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Abstract 

Ground investigation is a prerequisite for any construction work that ultimately transfers its loads to the earth. 

Geotechnical investigation eliminates the uncertainties of ground conditions and can be planned for and considered 

accordingly during actual design and construction. In Kenya, ground investigation is not given the weight it 

deserves since most players in the sector use their experience and physical inspection to judge on the soil conditions. 

This is however very risky especially for high-rise buildings. Moi University, the case study, is one of the 

institutions that has in its plan, a series of construction developments. This study aimed at investigating, 

determining and mapping of index properties and bearing capacity of subsurface soil. Direct shear box and tri-

axial tests results were used to map soil bearing capacity by geospatial interpolation within geographical 

information system platform (GIS). 9 trial pits mapped by triangulation and visual inspection were excavated and 

soil samples obtained at a depth of up to 3 m. The soil samples were tested for soil index and engineering properties 

and classified using the USCS approach. A relationship between tri-axial and direct shear box test results was 

developed by correlating soil bearing capacity results from the two tests. This paper provides a thematic map of 

the bearing capacity for the study area derived from spatial interpolation. Four geospatial interpolation methods 

namely; Ordinary Kriging (OK), spline, Natural Neighbour (NN) and Inverse Distance Weighting (IDW) were 

used. In this paper, the most suitable method for interpolating the soil bearing capacity of the four methods is 

provided. Six of nine sample test results were used for interpolation and the other three used for validation and 

error correction. Ordinary Kriging generated satisfactory results for soil bearing capacity for the study area with a 

relative error of 2.23 % and R2 of 0.9993. From the safe bearing capacity map, the ground conditions of the study 

area varied gradually with the bearing capacity ranging from  73 ��/�� to 1965 ��/��. Generally, the amount 

of clay in the soil within the area affected to a large extent, the soil bearing capacity. 
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1. Introduction 

Uncertainties of the subsurface soil within an area or region earmarked for construction development can vary 

remarkably. In some cases, soils strength has been physically determined based on the historical structures that 

have been built on it or existing structures. However, the heterogeneity of soil conditions necessitates ground 

investigations. This depends mainly on the magnitude of the structure to be built.  

Geotechnical investigation brings into clarity the uncertainties underlying the ground surface before 

construction. Where inadequate ground investigation is carried out, unforeseen construction challenges are always 

stumbled upon at the excavation stage and during foundation construction or in the worst case, it can lead to total 

failure of the structure. If the uncertainty is so significant, it can affect the project scope and cost (Fenton et al., 

2003). This study aims at improving ground investigation by applying geospatial interpolation within Geographical 

Information System (GIS) platform in an expansive remote area of Moi University where structures and 

construction developments are planned with particular interest in mapping of index properties and bearing capacity 

of subsurface soil. 

GIS can be applied widely in geotechnical engineering fields. It provides powerful techniques of inputting 

data in a systematic and representation of data in simple and clear format. Spatial and non-spatial data can be easily 

analysed and retrieved when needed. In their study, Sumedh and Deepankar (2009) developed a method for 

mapping the index properties of soil using GIS and Global Positioning System (GPS). They observed that, with 

geostatistical analysis, it was evident that practicing geotechnical engineers and interested parties can rely on the 

soil properties determined using GIS and GPS in executing engineering works. The study further concluded that 

maps can be generated in vector analysis module and the database updated. In the same year, this approach was 

used to determine substrate bearing strength from Hyperspectral Imagery during the Virginia Coast Reserve 

(VCR’07) Multi-Sensor Campaign (Bachmann, 2008). Bachmann used remote sensing to delineate soil index 

properties like moisture content and grain size which greatly determine the bearing strength of soil. 

Spatial interpolation is one of GIS functionality. Spatial interpolation has been adopted widely for data 

analysis in such fields as hydrology, surveying, disaster management, environmental studies and planning, 

navigation and general mapping. For this numerical estimation many techniques of spatial interpolation are 
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available. The methods are in two categories, namely deterministic and probabilistic interpolation methods. 

Deterministic methods include Inverse Distance Weighting (IDW), Global polynomial interpolation, Local 

interpolation, Natural Neighbour (NN) and Spline while Ordinary Kriging (OK) is a geostatistical model. 

