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Abstract: Spatial prediction or interpolation of geotechnical parameters is a vital step in the 8 

designs or reliability analyses of geotechnical structures. Existing studies involving spatial 9 

predictions of geotechnical parameters ignore the distinction of spatial variabilities in zones along 10 

a horizontal direction, such as zones along a subway line. This study proposes a zonation method 11 

to differentiate the horizontal zones with different characteristics of spatial variabilities. Some 12 

uniaxial compressive strength and standard penetration test data are used to illustrate the proposed 13 

zonation method and the effect of zonation on the prediction accuracy. The results show that the 14 

proposed method is effective in distinguishing zones with different spatial variabilities and the 15 

improved zonation method facilitates more accurate predictions of unknown parametric values.  16 
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1. Introduction 20 

In geotechnical engineering, the available data used for designs or reliability analyses of 21 

geotechnical structures are always sparse and limited because of inadequate site investigations. As 22 

so, one important step in the designs of geotechnical structures is predicting the geotechnical 23 

parameters in the un-sampled area using available data in the sampled area. The accuracy in spatial 24 

prediction or interpolation of geotechnical data is key to a reliable design and a successful 25 

execution of a geotechnical project (e.g., Ferrari et al. 2014). 26 

A number of studies have been conducted to spatially interpolate the geotechnical or 27 

geological parameters, such as cone penetration test (CPT) parameters by Juang et al. (2001), Lenz 28 

and Baise (2007), Wang et al. (2017a, b), standard penetration test (SPT) parameters by Sitharam 29 

and Samui (2007), Stavropoulou et al. (2010), geomorphic parameters by Lark and Webster (2006), 30 

Liu et al. (2017), geological parameters (i.e., lithological category) by Kearsey et al. (2015), and 31 

rock parameters by Doostmohammadi et al. (2014). However, few studies rationally treated the 32 

disparities of spatial variabilities in different areas. In practice, the geotechnical parameters in 33 

different areas may display different forms of trend or variances (e.g., Phoon et al. 2003). Ideally, 34 

these areas with different spatial variabilities need to be distinguished and only the data located in 35 

the same zone as the target point should be used for uncertainty characterization and spatial 36 

interpolations. But most of previous studies conducted the spatial interpolation without 37 

differentiating the data points in different zones. Consider a simple example where one 38 

geotechnical parameter exhibits a linear trend in one region and a parabolic trend in the 39 

neighboring region. If the nonstationarity in the two regions is removed using a constant form of 40 

trend function, the variability of the geotechnical parameter might be overestimated or 41 

underestimated. Consequently, an inaccurate spatial prediction might be induced. Hence, a 42 



3 

 

zonation is required to differentiate the zones with different spatial variabilities (e.g., Qi et al. 43 

2017). The zonation is a process involving dividing an area into disjoint zones, each of which has 44 

a distinctively different form of trend or variance from adjacent zones (e.g., Davis 1986; Phoon et 45 

al. 2003). As shown by Phoon et al. (2003) and Qi et al. (2017), a zonation facilitates a more 46 

rational probabilistic site characterization or a more accurate spatial prediction of geological 47 

parameters. Previous zonation practices in geotechnical engineering focus mainly on the vertical 48 

direction (such as Cao and Wang 2013, Wang et al. 2014). These studies aim to identify 49 

statistically homogeneous soil layers (e.g., Phoon et al. 2003) or to locate the stratigraphic 50 

interfaces (e.g., Hegazy and Mayne 2002; Wang et al. 2013; Ching et al. 2015; Wang et al. 2018). 51 

Rare studies focus on the zonation in multi-dimensional spaces, especially in the horizontal 52 

direction. Some geotechnical structures, such as subways or tunnels, generally run a long distance 53 

in the horizontal direction and the spatial variability characteristics of the geomaterials along these 54 

structures may vary from one place to another. Detecting vertical boundaries for the involving 55 

areas is vital to reasonable designs of these geotechnical structures. 56 

Hence, this study proposes a zonation method to differentiate the zones with various 57 

characteristics of spatial variabilities in a two-dimensional space. Some uniaxial compressive 58 

strength (UCS) and SPT data from Singapore are used to illustrate the proposed method. The effect 59 

of zonation on prediction accuracies is illustrated using a conditional random field method.  60 

2. Improved global zonation method 61 

Existing techniques of zonation include split-moving-window methods (e.g., Webster 1973; Phoon 62 

et al. 2003), global zonation methods (e.g., Gill 1970; Hawkins and Merriam 1973) for a single 63 

geotechnical property, cluster methods for multiple geotechnical properties (e.g., Hegazy and 64 

Mayne 2002) and geological segmentation method for any number of geotechnical properties 65 
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(Wang et al. 2017c). The split-moving-window method involves moving a short window along a 66 

sequence and evaluating the difference between the two halves of the window. As claimed by 67 

Davis (1986), the split-moving-window method is not robust because its performance depends on 68 

the variability of the data and the length of the moving window. Wang et al. (2017c) proposed a 69 

hidden Markov random field model-based geological segmentation method to partition geological 70 

data. The geological segmentation approach explicitly models the geological uncertainty using a 71 

Markov random field (MRF). It is able to model complex geological structures and simultaneously 72 

quantify the geological uncertainty and the uncertainty in the geotechnical property. But the model 73 

specifications of the MRF are not clear (Mariethoz and Caers 2014). For example, the model does 74 

not specify which kind of potential function should be used, how many cliques should be 75 

considered or how the cliques can be selected. Since this study focuses on a single geotechnical 76 

property, the idea of the global zonation method (Gill 1970) is used to implement zonation in the 77 

horizontal direction by vertical boundaries. 78 

The basic idea of the global zonation method is repeatedly inserting a new boundary to the 79 

current divided zones. In this paper, one boundary is assumed to be a vertical line which has an 80 

equal distance to two neighboring boreholes and the vertical direction refers to the direction along 81 

the elevation axis. The disparities of spatial variability characteristics in the horizontal direction 82 

could be caused by different erosion effects or horizontal in situ stresses experienced by the 83 

geomaterials in various locations. Identifying such vertical boundaries is vital in designs of long 84 

geotechnical structures such as tunnels. Zone boundaries in other forms, such as a constant slope 85 

or a flexible curve, could also be considered if factors causing the irregular boundaries, such as 86 

geological structures, are clearly known. Each new boundary is obtained by finding out the 87 

location which maximizes a zonation index representing the effectiveness of zonation. Compared 88 
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with the method of Gill (1970), two improvements are made in the proposed global zonation 89 

method. (1) The zonation index considers non-constant trends of geotechnical parameters. (2) A 90 

