron could also affect the prediction of SOC concentration (Ebinger et al., 2003;
McCarty et al., 2002). Digital terrain attributes and the derived hydrological parameters have been used to
quantitatively analyze and predict the spatial distributions of soil properties such as SOC concentration
(Moore et al., 1991; Florinsky et al., 2002; Terra et al., 2004; Thompson et al., 2006). These studies revealed
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that the combination of topographic attributes could explain 37% to 58% of the variability in SOC content.
The use of spatial statistical techniques such as Kriging could lead to better prediction of SOC concentrations
(Mueller and Pierce, 2003; Terra et al., 2004).
Studies have also shown the improvement of predicting SOC concentration from terrain attributes over a
site with relatively simple topography (Gessler et al., 2000) or for a whole watershed (Thompson and Kolka,
2005). The R2 values for the developed models of predicting SOC in these studies increased up to 0.8. These
previous studies suggested that prediction of SOC concentration might be improved by dividing a field into
relatively smaller and simpler units and then predicting SOC concentration for those units. From observation
of field topography, fields frequently have local depressional (or low spot) areas receiving runoff and crop
residues during runoff events. The accumulation of SOC is also generally increased toward to the center of
these depressional areas. This fact would lead us to model SOC concentration based on physical attributes of
those depressional areas. A description of these physical attributes could be extracted from a DEM, and
defining each depressional area extracted as a sub-watershed. The prediction of SOC concentration might be
improved by examining the characteristics of the sub-watersheds. The specific objectives of this study were a)
to predict SOC concentrations with terrain attributes for a crop field by delineating sub-watersheds within the
field, and b) to examine the improvement of SOC prediction with sub-watershed delineation and examine the
effect of grid size for prediction of SOC concentration.

2. Materials and Methods
2.1. Study area and Soil sampling
A 115 ha field located in the north-west corner of Crisp County, Georgia, was selected for this research
(83o56’20.510” to 83o56’51.944” W; 32o00’16.994” to 32o01’24.675” N). The dominant soils in the field are
Norfolk sand (fine, kaolinitic, thermic Typic Kandiudults) and Orangeburg sandy loam (fine-loamy,
kaolinitic, thermic Typic Kandiudults) series, typical of the Georgia Coastal Plain (Figure 1). The field is
gently rolling with elevations varying from 75 to 85m and slopes generally less than 5% (Figure 2). Lowelevation depressional areas may be ponded during intense rainfalls and generally have thicker and darker
surface horizons than surrounding higher elevation areas. Because the movement of water and substances
into a depressional area converges to the local lowest point, each of those convergent areas can be considered
as a small watershed (a sub-watershed). The boundary of a sub-watershed can be determined with the digital
elevation model of the field.

Figure 1. The location of study site and major land resource areas within the State of Georgia

A total of 88 soil samples were collected from the field. The locations of all soil samples were measured
using a global positioning system (GPS) with sub-meter accuracy. Total SOC concentrations for the samples
were determined with a Leco CNS analyzer (Nelson and Sommers 1996). Forty five soil samples were taken
first to develop the model for mapping SOC concentration. To check the accuracy of the maps of SOC
concentration, an additional forty three soil samples were taken.
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Figure 2. The digital elevation model with 2 m grid size created from GPS measurement. The white spots were the
locations of soil samples used for model development

2.2. Digital elevation model and terrain analysis
Elevation data for the field was collected using a dual-frequency real-time GPS with one GPS receiver
serving as a stationary base station and a second unit mounted on a small tractor to record elevation and
locations. The measurement was taken along transects over the whole field with a space around 10 meter
apart between two transects. The accuracy of the GPS measurement was < 0.02 m in horizontal plane and <
0.05 m vertically. The measured elevation data was interpolated with ArcGIS software (ESRI Version 9.1,
2006) to generate four digital elevation models (DEMs) with grid size of 1, 2, 4, and 8 m (Figure 2).
Terrain attributes, including elevation (Z), slope gradient (S), flow accumulation (Fa), upslope flow
length (Ful), profile curvature (Kpr), plan curvature (Kpl), total curvature (K), and specific catchment area (As)
(Moore et al., 1991), were derived from the DEMs. The second terrain attributes, including the topographic
wetness index (TWI = ln(As / S)) (Wilson and Gallant, 2000), the stream power index (SPI = ln(As x S))
(Wilson and Gallant, 2000), and the terrain characterization index (TCI = ln(As) x K) (Park et al., 2001),
were also derived from the terrain attributes. These terrain attributes were derived for the four DEMs.