The choice on the technique to employ depends largely on the nature and quality of original data, the degree 

of accuracy desired, and the amount of computational effort affordable (Sajid et al., 2013). However, no 

conventional standards are available to establish the appropriateness of a spatial interpolation technique for a 

particular phenomenon like soil properties but the level of accuracy of the interpolation results should be confirmed 

by cross-validation (Swatantra et al., 2014). The performance of spatial interpolation methods is of interest and 

this varies depending on the phenomenon under study as established by Metternicht and Robinson (2006). Soil 

properties are associated with low skewness and such interpolation techniques like IDW should have their power 

varied in order to establish the most suitable interpolation power that gives more accurate results (Metternicht & 

Robinson, 2006). The study also indicated that the power of two or three resulted to more accurate results for the 

case of spline and lognormal kriging. 

In the study of Sajid et al., 2013 on the suitability of using Kriging and IDW to determine the spatial values 

of the bulk density of soil, IDW proved to provide superior results than Kriging when optimal power value is used 

for bulk density. However, both Kriging and IDW had almost the same accuracy, precision and consistency with 

a difference of less than 1.0%, 0.5% and 2.0%, respectively. However, no significant relation was established in 

the variation and skewness. 

A slightly similar study on mapping of agricultural topsoil properties by Karydas et al (2009) established that 

Ordinary Kriging, IDW and Natural Neighbour gave similar results in terms of accuracy without any of them being 

clearly better than the other. This is true where datasets are in abundant hence closely distributed. This does not 

hold for sparsely distributed datasets. When Kriging and IDW are used to interpolate variation of soil bulk density, 

the reliability of the results depends on the distribution of data points. Sajid et al (2013) in their widely reported 

study on spatial analysis of bulk density recommended both Kriging and IDW are suitable as suitable methods.  

For each method, it is necessary to analyze its applicability, algorithm, efficiency and advantage before 

adopting the best approach (Kravchenko & Bullock, 1999). Optimal choice of method can only be made under the 

circumstances in which the study is being carried out (Yang et al., 2015). The study by Yang et al indicates that 

Kriging had better results compared to all other methods. Many researchers agree that Kriging produces better 

results than IDW in most of the phenomena (Setiento, 2013). Other interpolation techniques like thin plate 

smoothing splines have limited computational efficiency hence their applicability output optimization is achieved 

by double iteration (Hancock & Hutchinson, 2006). All these methods adopt the geographic principle ‘things that 

are closer together tend to be more alike than those far apart’ (Tobler, 1970).  

 

2. Study area 

The study area covers the entire Moi University acreage, situated 32 km south east of Eldoret town, in Uasin Gishu 

County (UGC), Kenya. The study concentrates on the developed and proposed sites for construction as shown in 

figure 1. 

The study area is about 6.2 km2, its average location is latitude 0o 17’ 19’’ N and longitude 35o 17’ 18’’ E 

with an average elevation of 2221 m above sea level at the top of the surrounding plateau (Kimotho, 1996). The 

area is relatively flat towards Eldoret with undulating terrain towards Nandi hills. The area within Kesses a sub-

county of UGC, is further classified as LH3 – Lower Highland and wheat is the main crop grown with scarce 

maize farms (Akenga, 2014). The mean annual rainfall is 1188mm with April to September as the main rainy 

season with August recording the highest rainfall (Kimotho, 1996). The study by Kimotho further indicates that 

the area experiences mean annual, maximum and minimum temperatures of 16 0C, 23 0C and 10 0C respectively. 

The resulting annual potential evaporation is 1658 mm. The area is therefore classified in agro climatic zone II – 

6 which has a high potential for plant growth (Sombroek, 1982). 
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Figure 1: Study site 

 

3. Methods 

Triangulation method was adopted to establish the sampling points on the study area shape file this was followed 

by subdivision of the area using gridlines into triangles and the nodes taken as initial data points. The grid system 

resulted in points approximately 1.5 km apart. It is worth noting that the distribution of data points affects surface 

interpolation significantly but with the application of triangulation a representative sample of the population is 

obtained which enhances accuracy during geospatial interpolation. 