new restriction, namely non-stationarity in the trend function or variance of the involved 91 

geotechnical property in any two neighboring zones, is imposed on the zone boundaries. In other 92 

words, one vertical boundary line should ensure the two zones separated by the line have different 93 

forms of trend functions or variances. Note that Cao and Wang (2013) and Wang et al. (2014) 94 

conducted a one-dimensional zonation using a Bayesian method. The differences between the 95 

proposed method and the Bayesian method are as follows. First, in the Bayesian method, the 96 

number of zones is determined by the evidence, which reflects the likelihood of the observed data 97 

when one model is assumed. The zone boundaries are determined by computing the most probable 98 

zone-thicknesses. But the number of zones and zone boundaries in the proposed method are 99 

determined by a zone index, which represents the homogeneity of each divided zone and the 100 

differences of various zones. The differences in the mean trends of various zones are not 101 

considered in the Bayesian method. Second, the proposed method considers the disparities in the 102 

forms of trend functions. It is worth noting that the current study does not consider the disparities 103 

of spatial variability in the vertical direction (i.e., no horizontal boundaries are generated). This 104 

treatment is adopted because of two reasons. (1) It greatly simplifies the zonation problem. (2) 105 

Geotechnical data, such as SPT data or rock data, usually are too limited to simultaneously 106 

consider the spatial variability disparities in two dimensions. But if sufficient data exist, the 107 

horizontal boundaries can also be determined using the same method as the vertical ones. For 108 

example, zonation could be conducted first in the vertical direction and then in the horizontal 109 

direction for the CPT data. The proposed method is simple and easy to apply, and most importantly, 110 

it may significantly improves the accuracy of spatial predictions, as shown in the example section. 111 
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The main limitation of the method is that the shape of zone boundaries is a user input, rather than 112 

automatically captured, like the Markov random field based-method adopted by Wang et al. (2017c) 113 

and Wang et al. (2018). In addition, the uncertainties of the zone boundaries are not assessed during 114 

the zonation process. One needs to resort to other statistical methods, such as the bootstrap method 115 

(Efron and Tibshirani 1994), to evaluate the uncertainties of the zone boundaries. Detailed steps 116 

for the new global zonation method are elaborated as follows. 117 

(1) Find out the vertical boundary which divides the whole cross-section into two zones. The 118 

boundary should satisfy the following two criteria. 119 

(a) The two zones have different forms of trend or variances. In this study, the spatial trend 120 

for one geotechnical parameter is described by a polynomial function. It is well known that high-121 

order trend functions are prone to large biases in estimating regression coefficients if only limited 122 

geotechnical data are available (e.g., Baecher and Christian 2008). Hence, only the polynomial 123 

trend functions with orders equal to or less than 3 are considered. To simplify the trend, cross-124 

product terms are not included in the trend functions. The considered trend functions are given by 125 

Eqs. 1(a-g). Note that trend functions with orders larger than 3 can also be considered. But these 126 

higher-order trend functions are not recommended unless sufficient data are available or higher-127 

order functions are physically explicable. 128 
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where T is the trend value; x is the horizontal coordinate; z is the vertical coordinate; 1 , ···, 7  136 

are regression coefficients. The optimal trend function is selected through a widely used model 137 

selection criterion, Bayesian information criterion (BIC) (Schwarz 1978). The BIC value consists 138 

of two terms, one term representing the likelihood of one model and the other term representing a 139 

penalty against overfitting. The likelihood is evaluated using a maximum likelihood estimator as 140 

shown in Baecher and Christian (2003). The model with a minimum value of BIC is preferred. It 141 

is worth noting that different initial values should be attempted during maximization of the 142 

likelihood to achieve a global optimum. If merely one set of initial values is used, a false trend 143 

function may be selected or an incorrect zone boundary be detected. There is no unique rule to 144 

select the initial values. The following initial value determination methods generally ensure a 145 

global optimum in optimization. The regression coefficients of trend functions are set to be the 146 

corresponding values obtained from a preliminary regression analysis, such as a multiple linear 147 

regression (nonlinear polynomial trend functions could be transformed into multi-variable linear 148 

functions). The restriction imposed in the preliminary regression analysis is that the trend function 149 

takes positive values at all the locations of data points. The standard deviation of a geotechnical 150 

parameter is set to be the standard deviation of the residuals produced from the preliminary 151 

regression analysis. Values of different magnitudes are adopted as the initial value of 152 

autocorrelation distances. For example, the initial values of horizontal autocorrelation distances 153 

are set to be 1 m, 10 m, 50 m, 100 m and 500 m in this study. 154 

Furthermore, a simple Bartlett’s test is used to determine whether the two zones have the 155 

same variance. The Bartlett’s test is widely used to test whether multiple independent data sets 156 

have equal variances, against the alternative that at least two of the data sets do not have equal 157 
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variances (Bartlett 1937). The method is further modified by Phoon et al. (2003) to test correlated 158 

data sets. But the modified Bartlett’s test method requires a large amount of data and is not suitable 159 

for cases with limited data. Hence, the classical Bartlett’s test is used herein to roughly determine 160 

whether the residuals of geotechnical data (i.e., the geotechnical data minus the associated trend 161 

values) for two adjacent zones have the same variance. The null hypothesis of the classical 162 

Bartlett's test is that different groups of data have the same variance. If the p-value associated with 163 

the null hypothesis is large, homogeneity of variance is statistically significant. In this study, a 164 

commonly-used p-value of 0.05 is chosen as the threshold p-value. Details of the Bartlett’s test 165 

can be found in Bartlett (1937). This test method is easy to apply because it has been implemented 166 

in many platforms or software, such as MATLAB.  167 

(b) The divided zones have a maximum zonation index, ZI , as defined in Eq. 2(a). 168 

B

WB
ZI


  (2a) 169 

where B and W respectively are between-zone variance and pooled variance within zones (Gill 170 

1970). B reflects the difference among the various zones while W reflects the random errors in all 171 

the zones (Gill 1970). The expressions for B and W are respectively given by Eq. 2(b) and Eq. 2(c). 172 
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where m is the number of zones; jn  is the number of observations in the jth zone; Gij ,  is the grand 175 

mean of ijY , the ith observation in the jth zone, and is evaluated from the trend function for all the 176 

data (i.e., without implementing zonation); ij  is the mean of ijY , which is evaluated from the trend 177 

function for the jth zone and N is the total number of observations. ZI reflects the effectiveness of 178 
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zonation and normally has a value between 0 and 1 (Gill 1970). If all the divided zones are 179 

homogenous (i.e., an optimal zonation), ZI is equal to 1. On the contrary, the value of ZI is small 180 

if the divided zones have large differences and are highly heterogeneous. The index of Eq. 2(a) is 181 

a development of the index of Gill (1970). In other words, only constant trends are considered by 182 

