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ABSTRACT 

In surficial lithologic mapping, geologists use remotely sensed data prior to fieldwork, however, the utility 
of these datasets are limited due to vegetation cover. Thus, the use of other sources of information about 
chemical and physical properties of rocks such as geochemical data (e.g., from stream sediment samples) 
and airborne geophysical data (e.g., radiometric data) becomes important. In this study, two clustering 
algorithms, partition around medoids (PAM) and model-based clustering (Mclust) were performed in 
stream sediment geochemical (SSG) and airborne-gamma-ray (AGR) data as well as in SSG and AGR 
together to map surficial lithologies in vegetation-covered areas in Central Part of British Columbia 
Province-Canada. Prior to clustering two approaches, conventional and compositional (CoDa), were 
applied to SSG and AGR data in order to study the influences of closure problems within the data. In 
SSG data analysis, clustering was applied using all 13 elements and selected nine elements. In addition, two 
types of data integration was done SSG all element and AGR (Reference Data I); and SSG selected 
element and AGR (Reference Data II). Overall accuracy and kappa coefficient was computed for the 
results and, two references were used to assess accuracy of the classification which is simplified existing 
lithological map (Reference Data I) and the lithological map based on the interpretation of airborne 
magnetic data (Reference Data II).  
 
The study results reveal that Mclust and PAM clustering could be alternatives techniques for classifying 
stream sediment geochemical data to help lithological mapping in an area with limited information. The 
images of their results depict pattern similarities to the existing litholigical map. In addition, the 
assessments of the results show moderate accuracy up to 51% and 0.41 for overall accuracy and kappa 
coefficient, respectively. Furthermore, for a large homogeneous lithology, the producer’s accuracy is quite 
high up to 80%. Moreover, in general, the application of CoDa approach in data preparation to both SSG 
and AGR data do not produce better accuracy than conventional approach. The assessments show the 
differences between the application of CoDa and conventional approach reach up to 10% and 0.1 for 
overall accuracy and kappa coefficient, respectively. 
 
The integration of SSG and AGR data produces better results than those using both SSG and AGR data 
separately. The percentage accuracies of integration data compare to their separated data increase quite 
significant up to 17% and 0.15 for overall accuracy and kappa coefficient, respectively. In addition, Mclust 
produces better classifications for lithilogical mapping relatively to PAM clustering base on both 
qualitative and quantitative assessments. Qualitatively, from visual evaluation, the patterns of Mclust 
results are more similar to lithological patterns in the existing lithological map than PAM clustering. 
Quantitatively, assessments results in each separated data (SSG or AGR) show up to 5% and 0.7 
differences for overall accuracy and kappa coefficient, respectively, whereas for the integrated data (SSG 
and AGR) produces non-significant difference results (1% and 0% differences for overall accuracy and 
kappa coefficient, respectively). Therefore, Mclust could be applied to integrate and classify SSG and AGR 
data for lithological mapping in regional scale. 
 
Keywords: closure problems, compositional data (CoDa), partition around medoids (PAM), model-based clustering 
(Mclust), airborne magnetic, British Columbia Canada 
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1. INTRODUCTION 

1.1. Background 
A lithological map provides both bedrock and surface geology information, which is important in many 
disciplines for various purposes such as natural resources exploration, geohazard management and city 
planning. A lithological map is one of the most crucial information in order to discover natural resources, 
e.g., hydrocarbon (oil, natural gas and coal), mineral and groundwater. In geohazard management, 
lithological maps are becoming important inputs in modelling of geohazards such as landslides and 
flooding to determine risk and safe zones. In civil engineering, a lithological map has great importance in 
many activities, e.g., excavation of road cuts. For city planners, it is an advantage to have a lithological map 
in order to determine settlement areas (Lisle, 2004). In mineral exploration, lithological maps with both 
bedrock and surficial geology information are used to understand geological process such as 
mineralization to support exploration activities (Smith, 1996). 
 
Besides the conventional method of field work to map lithology, analyses of remote sensing data such as 
spaceborne spectral imagery and airborne geophysics have become important methods of lithological 
mapping because of their advantage to cover large and inaccessible areas compared to fieldwork. The 
capability of remote sensing data to provide synoptic views of large areas is great importance in 
lithological mapping at regional to district scales because they allow geologists to obtain lithological 
information even before going on fieldwork. Remote sensing data have also been used widely to update 
existing lithological maps because they provide lithological information in unvisited places that 
significantly outnumber the places that can be visited during fieldwork. However, integration of fieldwork 
and remote sensing data is even more important in lithological mapping. 