However, 1.5 km is seemingly large enough and possibilities of different soils existing within this radial 

distance are eminent. Geostatistical approach of interpolation significantly arrests this possibility since the soil 

property has more strength on the point of analysis and its strength reduces in a radial distance. This infers that 

two points adjacent to each other will actually share the 1.5 km and each will have an influence of 0.75km. 

Visits were made to the site to carry out ground survey and GPS locations to establish feasibility and 

accessibility of trial pit location and excavation. The survey was conducted in the entire area of study to obtain the 

general topography and notable land forms guiding the types of soils in the study area. The variability of surface 

soil validated the hypothesis that the study area is covered with a variety of soils ranging from stiff to weak soils.  

 
Figure 2: Sampling points. 

The points were distributed as shown in figure 2. The northern part of the study area is a built-up area hence 

has more data points than the southern part which is mainly composed of extensive weak clayey soils with some 
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sections covered in marsh. With the total area of about 6.2 km2, the largest radial area for the sampling points was 

2.0108 km2 which is 31. 97 % while the smallest was 0.3849 km2, representing 6.1% of the total area. There is no 

standard method of determining the optimum number of data points and its distribution for a given area (Gouri et 

al., 2018), however, careful selection of sampling points which adequately represented the study area so as to 

improve on the accuracy was carried out. 

 

3.1 Soil sampling and testing 

Nine trial pits of 3 m depths were excavated, their final locations shown in figure 2. Disturbed samples were 

collected from these sites and tested to establish the Liquid Limit (LL), Plastic Limit (PL), Plasticity Index (PI), 

moisture content (MC), specific gravity, and shear strength parameters (cohesion and internal angle of friction). 

In determination of soil bearing capacity, two approaches were used; direct shear box and tri-axial test. 

The bearing capacity results obtained by direct shear test and tri-axial test were compared for all the nine samples 

and the method that produced the lowest bearing capacity value was taken as the critical method. A graph of direct 

shear test against tri-axial test results was plotted and a linear equation of 
 = �� + � derived. 

 

3.2  Spatial interpolation of bearing capacity 

Out of the nine datasets obtained from trial pits, six were used for spatial interpolation while the remaining three 

were used to correct and validated the interpolated results for OK, IDW, Spline and NN. The estimated results 

from the map is compared with the actual results obtained from the tests. The mapped results were checked for 

errors and compared to find out which method has minimum errors during interpolation of surface bearing capacity. 

 

4. Results and Analysis 

4.1 Soil classification and particle size distribution 

To achieve soil classification using the Unified Soil Classification System (USCS) method, the following inputs 

are required; Liquid limit, Plastic limit, Plasticity index and Particle distribution (% fines). These tests were carried 

out on the disturbed soil samples from each trial pit. Tables 1 and 2 show the Atterberg limits and soil classification 

respectively. 

Table 1: Atterberg limits and percentage fines 
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Table 2: Soil Classification 

 
From table 1, it is clear that the level of plasticity of different soil samples within the study area has a slight 

varying plasticity. Sample 5 has the highest plastic and liquid limits and is classified as clayey silt as shown in 

table 2. This is attributed to the high clay content in the sample. Clay has a high ability to take and retain a new 

shape when compressed or molded because of their flakiness. Worth noting is the fact that sample 5 showed 

swelling since it had a high moisture content (28%) at the time of sampling. Clay also contains montmorillonite 

clays whose swelling potential is very high (Whitlow, 1995). Montmorillonite has a structure with layers held 

together by weak van der Waal forces. Additional water breaks the bond hence causing swelling. The level of 

swelling reduces with reduction of plasticity and amount of clay content.  Sample 6 has low plasticity index and 

low clay content than sample 5. Some of the proportion of clay is taken up by silt and gravel.  

Particle size distribution significantly affects the strength, permeability and compaction behavior of granular 

soils (Ming-liang, 2018). From table 2, sample 4 and 7 have uniformity coefficients of between 4 and 6. This infers 

that the soils are uniformly graded or poorly graded. These soils had nearly identical size of particles and such 

soils are difficult to compact. The two types of soils have a high clay content and are generally fine grained. 