Gill (1970). By comparison, the new index considers polynomial trends in Eqs. 2(b-c) and, hence, 183 

is more versatile.  184 

Note that if the geotechnical data in one zone are too limited, the estimated trend function and 185 

the associated variance are likely to suffer from large errors. To resolve this problem, one more 186 

constraint can be imposed on the new boundary, i.e. the number of data points in each zone is set 187 

to be larger than a prescribed value. The limit number is determined based on the sparsity of the 188 

geotechnical data and users’ requirement on the zone number. Neither a too small nor a too large 189 

value is beneficial to spatial predictions because the former may lead to large statistical biases 190 

while the latter results in an inadequate zonation and large variabilities in each zone. Examples for 191 

the determinations of the limit number can be found in section 4.2. 192 

(2) Detect new boundaries until ZI no longer increases with the addition of a new boundary 193 

or the number of zones reach a prescribed number. The detailed steps are as follows.  194 

(i) Candidate boundaries are identified by finding out the boundaries which ensure the number 195 

of data points in the associated new zones exceeds the prescribed value.  196 

(ii) The candidate boundaries are refined by eliminating the boundaries which lead to 197 

consistent trend forms and variances in neighboring zones. For example, if three zones, A, B, and 198 

C, exist and one additional boundary divides the middle zone B into B1 and B2, this boundary can 199 

be regarded to be a candidate boundary only when each of the three zone pairs, namely {zone A, 200 
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zone B1}, {zone B1, zone B2}, and {zone B2, zone C} has different forms of trends or different 201 

variances.  202 

(iii) A zonation index is evaluated for each candidate boundary and the maximum zonation 203 

index is denoted by ZImax, i, where the subscript i denotes the serial number of current zonation 204 

round. If ZImax, i  > ZImax, i -1 and i+1 is less than the prescribed number of zones, the candidate 205 

boundary associated with the ZImax, i  can be selected to be the new boundary.  206 

(iv) Steps i-iii are repeatedly implemented until ZImax, i  ≤ ZImax, i -1 or the prescribed number 207 

of zones is reached.  208 

3. Validation using simulated SPT data 209 

To illustrate the capacity of the proposed global zonation method, random field realizations of SPT 210 

data are simulated and zonations are conducted based on the simulated realizations. Two random 211 

filed cases are considered, namely case 1 with stationary random fields in all zones and case 2 with 212 

a non-stationary random field in one zone. In both cases, 10 × 10 = 100 regularly-spaced data 213 

points are distributed in ten boreholes. The horizontal coordinates of the boreholes are 0 m, 10 m, 214 

20 m, 30 m, 40 m, 50 m, 60 m, 70 m, 80 m and 90 m while the vertical coordinates of the ten data 215 

points in each borehole are 1 m, 3 m, 5 m, 7 m, 9 m, 11 m, 13 m, 15 m, 17 m and 19 m. The left 216 

50 data points belong to one zone while the other 50 points belong to the other zone. All the random 217 

fields are assumed to be lognormally distributed and the autocorrelation structure is described by 218 

a widely-used ellipsoidal exponential autocorrelation function (e.g., Vanmarcke 1983), as shown 219 

in Eq. 3(a). 220 
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where Exp  is the autocorrelation coefficient for the ellipsoidal exponential autocorrelation 222 

function; xl  and zl  respectively are the horizontal and vertical autocorrelation distances; and 223 

jiij xxx  , jiij zzz   respectively are the horizontal and vertical separation distances between 224 

two points ( ix , iz ) and ( jx , jz ). For case 1, the random field parametric values are mean,  = 60, 225 

standard deviation,  = 10, horizontal autocorrelation distance, lx = 10 m, vertical autocorrelation 226 

distance, lz = 2 m for zone 1 and  = 40,  = 20, lx = 10 m, and lz = 2 m for zone 2. For case 2, the 227 

random field parametric values are  = 60,  = 10, lx = 10 m, and lz = 2 m for zone 1 and trend 228 

function, T = 0.5z2 – 10z + 60,  = 20, lx = 10 m, and lz = 2 m for zone 2. 20 realizations of random 229 

field are simulated for each case. 230 

During the implementations of zonations, the number of data points in each zone is set to be 231 

larger than 10. For case 1, only constant trends are considered because of the stationarity of the 232 

random field. The detected zone boundaries for the two cases are summarized in Table 1. As shown, 233 

the correct boundaries could be detected in 15 realizations of case 1. In addition, 4 of the remaining 234 

5 realizations have a zone boundary very close to the actual boundary. These results indicate a 235 

high effectiveness of the proposed global zonation method. To explore the reason why the zone 236 

boundary cannot be detected in one realization, Fig. 1 plots the simulated SPT parameters for this 237 

realization. For comparison, another realization with the correct boundary detected is also plotted. 238 

As shown, the data points for the realization with the correct boundary detected are clustered in 239 

two groups which are far apart (see Fig. 1(a)). However, the data points of the two zones for the 240 

other realization (see Fig. 1(b)) generally mix, inducing a false detection of the zone boundary. As 241 

for case 2, 18 realizations yield the correct zone boundary and the remaining two realizations have 242 

boundaries very close to the correct one. This result further shows the effectiveness of the zonation 243 
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method. However, it is worth noting that when only around 50 data points are used for trend 244 

function selection, an incorrect form of trend function is likely to be selected. For example, in case 245 

2, 8 out of 20 realizations produce false trend functions for zone 1, and 2 out of 20 realizations for 246 

zone 2. Hence, it is suggested that if sufficient data points exist, the number of data points in each 247 

zone should be larger than 50. 248 

4. Illustrative examples 249 

In this section, some UCS and SPT data in Singapore are used to illustrate the proposed zonation 250 

method and the effect of zonation on spatial predictions. First, geotechnical data for consistent 251 

geological formations and rock/soil types are extracted. Second, each type of geotechnical data are 252 

divided into distinctly different groups using the proposed global zonation method. Third, the 253 

conditional random field method is used to conduct the spatial prediction of SPT parameters. The 254 

effect of zonation on spatial predictions is investigated. 255 

4.1 Extraction of UCS and SPT data 256 

Basic information of the rock data, including a plan view of the boreholes containing the rock data, 257 

rock layers and relative locations of UCS points, is plotted in Figs. 2(a-b). These data are from 258 

some site investigation reports of a tunnel in Singapore. As shown in the plan view of boreholes 259 

in Fig. 2(a), thirty-six boreholes approximately covering a line of 3400 m in length are selected for 260 

statistical analyses. To facilitate a two-dimensional statistical analysis, all the borehole points are 261 

projected to a line which is the best linear fit of all the boreholes points. The projection point for 262 

each borehole is the intersection of the projection line and a line crossing the borehole point and 263 

perpendicular to the projection line. The projection distance for one borehole point is defined as 264 

the distance from the corresponding projection point to the leftmost projection point on the 265 

projection line. Afterward, the UCS data from the dominant geological formation (i.e., Jurong 266 
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Formation) and for two dominant rock types (i.e., sandstone and siltstone) are extracted. The rock 267 

layers and relative locations of the UCS data for sandstones and siltstones are plotted in Fig. 2(b). 268 