1.2. Previous works 
Lithological mapping, in areas of various climates, has been approach in various ways. In arid and semi-
arid areas, lithological mapping has made use of optical remote sensing data, e.g., Landsat TM (Alberti et 
al., 1993; An et al., 1995) and ASTER (Gomez et al., 2005; Ninomiya et al., 2005; Rowan and Mars, 2003). 
Other advanced optical remote sensing data such as airborne hyperspectral images are now also being 
employed for lithological mapping (Bedini, 2009; Rowan et al., 2004). In tropical areas, where cloud cover 
and vegetation significantly hinder spectral remote sensing, airborne geophysical data are more useful then 
multispectral or hyperspectral data for lithological mapping (An et al., 1995; Graham and Bonham-Carter, 
1993; Martelet et al., 2006). 
 
In terms of fieldwork data, geochemical data from various sampling data, aside from lithological 
observations have been exploited to recognize lithologies using various statistical techniques. For example, 
Kerr and Davenport (1990) used composite variables derived from multivariate analysis of multi-element 
lake sediment and water geochemical data to reveal spatial patterns related to bedrock geology in 
Labrador-Canada. Shepherd et al. (1987) applied a non-hierarchical k-means clustering technique to soil 
geochemical data to reveal subtle spatial patterns that were useful in lithological mapping of the very 
poorly exposed basic-ultrabasic Lizard Complex South-West England. Cocker (1999) analyzed alkali 
elements in stream sediment samples to assist regional lithologic mapping in Georgia. Stendal (1978) and 
(Bellehumeur et al., 1994) have demonstrated the usefulness of heavy minerals in stream sediments to 
assist mapping of bedrock geology. Rantitsch (2000) demonstrated the application of fuzzy-c clustering of 
stream sediment geochemical data to separate four different lithologies in a geologically complex area of 
the Eastern Alps (Austria). Recently, Ranasinghe et al. (2009) have shown the capability of stream 
sediment geochemical data for describing upstream regional and local-scale lithological changes in 
complex high-grade metamorphic terrains in Sri Langka. 
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1.3. Research problems 
Surficial lithologic mapping in vegetation-covered areas is not simple task for geologists. The situation is 
worse when, in those areas, only limited outcrops of rocks exist. For lithological mapping in those areas, 
geologists usually have to derive optimum prior information from available remote sensing data before 
going on fieldwork. Nevertheless, the use of satellite spectral images will be limited because of vegetation 
cover. Therefore, in addition to field data, the use of surficial geochemical data (e.g., from stream sediment 
samples) and airborne geophysical data (e.g., radiometric data) becomes important sources of information 
about the chemical and physical properties in those areas. 
 
Stream sediment and airborne gamma-ray data contain geochemical properties; thus, it will be 
advantageous to integrate information from these data sets. Stream sediment data are point data with 
irregular pattern of sample locations and non-uniform sampling density because the samples are taken by 
following rivers. Stream sediment data usually contain concentrations of many elements. In contrast, 
airborne gamma-ray data contain concentrations of only three elements but these data have regular 
sampling pattern and uniform sampling density. Consequently, when these two types of data are 
integrated, the strength of one data type compensates the weakness of the other. For example, the 
multiple elements in stream sediment data compensate for the only three elements in airborne gamma-ray 
data. In addition, the high sampling density of airborne gamma-ray would result in integrated data with 
higher spatial resolution than the stream sediment data.   
 
However, a problem that arises when integrating airborne gamma-ray and stream sediment data is in 
representing point data of stream sediment into continuous data because stream sediment samples 
represent only materials within catchment basins of every sampling site. Some authors tried to find 
appropriate technique for representing stream sediment geochemical data. Bonham-Carter et al. (1987); 
Carranza and Hale (1997) and (Spadoni et al., 2004) applied catchment basin approach to represent stream 
sediment data. This approach considers that stream sediment samples represent several sources and 
processes within catchment basins of every sampling site. The sources and processes include minerals of 
bedrock, minerals formed during weathering, minerals typical of mineralization, and anthropogenic 
substances (Howarth, 1984; Naseem et al., 2002). Robinson et al. (2004) demonstrated the use of inverse 
distance weighting (IDW) and kriging interpolation in order to observe regional-scale spatial variation of 
stream sediment and water geochemical data in New England (USA). Recently, Carranza (2010) explained 
that representing stream sediment geochemical data as discrete or continuous landscapes depend on 
mapping scale. For regional scale (e.g., 1:100.000 or smaller), representing stream sediment geochemical 
data as continuous landscapes by interpolation technique is plausible because its purpose to delineate 
anomalous areas for further investigations at higher scales could be achieved, whereas representing the 
data as discrete landscapes such as sample catchment basins could be both tedious and impractical.  
 