On the other hand, samples 1, 3, 8 and 9 had a relatively high value of coefficient of uniformity. This indicates 

that the soils have a wide range of particle sizes and such soils are suitable for construction activities where 

compaction is necessary. 

 

4.2 Soil bearing capacity 

A typical graph of normal stress against shear stress was plotted for the determination of the shear parameters 

namely internal angle of friction and cohesion strength as shown in figure 3. Soaked samples produced lower shear 

stresses compared to dry samples. Water particles lubricate the soil particles hence lowering the internal angle of 

friction. It further loosens the soil conglomerations which makes them disintegrate and easily collapsible. All the 

other samples were tested and their respective graphs of normal stress against shear stresses plotted. The shear 

parameters were explicated for direct shear test (DST) and tri-axial test (TAT) as shown in table 3. 
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Figure 3: Normal stress vs shear stress (combined) 

 

Table 3: Safe bearing capacity for DST and TAT 

 
From table 3, it can be deduced that there is a slight variability of the bearing capacity obtained from the 

direct shear box and the tri-axial tests. Direct shear box produced slightly lower values in samples 4 and 8. This 

samples are both sand gravel soils as shown from the classification results in table 2. Similarly, sample 9 has the 

highest soil bearing capacity with the direct shear box result being critical. Other sandy soils with gravel are 

samples 6 and 7 which have no significant variations in bearing capacity test results from the two methods. On the 

other hand, tri-axial test results were critical in fine grained soils i.e. samples 1, 2 and 5. These results suggests 

that direct shear box test is reliable for coarse grained soils while on the other hand tri-axial test is reliable for fine 

grained soils.  

Soil samples from trial pits 6 and 9 have the highest bearing capacities. Sample 6 is silt clayey soil with gravel 

while sample 9 is poorly graded. The presence of high bearing capacity soils in this region can be attributed to the 

presence of thick vegetation cover, low water table and numerous rock outcrops. Vegetation roots hold together 

the soil particles into an extensive and firm soil mass compacted on large rock outcrops. 

A graph of tri-axial test against direct shear test results from trial pits 1 to 6 was plotted as shown in figure 4 

with a trend forming a linear equation in the form of � = �� + �. 
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Figure 4: A graph of tri-axial test results against direct shear test results 

The equation y = 0.9894x - 24.002 can be used to predict the bearing capacity of one of the methods using 

the measured results of the other tests. Table 4 elaborates this further where given direct shear box test results, Tri-

axial test bearing capacity results can be derived. 

Where:  

                         y = Calculated bearing capacity for tri-axial test. 

                         x = Measured bearing capacity for direct shear box. 

In this approach, it is assumed that the presence of clay greatly determines the type of suitable method and 

hence the bearing capacity. Tri-axial test bearing capacity from trial pits 7, 8 and 9 were predicted using the model 

given their direct shear box results. Given that the data fits well in the model with R squared of 0.9969, the relative 

errors of 2% for predicted results of trial pits 7 and 9, and 11.36% for trial pit 8 are well within acceptable limits.  

Table 4: Prediction of Tri-axial test bearing capacity  

 
 

4.3 Geospacial interpolation of Soil Bearing Capacity (SBC) results 

To obtain the surface interpolation we sampled and tested results from six of the nine trial pits. The other three 

points were used to validate the interpolated results. The results of surface interpolation of bearing capacity 

applying the four methods namely Ordinary Krigging, IDW, Spline and NN are shown in figure 5. The Digital 

Elevation Model (DEM) in figure 6 helps in locating bearing capacity results at different heights above mean sea 

levels of the study area. Similarly, table 5 shows the interpolated results with their corresponding measured values 

including associated errors for each method of interpolation. 
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Figure 5: Safe bearing capacity distribution within study area for the four methods 

With a relative error of less than 5%, Ordinary Kriging tends to offer relatively reliable results than IDW. 