The geological formation is not plotted in Fig. 2(b) because all the rock layers belong to the Jurong 269 

Formation. The Jurong Formation is a sedimentary rock formation that covers the south-west 270 

portion of the island of Singapore (e.g., Rahardjo et al. 2014). The formation was formed in the 271 

geologic age of late Triassic to early or middle Jurassic. It consists of dolomite, limestone, 272 

mudstone, sandstone, shale, and conglomerates that have been acutely folded and faulted as the 273 

result of tectonic plate movement. Note that the elevation rather than depth is chosen to be the 274 

vertical coordinate of the geotechnical data because (1) the ground surface is not flat and (2) the 275 

depth value is affected by human activities, such as excavation events, and may change with time. 276 

As shown, the UCS points are not evenly distributed in the space. There are respectively 57 and 277 

34 data points for sandstones and siltstones. Values of the UCS data and associated coordinates 278 

can be found in the appendix.  279 

Similarly, basic information for some SPT data from a tunnel project in Singapore, including 280 

the plan view of the boreholes, geological layers and relative locations of the SPT points, is plotted 281 

in Figs. 2(c-d). As shown, 38 boreholes are distributed along a line of around 750 m in length. The 282 

SPT data for the dominant formation (Old Alluvium) and soil type (sand) are extracted. The Old 283 

Alluvium was deposited in an age of Late Tertiary to Middle Pleistocene, which was 0.5 to 5 284 

million years old (e.g., Lee and Zhou 2009). The formation is mainly made up of sediments which 285 

were brought down by closely connected rivers and deposited in a deep basin in the eastern 286 

Singapore Island (e.g., Cai 2012). Since the SPT is affected by many influential factors, including 287 

overburden pressure, energy ratio, borehole diameter, rod length and sampler type. The influences 288 

of these factors are removed by correcting the measured blow count (N) values to 60N , which is 289 
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the N value corresponding to an energy ratio of 60% (ISO/CEN 2005). Guidelines for the 290 

corrections of N values can be found in ISO/CEN (2005). For simplicity, the correction process is 291 

not presented herein. In total, 259 data points exist. Details of these data are elaborated in the 292 

appendix.  293 

4.2 Zonation of the UCS and SPT data 294 

Before implementing zonation, the optimal random field model is evaluated using all the data. The 295 

purpose is to determine the most suitable autocorrelation model, which is an indispensable 296 

information for computing the likelihood and BIC values in the process of zonation. In this study, 297 

the optimal trend function model for the geotechnical data is selected using the Bayesian 298 

information criterion (Schwarz 1978) while the optimal autocorrelation function is selected using 299 

the Bayesian model class selection method (e.g., Yuen 2010; Cao and Wang 2014; Tian et al. 300 

2016). One may ask why different model selection methods are used to determine the trend 301 

function and the autocorrelation model. The reason is explained as follows. The Bayesian model 302 

class selection method (BMCS) is superior to the BIC method because, as illustrated by Yuen 303 

(2010), the BIC method may over-penalize the more reasonable models when the data are not 304 

sufficient. But the BMCS also has one problem. That is, the selection result for the BMCS method 305 

is sensitive to the prior distribution of involved parameters. For models with the same parameters, 306 

the problem could be well resolved by adopting the same prior distributions. For two models with 307 

different parameters, it is difficult to determine a reasonable prior distribution of the extra 308 

parameters. Since the different trend functions have different parameters, the BIC method is used 309 

to select the optimal trend function. The BMCS method is employed to select the optimal 310 

autocorrelation function model because different autocorrelation function models have the same 311 

number of parameter. For the Bayesian information criterion method, the model with a minimum 312 
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value of BIC is viewed as the optimal model. For the Bayesian model class selection method, the 313 

plausibility of one model is represented by the evidence, which expresses the likelihood of the 314 

measured data for the assumed model. The model with a maximum value of evidence is viewed as 315 

the optimal model. Only two most widely used autocorrelation function models are considered, 316 

namely the ellipsoidal exponential autocorrelation model as shown in Eq. 3(a) and the squared 317 

exponential (also called Gaussian) autocorrelation model (e.g., Vanmarcke 1983) as shown in Eq. 318 

3(b).  319 

Squared exponential (Gaussian): ))()(exp(),( 22
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  (3b) 320 

where Gau  is the autocorrelation coefficient for the squared exponential autocorrelation function. 321 

Table 1 summarizes the BIC and evidence values associated with different random field models. 322 

As shown, the ellipsoidal exponential autocorrelation function is superior to the Gaussian 323 

exponential autocorrelation function because it always has a larger evidence. In addition, the 324 

optimal trend functions for the ellipsoidal exponential autocorrelation model are Eq. 1(b) for 325 

sandstones and siltstones and Eq. 1(c) for sands, because those functions have a minimum BIC 326 

value. 327 

Since the rock data are limited, the number of data points in each zone is set to be larger than 328 

or equal to 12. A slightly larger limit number of data points (such as 15) produces similar zonation 329 

results, as shown subsequently. If the limit number further increases (such as 18), no zone 330 

boundary will be detected for the siltstones because of a lack of valid candidate boundaries. Using 331 

the proposed global zonation method, the UCS data for sandstones and siltstones are divided into 332 

two zones as plotted in Figs. 3(a, b). Only two zones are divided for both sandstone and siltstone 333 

because the zonation index no longer increases after two zones are divided. The maximum 334 

zonation index for sandstone and siltstone respectively are 0.977 and 0.978. As shown in Figs. 3(a, 335 
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b), the two groups of sandstones belong to 1st to 20th boreholes and 21st to 36th boreholes in Fig. 336 

2(b), respectively (i.e., the zone boundary is the left dash line in Fig. 2(b)) while the two groups of 337 

siltstones respectively belong to 1st to 21st boreholes and 22nd to 36th boreholes (i.e., the zone 338 

boundary is the right dash line in Fig. 2(b)). In addition, the UCS data in the second zone has a 339 

larger variability than the first zone. The standard deviations of UCS for the sandstones in the two 340 

zones are 22.6 MPa and 32.1 MPa, respectively while those for the siltstones are 12.0 MPa and 341 