Other problems that might rise in using geochemical data such as from stream sediments or airborne 
gamma ray data are related to “closure” that is inherent in compositional data such concentration of 
elements. Compositional data are characterized by its relative contained information because the data are 
ratio values (e.g., expressed as ppm, %, etc.) but not absolute values. Other characteristics of 
compositional data are that they always have positive values and the sums of the element data per sample 
are constrained to a constant value (k) such as 100 wt% or 1,000,000 ppm. Therefore, compositional data 
always have limited range between 0 and k (Pawlowsky-Glahn and Egozcue, 2006). One of the problems, 
which might is caused by this closure property of geochemical data, is the skewed data distribution which 
means not following a normal distribution. Direct application of statistical techniques to the non-normally 
distributed data could produce improper results because many statistics techniques rely on the assumption 
of normal data distribution. Moreover, data transformation such as logarithmic transformation is a 
common technique in order to solve this problem. However, according to Filzmoser et al. (2009a), 
conventional data transformations such as logarithmic transformation do not solve problems associated 
with closure property of compositional data. Furthermore, Pawlowsky-Glahn and Egozcue (2006) 
explained that closure-related problems also produce less or no significant information in geologic sense 
when multivariate techniques such as principal components analysis are applied. Other problem associated 
with closure is untrue correlation among compositional variables, which is caused by the ratio values that 
are contained to a constant sum in compositional data.  



INTEGRATION OF STREAM SEDIMENT GEOCHEMICAL DATA AND AIRBORNE GAMMA-RAY DATA FOR SURFICIAL LITHOLOGIC USING CLUSTERING METHODS 

3 

1.4. Research objectives 
The main objective of the research is to map surficial lithologies in vegetation-covered areas to assist field 
work preparation for lithological mapping by integrating stream sediment geochemical data and airborne 
gamma-ray data in regional scale. The following sub-objectives are composed in order to achieve the main 
objective:  

• To quantify the significance of compositional data approach application in stream sediment 
geochemical and gamma ray data for surficial lithologic mapping; 

• To perform clustering methods in stream sediment geochemical and airborne gamma-ray data for 
mapping the lithologies; 

• To perform clustering methods for integrating stream sediment geochemical and airborne 
gamma-ray data as applied to surficial lithologic mapping. 
 

The present research used clustering methods in order to integrate stream sediment geochemical data and 
airborne gamma-ray data. These methods were chosen because they are unsupervised and, thus, are 
appropriate in areas where no or little a-priori information about the objects to be mapped is available. 
Moreover, clustering methods are independent of grid size and, thus, are more robust to the influence of 
significant spatial resolution differences such as between stream sediment and airborne gamma-ray data. 
The two clustering algorithms used in this research are Model-based clustering (Mclust) and Partition 
Around Medoids (PAM), representing respectively model-based and distance-based clustering. In 
distance-based clustering, cluster members are determined by calculating the distances between the 
samples. In model-based clustering, clusters are determined by selecting an appropriate model for the data. 
Furthermore, both of those clustering techniques were chosen because their algorithms are robust to 
existence of outliers in data (Gan et al., 2007; Kaufman and Rousseeuw, 2005). These two methods were 
also applied to stream sediment geochemical data and airborne gamma-ray data in order to investigate the 
difference in the performance with respect to these two types of data.  

1.5. Research questions 
The research attempted to answer the following questions: 

• Could stream sediment geochemical data be used to assist lithological mapping in vegetation-
covered areas where no or little a-priori information about underlying rock units is available? 

• Does the application of compositional data (CoDa) analysis to stream sediment geochemical data 
and airborne gamma-ray data produce better results than conventional methods? 

• Is clustering results using integrated data of stream sediment geochemistry and airborne gamma-
ray produce better results than those using stream sediment geochemical or airborne gamma-ray 
data separately? 

• Which clustering technique – Mclust or PAM – gives better result for surficial lithologic mapping 
based on surficial geochemical datasets?  

1.6. Study area 

1.6.1. Location 
The study area is situated at regional district of Bulkley-Nechako in Northern-Central of British Columbia 
province (figure 1-1). The area was chosen due to its characteristics and data availability that appropriate with 
the objectives of the research such as vegetation-covered areas (Delong, 1996). Regarding to data 
availability, besides input data such as stream sediment geochemical and airborne gamma-ray data, reliable 
geologic map for validation is also available. In addition, the dominant landform of this regional district is 
the Nechako plateau. The areas consist of Bulkley Valley, the northern part of the Nechako District, and 
the Omineca District, including portions of the Hazelton Mountains and Omineca Mountains in the west 
and north of the regional district, respectively (http://en.wikipedia.org/wiki/Regional_District_of_Bulkley-
Nechako). The study area bounded by geographic coordinates (372750 mW, 6095500 mN) and (423500 
mW, 6134500 mN) and covers an area of ~ 2,000 km2. 
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1.6.2. Geology 
The area is dominantly underlain by the Quesnel Terrane or Quesnelia. Two groups of rocks form this 
terrane, the Takla Group at the northern part and the Nicola Group at the southern part. The terrane is 
intruded by the northwest-elongate Hogem batholiths. The Takla Group consists of sedimentary units of 
Late Triassic in age. This group is overlain by volcanic, pyroclastic, and epiclastic rocks; and intruded by 
early a Jurassic pluton. Augite phyric rocks are dominant with plagioclase and hornblende (Nelson et al., 
1992; Nelson, 1991). Takla Group volcanics are unusually K-rich and alkalic (Delong, 1996). 
 