Ordinary Kriging resulted to a relatively smaller error margin of 2.23% compared to the other three methods as 

indicated in table 5. The results also indicated that OK has its R2 almost equal to one and is the highest compared 

to other methods. With R2 of 0.9993, it implies that the data had a good correlation hence generated reliable results 

for geospatial interpolation. It was also deduced that NN had the highest error of the four methods hence produces 

unsatisfactory interpolated results. Its R2 is however greater than that of IDW and Spline. This can be attribute to 

its property of estimating variables towards the middle point of the entire area unlike IDW and spline which 

considers a radial distance from a data point. 
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Figure 6: Hydrologically conditioned DEM of the study area 

 

Table 5: Comparison between actual (measured) and predicted (interpolated) bearing capacity 

TP ID Actual SBC (kN/m2) 

Predicted SBC (kN/m2) 

Kriging (OK) IDW Spline NN 

3 694.53 710.00 593.02 421.37 403.73 

6 1712.07 1674.50 1065.55 614.22 1056.07 

7 432.02 421.00 404.01 228.51 310.58 

Relative Mean Error (%) 2.23 14.62 39.33 41.87 

R-Squared (R2) 0.9993 0.9927 0.8961 0.9935 

Data normality and distribution affects the performance of the interpolation methods (Yao et. al, 2013). It 

was observed that each interpolation technique had a prediction error for the nine data points sampled and the three 

points used for validation. This infers that the bearing capacity pattern significantly affects the performance of the 

interpolation estimators. Ordinary kriging assumes that the data point variables have an autocorrelation function 

which is a function of the distance between two particular sampling points (Zimmerman et. al, 1999). The 

correction of error in ordinary kriging by the automatic algorithm explains why ordinary kriging provided better 

results.  

Unlike Kriging which corrects any errors by adjusting the variogram, IDW relies on the distance of 

neighboring points and whether the change of the variable (soil bearing capacity) within this stretch is gradual or 

not. Ordinary kriging was preferable to universal kriging because the variable did not show any trend and the 

covariance models (variogram) was observed to be stationary local. Also, variance kriging is not dependent on the 

data used to make the estimate like in the case of IDW, spline and NN (Yamamoto, 2005).  

IDW is best suited in representing rainfall data since it is the most representative for rainfall distribution 

characterization as reported in the study by Mehdi et al (2012). The variability of soil bearing capacity within a 

small distance is the main reason as to why spline and NN produced unreliable results. 

The soil in the southern part of the study area where there is no swamp, is also characterized by stiff clay 

overlain by gravel.  This soil is generally weak and cannot be subjected to constant loading like carrying a structure 

without stabilization. Worth noting is that gravel in this region cannot be used as a subgrade unless stabilization is 

carried out. It was also observed that water table in this southern part is high. Such soil conditions have a high 

tendency for settlement and collapsing. 

In this study, the level of clay minerals determines the soil strength and therefore gives a guide of whether to 

use the direct shear box or tri-axial test machine in measuring the bearing capacity. For all the four spatial 

interpolation methods used, it stood out that all of them indicated errors whenever there was distinct changes of 

soil bearing capacity. Sampling evenly within the study area is therefore not necessarily an ingredient for high 

accuracy since a completely regular network can be biased if it coincides with a ‘regular pattern in the landscape’ 

(Karydas, 2009).  

 

5. Conclusion 

The main aim of this study was to investigate, determine and map the index properties and soil bearing capacity 

of the sub-surface soil for Moi University, Kenya, for the purposes of guiding the design of foundations of 

structures planned to be constructed in future. From the study, the following conclusions are drawn: 

a) The level of clay minerals determines the soil strength and therefore gives a guide of whether to use the 

direct shear box or tri-axial test machine in measuring the bearing capacity.  
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b) The four spatial interpolation methods used (Ordinary Kriging, Spline, Natural Neighbor and Inverse 

Distance Weighting) indicated errors whenever there were distinct changes of soil bearing capacity. 

Ordinary Kriging generated satisfactory results for soil bearing capacity for the study area with a relative 

error of 2.23 % and R2 of 0.9993. For the purpose of engineering construction, the results obtained using 

ordinary kriging interpolation method can be used with the adopted value taken as 97% of the estimated 

soil bearing capacity. 

c) From the safe bearing capacity map, the ground conditions of the study area varied gradually with the 

bearing capacity ranging from  73 ��/�� to 1965 ��/��.  

d) The variability of soil bearing capacity within a small distance is the main reason as to why spline and 

NN produced unreliable results. It can, therefore be concluded that the accuracy of NN and spline can be 

improved by increasing the density of sample points while having other samples on the boundaries of the 

study area.  