13.4 MPa, respectively. If no zonation is conducted, the standard deviations for sandstones and 342 

siltstones respectively are 41.4 MPa and 18.0 MPa, both of which are larger than the associated 343 

standard deviations for single zones. The two zones also have different orders of trend functions, 344 

namely Eq. 1(g), Eq. 1(b) for the two zones of sandstones and Eq. 1(a) and Eq. 1(e) for the two 345 

zones of siltstones (see the model selection results for each zone in Table 1). The large disparities 346 

of standard deviations and different forms of trend functions for the two zones justify the zonation. 347 

Note that it is important to try different initial values of the random field parameters. For example, 348 

if only one set of autocorrelation distance values, namely lx = 50 m and lz = 1 m, is used, the same 349 

zone boundary for the siltstone is produced but the optimal trend function for the first zone of 350 

siltstones is a second-order function of the projection distance, rather than a linear function. In 351 

addition, if the limit number of data points in each zone is set to be 15, the same zone boundary 352 

will be detected for the sandstone and the zone boundary for the siltstone is located between the 353 

18th and 19th boreholes, which is close to the one for the limit number of 12. 354 

In addition, zonation using the data for different rock types produces quite similar divided 355 

zones. As shown, the UCS data of sandstones in the first zone belong to the 1st to 20th boreholes 356 

in Fig. 2(b) while the UCS data of siltstones in the first zone belong to the 1st to 21st boreholes. 357 
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This phenomenon is expected because different types of rocks in the same area are subject to the 358 

same geological, environmental and physical effects. 359 

As for the SPT data, the minimum number of data points in each zone is set to be 50 because 360 

the SPT data are relatively sufficient. This relative large value is selected also to reduce the 361 

statistical bias (see the examples shown in section 3). Two zones of SPT data are produced and the 362 

maximum value of the zone index is 0.989. As shown in Fig. 3(c), the first zone contains 171 data 363 

points, which belong to the 1st to 24th boreholes in Fig. 2(d), while the second zone contains the 364 

remaining 88 data points (i.e., the zone boundary is the dash line in Fig. 2(d)). The optimal trend 365 

functions and associated standard deviations of N60 are Eq. 1(f) and 9.1 for zone 1, and Eq. 1(e) 366 

and 12.6 for zone 2. If no zonation is conducted, the optimal trend function and standard deviation 367 

of N60 for all the SPT data are Eq. 1(c) and 13.7. This value is larger than the standard deviation 368 

values for singles zones.  369 

4.3 Spatial prediction using the SPT data 370 

In this section, spatial predictions of SPT parameters are conducted using the conditional random 371 

field method. First, outliers for the SPT data are detected and removed. The outliers refer to data 372 

points that deviate far away from the main body of a data set (Dithinde et al. 2011; Liu et al. 2017). 373 

They may result from measurement error, improper operation of the test equipment (Dithinde et 374 

al. 2011) or other potential reasons. Second, the effect of zonation on spatial prediction accuracies 375 

is illustrated.  376 

4.3.1 Detection of outliers for SPT data 377 

In this section, the outliers of the SPT data for sandstones are detected using a robust outlier 378 

detection method, i.e., least trimmed squares (LTS) regression method. The basic idea of the LTS 379 

regression method is to fit the majority of data using an LTS estimator. Outliers are identified by 380 
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determining the points that lie far away from the robust fit, namely the points with large positive 381 

or large negative residuals (Rousseeuw and Leroy 2005). The LTS estimator is very robust with 382 

respect to outliers in response variables (i.e., outputs of a model) as well as outliers in explanatory 383 

variables (i.e., inputs of a model). Moreover, it has been proven that the method works well even 384 

when 50% of the data are contaminated. Fig. 4 plots the detected outliers for the SPT data in the 385 

two zones. The selected trend functions for the two zones, namely Eq. 1(f) and Eq. 1(e) are used 386 

in the outlier detection. As shown in Fig. 4, five and three outliers respectively exist in zone 1 and 387 

zone 2. These outliers may result from measurement errors and are excluded in the following 388 

analyses.  389 

4.3.2 Effect of zonation on spatial prediction 390 

The effect of zonation on spatial prediction is illustrated using a cross-validation procedure. First, 391 

the SPT data are divided into two groups, namely a validation group containing ten percent of data 392 

points and a training group containing the remaining data points. Second, the data in the training 393 

group are used to estimate regression coefficients of trend functions through a maximum likelihood 394 

estimation method (e.g., Baecher and Christian 2003). N60 values in locations for the validation 395 

points are then spatially interpolated using a conditional random field method (e.g., Lo and Leung 396 

2017; Schöbi and Sudret 2015). The conditional random field method essentially is a Bayesian 397 

method which updates the mean and covariance of unknown parameters in sampled locations using 398 

the autocorrelation information among the variables in sampled and un-sampled locations. In both 399 

maximum likelihood estimations and spatial predictions, the SPT parameters are assumed to be 400 

lognormally distributed to avoid negative values. Third, the predicted values are compared with 401 

the values in the validation group. Three indexes, namely root mean squared error (e.g., Yang et 402 

al. 2016), root mean squared relative error (RMSRE) (e.g., Li and Heap 2011) and normalized 403 
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prediction variance ( NPV ) (e.g., Wang et al. 2016) as given in Eq. 4 are used to represent the 404 

prediction accuracy. The RMSE and RMSRE measure the absolute and relative prediction errors, 405 

respectively, while NPV  quantifies the second-order deviation between estimations and 406 

observations (e.g., Wang et al. 2016). NPV  reflects whether the uncertainty or standard deviation 407 

in the prediction error could be effectively quantified.  408 
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where pN  is the number of data points in the validation group; iŷ  is the predicted value of the 412 

geotechnical parameter iY ; iy  is the observed value of the geotechnical parameter iY  and 
iY  is 413 

the predicted standard deviation for the geotechnical parameter iY . The optimal value of NPV  is 414 

1 (e.g., Wang et al. 2016). A NPV  with a value much larger than 1 indicates that the uncertainty 415 

of a geotechnical parameter is underestimated and the predicted confidence interval of a 416 

geotechnical parameter may not be able to cover its true value. A NPV  with a value much smaller 417 

than 1 means that the uncertainty of the underlying geotechnical parameter is overestimated, 418 

inducing an uneconomical design of geotechnical structures. Finally, the aforementioned three 419 

steps are repeated by 500 times and 500 sets of RMSE, RMSRE and NPV are calculated.  420 