2.3. Statistical analysis and modeling
The values of the terrain attributes at the 45 sampled locations were determined by overlaying these locations
on the terrain attribute grids. The correlation coefficients were examined among SOC, the terrain attributes,
and the best model of predicting SOC from those terrain attributes was developed with step-wise regression
analysis for each grid size. The map of SOC with 2 m grid size was created based on the prediction models
for this grid size, and the accuracy of the map was evaluated based on the additional 43 soil samples
collected in the second field sampling.
The sub-watersheds for each grid size were delineated using the created DEMs. Because the subwatersheds around the field boundary were corrupted by the boundary, they were incomplete and
significantly distorted by the boundary. This would modify the movement of surface water and solid
substances, and therefore would affect the accumulation of SOC. In order to eliminate the effect of the field
boundary, the sub-watersheds that were corrupted by the field boundary were extracted and were excluded
from further analysis. The sub-watersheds completely within the field were then used to develop the
prediction models of SOC concentration in different grid sizes using the soil samples from those complete
sub-watersheds. The map of SOC concentration with 2 m grid size was developed for the complete subwatersheds and the accuracy was checked using the soil samples taken from these sub-watersheds in the
second field sampling.

2.4. Comparison of prediction models with different grid sizes
The effects of different grid sizes on the prediction models were examined for the models developed with 1,
2, 4, and 8 m grid sizes. These models were compared to select a possible best grid size for mapping SOC
concentration at a field scale. Because a change of grid size would also cause a change of sub-watershed
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boundaries, the effects of sub-watershed boundary locations on SOC prediction were discussed. Finally, the
effect of soil sample locations was also examined.

3. Results and Discussion
3.1. Correlations between SOC and terrain attributes and SOC prediction
The correlation coefficients among SOC concentration and terrain attributes derived from 2m grid DEM for
45 sampled locations were shown in Table 1. SOC concentration was positively related to flow accumulation,
upslope flow length, profile curvature, wetness index and steam power index. SOC concentration was also
negatively related to elevation, slope percent, plan curvature, total curvature, and terrain characterization
index. Similar results were also observed for those derived from the DEMs with 1, 4, and 8 grid sizes. The
topographic wetness index was shown to have the highest correlation coefficient with SOC concentration
(Table 1). It was also true for other grid sizes. This fact suggested that accumulation of water on the
landscape would result in increased SOC concentration and the topographic wetness index would be the best
single predictor for mapping SOC concentration.
Table 1. Pearson correlations between SOC concentrations and terrain attributes at the samples locations

The best regression equation for predicting SOC concentration with a 2 m grid size included terrain
attributes of elevation, slope gradient, and stream power index. The equation was listed as follows:
SOC % = 6.615 – 0.084 Z + 1.196 exp(-S) + 0.103 SPI

(1)

The R2 and RMSE values for the model were 0.58 and 0.315, respectively. The map of SOC
concentration for the field was developed with the prediction equation. With the additional 43 samples
obtained in the second field sampling, the validation of the SOC map with a linear regression analysis
between the measured and the predicted surface SOC concentrations gave r2 and RMSE values of 0.41 and
0.285, respectively. The linear regression was expressed as follows:
SOC Measured = 0.890 SOC Predicted

(2)

3.2. Improving SOC mapping with delineation of sub-watershed
A sub-watershed is an area with a local depression or lowest center for accumulation of water and other
material. We noticed that the field boundary corrupted the natural boundaries of sub-watershed. This
corruption resulted in incomplete sub-watersheds around the field boundary. Therefore, the accumulation of
water and SOC concentration for the corrupted sub-watersheds was interrupted, and this would further affect
the prediction of SOC concentration from terrain attributes. To examine this influence, the sub-watersheds in
the field were constructed using the DEMs, and the sub-watersheds intersected by the field boundary were
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removed, keeping only those completely within the field (Figure 3). The relationships between SOC
concentration and terrain attributes were studied for only the sub-watersheds that were completely within the
field. There were 23 soil samples located in these sub-watersheds and they were used to create the
relationship between SOC concentration and terrain attributes using the DEM with 2 m grid size. SOC
concentration was negatively related to slope gradient and topographic characterization index, and positively
related to flow accumulation, upstream flow length, and topographic wetness index (Table 2). SOC
concentration still had the highest correlation coefficient with topographic wetness index, with a value of
0.80. Compared with the correlation coefficients using all soil samples (Table 1), the correlations among
SOC concentration and terrain attributes had a similar distribution but with stronger (positive and negative)
relationships. The correlation coefficients between SOC concentration and other terrain attributes, including
elevation, plan curvature, profile curvature, total curvature, and stream power index, still had the same sign
as Table 1 but they were not significant at P < 0.05 level. This suggested that these terrain attributes might
not be good predictors for mapping SOC concentration when the area of complete sub-watersheds was used.

Figure 3. Map of SOC concentration for the field. The black lines within the field were the boundary lines of subwatersheds

The best regression equation for predicting SOC concentration using the DEM with 2 m grid size
included terrain attributes of slope gradient, and topographic wetness index. The equation was listed as
follows:
SOC % = -0.34 + 0.42 / sqrt(S) + 0.117 TWI

(3)

The R2 and RMSE values for this model increased to 0.82 and 0.24, respectively. The map of SOC
concentration for the covered was developed with the prediction equation. From the sampling, 24 samples
were located in the area covered by the complete sub-watersheds. The validation using these 24 samples
conducted by linear regression analysis between measured and predicted surface SOC concentrations gave r2
and RMSE values of 0.59 and 0.273, respectively. The linear regression equation was expressed as follows:
SOC Measured = 0.887 SOC Predicted

(4)