The results from this study will help in proper planning and design of structures envisaged within the study area. 

 

References 

Akenga, P. S. (2014). Determination of selected micro and macronutrients in sugarcane growing soils at Kakamega 

North District, Kenya. IOSR Journal of Applied Chemistry, 7, 34-41. doi:10.9790/5736-07713441 

Bachmann. (2008). Remote Sensing Retrieval of Substrate Bearing Strength from Hyperspectral Imagery at the 

Virginia Coast Reserve (VCR'07) Multi-Sensor Campaign. International Geoscience and Remote Sensing 

Symposium (IGARSS), 3. doi:10.1109/IGARSS.2008.4779281 

Fenton, G., Paice, G., & Griffiths, D. (2003). Probabilistic Analysis of Foundation Settlement. American Society 

of Civil Engineers. 

Gouri, S., Pravat, K., & Maiti, R. (2018). Comparison of GIS - based Interpolation Methods for Spatial Distribution 

of Soil Organic Carbon (SOC). Journal for the Saudi Society of Agricultural Sciences, 17, 114-126. Retrieved 

5 15, 2019, from www.ksu.edu.sa 

Karydas, G. (2009). Evaluation of Spatial Interpolation Techniques for Mapping Agricultural Topsoil Properties 

in Crete. EARSeL eProceedings, 26 - 40. 

Kimotho, M. (1996). Preliminary Soil Survey of Moi University Farm. Nakuru: KARI. 

Kravchenko, A. N., & Bullock, D. (1999). A comparative study of interpolation methods for mapping soil 

properties. Agronomy Journal. Retrieved from 

http://dx.doi.org/10.2134/agronj1999.00021962009100030007x 

Mehdi, K., Lahbassi, O., & Hamouda, B. (2012). Spatial Interpolation of Annual Precipitation in Annaba-. Energy 

procedia. 

Ming-liang, C. (2018). Physical and Compaction Properties of Granular Materials with Artificial Grading behind 

the Particle Size Distributions. Advances in Materials Science and Engineering. 

Sajid, A., Rudra, R., & Parkin, G. (2013). Systematic Evaluation of Kriging and Inverse Distance Weighting 

Methods for Spatial Analysis of Soil Bulk Density. Canadian Biosystems Engineering. 

Setiento, A. (2013). Vomparison Of Kriging and IDW Interpolation Methods in Lineament Extraction and Analysis. 

J. SE Asian Geo., 9. 

Sombroek, W. G. (1982). The Exploratory Soil Map and Agro Climatic Zone Map of Kenya. Nairobi: Kenya Soil 

Survey, . 

Sumedh Y. M., D. C. (2011). GIS-GPS based map of soil index properties for Mumbai. Reston, VA, USA: 

American Society of Civil Engineers. 

Tobler, W. R. (1970). A computer Movie Simulating Urban Growth in the Detroit Region. Economic Geography. 

Whitlow, R. (1995). Basic Soil Mechanics (Third Edition ed.). (C. Basset, Ed.) Edinburgh, England. 

Yamamoto, J. (2005). Comparing ordinary kriging interpolation variance and indicator kriging conditional 

variance for assessing uncertainties at unsampled locations, In: Application of Computers and Operations 

Research in the Mineral Industry – Dessureault, Ganguli, Kecojevic. United States Department of Agriculture, 

Forest Service. 

Yang, C., Kao, P., Lee, F., & Hung, S. (2015). Twelve Different Interpolation Methods: A case Study of Surfer 8.0. 

MJRLFP, 1-8. 

Yao, X., Fu, B., & Lu, Y. e. (2013). Comparison of Four Spatial Interpolation Methods forEstimating Soil Moisture 

in a Complex Terrain Catchment. PLOS. 

Zimmerman, D., Pavlik, C., Ruggles, A., & Armstrong, M. (1999). An experimental comparison of Ordinary and 

UK and Inverse Distance Weighting. Mathematical Geology, 228-241. 

 

 

 

  