Two prediction schemes are considered: scheme 1, the validation data points and training data 421 

points from the same zone and scheme 2, the validation data from one zone but the training data 422 

from both zones. Scheme 2 represents the case where no zonation is conducted. In principle, the 423 

zone boundary should be detected using the training data in each experiment. But 500 zonations 424 
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of the SPT data is quite time-consuming. To evaluate whether it is reasonable to adopt a fixed zone 425 

boundary so that the computational time can be reduced, 20 sets of 90% randomly selected data 426 

are used to conduct zonation 20 times. The results show that 19 out of the 20 zonations yield a 427 

zone boundary the same as or close to (i.e., less than or equal to three boreholes apart from) the 428 

one for all the data. In view of this small variability of the zone boundary, it is rational to use a 429 

fixed zone boundary (namely the one determined from all the data) in all spatial prediction 430 

experiments. The distributions of the RMSE , RMSRE, and NPV for the two schemes are plotted 431 

in Fig. 5. In Fig. 5, the validation data are from zone 1 for both schemes. As shown, the absolute 432 

prediction error (i.e., RMSE) and relative prediction error (i.e., RMSRE) for the scheme conducting 433 

zonation generally are smaller than those for the other scheme, possibly because the former could 434 

yield more accurate trends than the latter. In addition, the scheme implementing zonation produces 435 

more reasonable standard deviations of N60 than the scheme without zonation. As shown in Fig. 436 

5(c), the mean value of NPV for the scheme implementing zonation is 1.11, which is closer to 1 437 

than that for the other scheme, namely 0.78. It can be expected that if no zonation is conducted, an 438 

uneconomical design of geotechnical structures will be induced because of the overestimation of 439 

uncertainty. In addition, 58% experiments produce an NPV with values falling in the interval of 440 

[0.7, 1.3] for the scheme implementing zonation while merely 33% experiments for the other 441 

scheme. This comparison further shows that a zonation facilitates a more reasonable prediction of 442 

the standard deviations for unknown parameters. Hence, a zonation should be conducted prior to 443 

spatial predictions to reduce the prediction errors.  444 

Conclusions 445 

This study proposes a zonation method to differentiate the zones with different characteristics of 446 

spatial variabilities. Some uniaxial compressive strength and standard penetration test data from 447 
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Singapore are adopted to illustrate the zonation and the effect of zonation on spatial predictions. 448 

A conditional random field method is used to conduct the spatial predictions. The results show that 449 

the proposed zonation method is effective in differentiating regions with different forms of trend 450 

functions or variances. The zonation practices using the data for different types of rocks lead to 451 

consistent divided zones. The absolute and relative prediction errors could be reduced and more 452 

reasonable standard deviations of target parameters could be computed if the data in the same zone 453 

as the target points are used for spatial predictions.  454 
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Table 1 Detected zone boundaries for simulated SPT data 

Boundary of two zones Between 4th and 

5th borehole 

Between 5th and 

6th borehole 

Between 6th and 

7th borehole 

Between 8th and 

9th borehole 

Number of realizations: case 1 2 15 2 1 

Number of realizations: case 2 0 18 2 0 

Table 2 BIC values and evidences for various random field models 
(a) Model selection using the UCS data 

 Autocorrelati

on function 

model 

Trend function 

 Eq. 1(a) Eq. 1(b) Eq. 1(c) Eq. 1(d) Eq. 1(e) Eq. 1(f) Eq. 1(g) 

Sandstone, 

all zones 

Ellipsoidal 147.06 

 

141.15 
a(-71.91) 

147.10 145.32 146.30 145.99 149.89 

 Gaussian 150.22 

 

143.40 

(-74.61) 

149.84 144.43 148.27 146.73 150.45 

Sandstone, 

zone 1 

Ellipsoidal 73.04 75.61 76.17 78.57 75.48 79.57 68.27 

(-25.17) 

 Gaussian 70.93 74.32 74.14 77.49 72.90 74.29 67.06 

(-26.41) 

Sandstone, 

zone 2 

Ellipsoidal 62.60 52.54 

(- 27.00) 

63.86 55.38 58.43 58.22 61.36 

 Gaussian 65.95 52.54 

(- 28.21) 

66.12 55.44 58.43 58.30 61.36 

Siltstone, 

all zones 

Ellipsoidal 71.71 

 

60.34 

(-31.45) 

73.72 63.85 67.17 66.61 69.95 

 Gaussian 71.76 

 

56.76 

(-32.74) 

73.96 60.07 63.42 63.03 66.39 

Siltstone, 

zone 1 

Ellipsoidal 40.82 

(- 20.41) 

40.94 42.96 41.72 41.72 41.68 41.31 

 Gaussian 39.18 

(- 21.31) 

39.49 41.49 39.96 40.24 40.19 39.64 

Siltstone, 

zone 2 

Ellipsoidal 25.12 27.42 27.31 29.73 22.59 

(- 9.00) 

32.25 23.39 

 Gaussian 22.77 25.32 24.70 27.30 19.24 

(- 9.56) 

29.62 19.28 

(b) Model selection using the SPT data 

 Autocorrelation 

function model 

Trend function 

 Eq. 1(a) Eq. 1(b) Eq. 1(c) Eq. 1(d) Eq. 1(e) Eq. 1(f) Eq. 1(g) 

Sand, all 

zones 

Ellipsoidal 132.05 137.10 126.16 

(-60.68) 

130.20 134.00 126.83 131.35 

(-80.48) 

 Gaussian 198.30 203.72 163.53 

(-83.70) 

167.28 164.09 158.71 158.24 

(-95.74) 

Sand, 

zone 1 

Ellipsoidal 36.76 40.34 -1.49 0.19 -0.19 -6.66 

(3.97) 

-6.44 

 Gaussian 81.91 72.03 6.90 3.39 3.11 -5.81 

(1.66) 

-5.05 

Sand, 

zone 2 

Ellipsoidal 101.99 95.58 105.35 98.15 93.72 

(-47.50) 

100.71 96.07 

 Gaussian 112.31 104.18 113.80 105.50 97.10 

(-50.80) 

107.24 98.56 

Note: a: the values in brackets are logarithms of evidences. Only the evidences associated with minimum values 

of BIC are evaluated.  
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Captions of Figures 

Fig. 1. Two random field realizations of SPT parameter 

Fig. 2. Information of the UCS and SPT data 

Fig. 3. Zonation for the UCS and SPT data 

Fig. 4. Outliers of the SPT data 

Fig. 5. RMSEs, RMSREs and NPVs for different prediction schemes using the conditional random 

field method 
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(a) Detected boundary is between the 5th and 6th boreholes  (b) Detected boundary is between the 8th and 9th boreholes 

Fig. 1. Two random field realizations of SPT parameter 

 
(a) Plan view of the boreholes for rock data 

 
(b) Relative locations of the UCS data 
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(c) Plan view of the boreholes for soil data 

 
(d) Geological layers and relative locations of the sand data  

Fig. 2. Information of the UCS and SPT data 

         
(a) sandstones                                                                         (b) siltstones 
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(c) sand 

Fig. 3. Zonation for the UCS and SPT data 

           
(a) Zone 1 for the SPT data                                                   (b) Zone 2 for the SPT data 

Fig. 4. Outliers of the SPT data 
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(c) NPV 

Fig. 5. RMSEs, RMSREs and NPVs for different prediction schemes using the conditional random 

field method 
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Appendix 

The UCS and SPT data used in the example section, including UCS/SPT N60 values and associated 

coordinates, are summarized in Table 3. 