Compared with the model that was constructed using all sub-watersheds, both the prediction model and
the validation were greatly improved.
The final map of SOC concentration was developed for the DEM with a 2 m grid size. The map was a
combination of the two models, using the prediction equation (3) for the area covered by complete subwatersheds and the prediction equation (1) for the rest of the area (covered by incomplete sub-watersheds) to
compute the SOC concentrations (Figure 3).
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Table 2. Pearson correlations between SOC concentrations and terrain attributes at the samples locations only located in
complete sub-watershed areas

3.3. Uncertainty analysis with different grid sizes
Three factors, including grid sizes, delineation of sub-watersheds, and sampling locations, were discussed for
their effects on prediction of SOC concentrations. The best prediction model for mapping SOC concentration
was obtained when grid size was 2 m. This was true in both cases with and without corrupting sub-watershed
around the field. In this study, we found that the prediction equation yielded the highest R2 and the smallest
RMSE values when the DEM with 2 m grid size was used. The DEM with 1 m grid size might show too
much detail which did not actually reflect the reality of the true topography and caused relatively low R2 and
high RMSE values, where as the DEMs with 4 and 8 m grid sizes might suppress or average the true detail,
resulting in poorer prediction models.
The effect of sub-watersheds cut off by the field boundary was also great. Without delineation of
complete sub-watershed, the R2 values with different grid sizes were from 0.48 to 0.58. These values were
comparable to other studies conducted by Thompson et al. (2006) in two Kentucky fields (R2 = 0.43 and 0.47
respectively) and by Terra et al. (2004) in one Alabama field (R2 = 0.52 ~ 0.58 for three grid sizes). We also
found that without delineation of complete sub-watersheds the changes of both R2 and RMSE values were
relatively small with different grid sizes. This may indicate that for some data, the change of grid sizes at a
certain range might not be a factor affecting SOC prediction.
When only considering the areas covered by the sub-watersheds completely within the field, prediction
of SOC concentration from terrain attributes was greatly improved (Equation 2). The R2 values for the best
prediction models for the DEMs with various grid sizes were increased 41% with 2 m grid size. The best
model was observed when grid size was 2 m with R2 value of 0.82 and RMSE value of 0.24.
The locations of soil sampling could also affect the prediction of SOC concentration. The study showed
that at least one of the secondary terrain attributes including topographic wetness index, stream power index,
and terrain characterization index was used in the best prediction models. Because of the nature of
logarithmic functions, these indexes could be irrational when the value of either slope gradient and/or
specific catchment area was/were zero. Therefore, when soils were sampled at the location where the
calculated values (not necessary to be the actual situation) of slope gradient or/and specific catchment area
were zero, these samples would not be able to be used in model development. A soil sample might have been
taken at such a location if it was located at a local lowest point or close to a sub-watershed boundary. The
number of soil samples taken at locations with zero value of either slope gradient or specific catchment area
was shown in Table 3. DEMs with different grid sizes could affect the calculated values of slope gradient
and specific catchment area. With 1 m and 4 m grid sizes, the number of soil samples at locations with zero
slope gradient and specific catchment area were 10 and 7 samples, and 5 and 2 samples within the areas
covered by complete sub-watersheds, respectively. The number was greatly reduced when the grid sizes
were 2 and 8 meters. Relatively better SOC prediction models with grid sizes of 2 and 8 meters were also
found, indicating that this result may partially be affected by the sample locations. In order to avoid soil
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samples hitting the zero values of slope gradient and specific catchment area, one way was to avoid taking
soil samples at locations close to local lowest point or local highest point or line. The problem of this process
was that there were possibilities of missing the sampling locations with high and low SOC concentrations
and therefore affecting the prediction of SOC concentration. Another process we might want to consider was
to modify the representations of TWI, SPI, and TCI for these extreme cases. Therefore, the irrational
logarithmic function could be avoided. Research needed in the future.

4. Summary and Conclusions
In this study, the relationship between SOC concentration and terrain attributes was examined for a crop field
located in the coastal plain region of Georgia. The DEM models were created with different grid sizes based
on the high accuracy GPS measurement for the field, and terrain attributes were then derived from the DEMs.
Sub-watersheds within the field were delineated from the DEMs to improve the prediction of SOC
concentration. The study showed that SOC concentrations at a field scale may be improved with delineation
of sub-watersheds by using the areas only covered by complete sub-watersheds. A map of SOC
concentration for the field could be developed with examining the soil-landscape relations, and could be
further refined with delineation of sub-watersheds of the field.
Different grid sizes could affect the prediction of SOC concentration. In this study, the best prediction
model was obtained when the DEM with 2 m grid size was used. However, this conclusion may need to be
examined further for fields with different sized sub-watersheds. Because of the nature of logarithmic
function, the selection of soil sampling locations also needs to be considered to avoid locations close to local
lowest point or sub-watershed boundary if TWI, SPI, and TCI were included in the SOC prediction.
However, the better way may be to modify the representations of TWI, SPI, and TCI so the limitation of
logarithmic function could be avoided. Further studies are needed for the modification.
Table 3. Soil samples located on grid values with 0 value of slope gradient and flow accumulation
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