Table 3 Geotechnical data used for zonation 

(a) UCS data for siltstones and sandstones 

Siltstone Sandstone 
aPD  

(m) 

bEle  

(m) 

UCS 

(MPa) 

PD  

(m) 

Ele  

(m) 

UCS 

(MPa) 

PD  

(m) 

Ele  

(m) 

UCS 

(MPa) 

0.0 -30.1 50.5 177.7 -33.1 58.4 2320.1 -14.4 108.3 

92.3 -39.4 32.8 262.0 -31.4 28.7 2320.1 -27.9 57.7 

92.3 -43.5 63.3 350.4 -17.6 19.2 2408.8 -18.7 53.2 

262.0 -20.9 30.8 350.4 -26.4 82.0 2408.8 -31.1 55.6 

423.4 -23.0 53.9 350.4 -35.1 92.6 2514.0 -15.3 35.5 

513.1 7.4 13.2 423.4 -21.7 53.2 2514.0 -24.0 25.7 

592.3 -5.0 36.6 513.1 -16.0 44.9 2610.1 -26.0 22.3 

730.9 -18.1 31.8 513.1 -28.2 26.7 2813.0 -31.5 66.7 

1046.2 -6.8 15.4 592.3 -8.5 16.9 2898.5 -22.3 22.6 

1046.2 -8.3 22.2 592.3 -18.3 28.1 2898.5 -32.4 23.4 

1138.6 -20.0 37.4 592.3 -32.6 58.2 2986.4 -12.8 11.0 

1217.2 -28.5 19.5 730.9 -20.4 52.4 3006.3 -28.5 31.4 

1423.0 -30.9 14.8 730.9 -28.4 31.5 3102.5 -4.6 79.0 

1699.6 -21.4 8.8 730.9 -31.7 52.5 3102.5 -18.9 43.6 

1780.0 -9.0 19.4 828.5 -7.9 7.7 3194.1 -10.6 52.1 

1780.0 -16.2 16.1 906.1 -10.0 18.3 3194.1 -20.0 51.9 

2091.7 -21.2 7.4 906.1 -30.2 44.7 3194.1 -28.4 117.3 

2173.4 -14.2 22.5 1046.2 -25.9 81.5 3297.7 -5.4 81.3 

2173.4 -30.2 44.7 1138.6 -28.4 21.9 3297.7 -23.8 197.5 

2246.3 -9.4 28.2 1217.2 -32.4 75.1 3388.3 -10.2 99.2 

2408.8 -29.4 94.7 1423.0 -9.1 10.1 3388.3 -13.9 70.7 

2514.0 -30.7 25.3 1423.0 -14.1 8.8 3388.3 -24.2 104.9 

3006.3 -28.0 45.3 1497.1 -23.5 68.9 3388.3 -26.7 140.6 

3102.5 -23.0 66.6 1497.1 -27.0 7.6    
3102.5 -29.2 66.0 1699.6 -9.5 9.8    
3194.1 -8.7 54.0 1699.6 -11.7 11.2    
3194.1 -16.6 61.3 1699.6 -20.3 5.9    
3194.1 -24.4 45.9 1780.0 -22.2 23.7    
3297.7 -13.3 58.4 2173.4 -18.2 32.6    
3297.7 -29.7 105.8 2173.4 -24.2 41.7    
3308.5 -13.0 33.0 2246.3 -2.3 67.9    
3308.5 -14.0 27.2 2246.3 -6.1 52.9    
3308.5 -15.0 23.9 2246.3 -29.7 173.6    
3316.2 -3.0 44.5 2320.1 -7.0 52.6    
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(b) SPT data for sands 
aPD  

(m) 

bEle  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 

0.0 -14.4 25.4 216.9 -19.5 38.7 394.6 -40.1 44.9 531.9 -22.0 45.4 

0.0 -19.4 27.7 216.9 -20.5 55.6 404.3 -17.3 41.2 531.9 -23.0 46.2 

0.0 -20.4 26.2 216.9 -21.5 58.6 404.3 -20.3 36.1 531.9 -31.0 58.7 

0.0 -21.4 29.0 216.9 -22.5 47.8 404.3 -26.3 30.8 531.9 -37.0 43.5 

0.0 -22.4 27.7 216.9 -23.5 44.5 404.3 -29.3 58.1 554.8 -11.7 17.0 

0.0 -26.4 43.2 216.9 -24.5 35.9 404.3 -32.3 44.0 554.8 -19.7 30.2 

0.0 -27.4 61.1 216.9 -25.5 49.9 404.3 -35.3 58.2 554.8 -22.7 23.4 

0.0 -28.4 63.1 253.8 -14.4 20.8 411.1 -14.3 19.3 554.8 -28.7 57.9 

0.0 -34.4 61.3 253.8 -15.4 31.3 411.1 -16.3 24.8 561.4 -10.7 8.2 

5.7 -15.1 17.9 253.8 -17.4 37.8 411.1 -19.3 43.8 561.4 -11.7 12.9 

5.7 -18.1 33.3 253.8 -18.4 59.3 411.1 -25.3 35.2 561.4 -13.7 18.8 

5.7 -20.1 37.0 253.8 -19.4 59.7 411.1 -28.3 40.8 561.4 -16.7 41.2 

5.7 -23.1 33.3 253.8 -20.4 35.5 411.1 -31.3 43.3 561.4 -18.7 57.9 

5.7 -29.1 47.4 253.8 -21.4 34.8 411.1 -34.3 46.2 561.4 -19.7 46.9 

49.9 -14.2 26.7 253.8 -24.4 41.4 411.1 -40.3 35.5 561.4 -20.7 35.5 

49.9 -17.2 26.6 253.8 -25.4 54.3 411.1 -43.3 42.8 561.4 -22.7 65.4 

49.9 -20.2 29.1 253.8 -26.4 55.6 411.1 -46.3 38.0 561.4 -23.7 60.4 

49.9 -23.2 28.3 253.8 -27.4 64.3 411.1 -49.3 49.5 561.4 -26.7 51.7 

49.9 -24.2 29.4 253.8 -28.4 57.5 411.1 -52.3 47.0 576.8 -1.4 11.4 

49.9 -25.2 34.2 253.8 -31.4 59.9 414.7 -16.1 29.2 576.8 -2.4 15.8 

49.9 -26.2 30.6 253.8 -34.4 51.7 414.7 -19.1 44.3 576.8 -9.4 9.9 

74.9 -14.2 7.6 253.8 -37.4 47.2 414.7 -22.1 45.0 576.8 -12.4 11.9 

74.9 -15.2 16.8 285.8 -14.2 15.6 414.7 -28.1 67.5 576.8 -13.4 29.5 

74.9 -16.2 24.5 285.8 -17.2 43.3 414.7 -34.1 46.1 576.8 -14.4 22.8 

74.9 -17.2 25.7 285.8 -20.2 43.1 422.0 -12.0 11.1 576.8 -15.4 25.7 

74.9 -18.2 34.7 285.8 -23.2 41.5 422.0 -14.0 19.1 576.8 -22.4 51.9 

74.9 -19.2 22.9 285.8 -26.2 54.5 422.0 -15.0 24.2 576.8 -23.4 68.8 

74.9 -20.2 27.5 305.0 -14.4 26.7 422.0 -17.0 28.4 576.8 -26.4 55.9 

74.9 -22.2 48.8 305.0 -16.4 33.6 422.0 -19.0 38.2 576.8 -32.4 56.1 

74.9 -23.2 69.2 305.0 -18.4 39.1 422.0 -21.0 56.3 616.2 -7.4 12.9 

74.9 -24.2 68.8 305.0 -21.4 54.7 422.0 -25.0 72.2 616.2 -10.4 17.7 

74.9 -25.2 41.8 305.0 -24.4 55.6 441.0 -19.2 28.0 616.2 -13.4 52.7 

74.9 -29.2 51.4 305.0 -27.4 55.9 441.0 -25.2 35.6 616.2 -16.4 56.0 

74.9 -30.2 52.0 311.0 -15.1 32.4 441.0 -28.2 53.5 616.2 -17.4 52.4 

74.9 -31.2 56.9 311.0 -18.1 31.1 441.0 -31.2 60.2 616.2 -23.4 37.4 

74.9 -32.2 59.5 311.0 -21.1 48.7 441.0 -34.2 40.6 616.2 -26.4 55.6 

102.0 -12.4 8.1 311.0 -24.1 44.6 441.0 -37.2 39.7 616.2 -29.4 63.6 

102.0 -18.4 17.4 311.0 -27.1 62.3 441.0 -40.2 37.8 616.2 -32.4 57.2 

102.0 -21.4 43.3 311.0 -30.1 61.0 441.0 -46.2 34.3 636.8 -1.6 7.2 

102.0 -29.4 40.0 311.0 -33.1 47.1 441.0 -49.2 36.2 636.8 -27.6 51.5 

102.0 -34.4 53.3 339.9 -14.2 20.1 441.0 -55.2 39.7 648.9 -9.5 27.9 

102.0 -37.4 45.0 339.9 -16.2 30.1 472.9 -15.8 11.7 648.9 -11.5 46.2 

112.0 -16.2 44.0 339.9 -19.2 28.1 472.9 -16.8 28.2 648.9 -14.5 82.6 

112.0 -31.2 55.8 339.9 -22.2 38.6 472.9 -19.8 19.8 648.9 -17.5 61.0 

112.0 -34.2 50.9 339.9 -25.2 42.7 472.9 -20.8 47.9 648.9 -20.5 71.8 

160.2 -17.1 23.3 339.9 -28.2 42.8 472.9 -21.8 29.5 648.9 -23.5 40.8 

160.2 -19.1 30.8 339.9 -31.2 35.5 472.9 -30.8 47.6 680.4 -1.3 10.4 

160.2 -25.1 45.1 339.9 -34.2 48.7 472.9 -33.8 41.8 680.4 -8.3 23.6 

160.2 -37.1 40.6 339.9 -40.2 49.1 497.7 -17.1 13.3 680.4 -10.3 25.2 

187.8 -16.6 31.0 350.7 -15.5 32.9 497.7 -20.1 26.6 680.4 -13.3 40.5 

187.8 -17.6 38.3 350.7 -17.5 39.4 497.7 -23.1 23.6 680.4 -17.3 29.7 

187.8 -18.6 42.7 350.7 -20.5 47.8 497.7 -29.1 49.2 680.4 -23.3 54.9 
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Table 1(b) (continued) 

aPD  

(m) 

bEle  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 PD  

(m) 

Ele  

(m) 

N60 

187.8 -19.6 56.2 350.7 -26.5 59.4 521.1 -17.6 35.0 680.4 -31.3 57.0 

187.8 -21.6 43.4 350.7 -29.5 64.6 521.1 -20.6 49.1 690.1 -1.3 12.7 

187.8 -22.6 41.0 350.7 -32.5 53.0 521.1 -22.6 32.6 690.1 -9.3 26.9 

187.8 -23.6 44.9 354.2 -17.3 48.7 521.1 -25.6 26.6 690.1 -11.3 55.8 

187.8 -26.6 57.7 376.9 -17.3 28.5 521.1 -26.6 31.3 708.8 0.7 3.6 

187.8 -28.6 66.8 376.9 -20.3 61.9 521.1 -29.6 33.4 708.8 -1.3 25.2 

187.8 -30.6 59.2 376.9 -32.3 39.8 521.1 -32.6 55.5 708.8 -11.3 62.5 

209.8 -21.5 48.8 376.9 -35.3 57.4 521.1 -35.6 49.0 708.8 -14.3 40.2 

209.8 -24.5 37.6 376.9 -38.3 53.4 521.1 -38.6 35.5 708.8 -17.3 59.4 

209.8 -27.5 58.8 394.6 -13.1 16.9 521.1 -41.6 51.2 708.8 -26.3 67.3 

209.8 -33.5 54.5 394.6 -19.1 36.0 531.9 -18.0 17.3 754.3 -24.3 21.3 

216.9 -16.5 21.2 394.6 -28.1 66.3 531.9 -19.0 29.6 754.3 -27.3 32.7 

216.9 -18.5 36.9 394.6 -34.1 56.3 531.9 -21.0 54.4    

Note: aPD = projection distance; bEle = elevation. 

 