Nelson (1991) divided the Takla Group into four interfingering formations, the Rainbow Creek, Inzana 
Lake, Witch Lake and Chuchi Lake Formations. In stratigraphy, Rainbow Creek is the lowest unit overlain 
by the Inzana Lake, Witch Lake and Chuci Lake Formation, in upward sequence. The Rainbow Creek 
Formation is comprised of dark grey to black slates or phyllites with interbeded quartz-rich siltstone and 
sandstone. The Inzana Lake Formation consists of epiclastic and sedimentary rocks with minor pyroclastic 
rocks. The Witch Lake Formation is dominated by an augite porphyry suite, which was produced from 
explosive intermediate volcanism. The Chuchi Lake Formation is made up of volcanic rocks with andesitic 
to latite-andesite composition. The phenocryst assemblage of these volcanic rocks is dominated by 
plagioclase with variable amounts of augite and hornblende (Delong, 1996; Nelson, 1991). 
 

 
Figure 1-1 Location of study area (in red polgyon) in the northern central part of the British Colombia Province 

 
Figure 1-2 is simplified lithologic map, which was used for validation of results of this study. The geologic 
map from Massey et al. (2005a, b, c,d) were simplified base on regional geologic map from Nelson (1991). 
The lithological units were divided according to age group. For sedimentary rocks, the lithological units 
were divided into four lithological units based on age (from Proterozoic to Quaternary). Small lithological 
units such as ultramafic rocks and metamorphic rocks were merged with the larger lithological unit 
wherein they lie. Intrusive rocks comprise two formations, which are the Chuchi Syenite and Klawli 
Pluton Formations. Two formations, the Chuchi Lake Succession Formation and Witch Lake Formation, 
comprise volcanic rocks. Therefore, there are six lithological units for validation which are Intrusive 
Rocks, Volcanic Rocks and four sedimentary rocks units. The four sedimentary rocks units are 
Sedimentary Rocks 1 which comprises of sedimentary rocks from Jurassic to Quaternary, Sedimentary 
Rocks 2 that is contained sedimentary rocks from Triassic to Jurassic and small parts of metamorphic 
rocks, Sedimentary Rocks 3 which are constituted by sedimentary rock from Ordovician to Jurassic and 
Sedimentary Rocks 4 that comprises sedimentary rock from Proterozoic to Ordovician and small parts 
metamorphic rocks. The subset maps from the map shown in figure 1-2 that were used for validation of the 
results of the study are shown in appendix 1-1. 
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Figure 1-2 Simplified geological map used for validation of results (modified from Massey et al., 2005a, b, c, d) 

The study area lies between two regional-scale northwest-trending fault systems (figure 1-3). The Pinchi 
Fault system lies at the western part and the Manson-McLeod Faults at eastern part belong to the 
Northern Rocky Mountain Trench Fault system (Nelson et al., 1992; Nelson, 1991). 
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2. STREAM SEDIMENT GEOCHEMICAL DATA ANALYSIS 

2.1. Introduction 
Analyzing stream sediment geochemical data in this chapter aims to achieve two purposes. The first is 
performing unsupervised classification, in this case using clustering methods, to stream sediment 
geochemical data in order to help lithological mapping. This analysis is based on the assumption that in 
the area there is little or no a-priori information about the underlying rocks. Two clustering algorithms, 
Model-based clustering (Mclust) and Partition Around Medoids (PAM), were applied. The second aim is 
to investigate the application of compositional data (CoDa) approach to the data.  

2.2. Description of stream sediment geochemical datasets 
Stream sediment geochemical data used here were collected by Geological Survey of British Columbia 
during a National Geochemical Reconnaissance Program of Canada (NGR) that began in 1975. The data 
were sampled from the first and/or second order streams, producing average density about a sample per 
13 km2. The samples were taken from active part of stream channel with two-thirds of the sample paper 
bag was filled with silt or fine sand. In the laboratory, the samples were air dried at temperature below 
40°C and sieved using a minus 80-mesh (177 μm) screen. The samples were analyzed for base and 
precious metals, pathfinder elements and rare earth elements by instrumental neutron activation analysis 
(INAA) and inductively coupled plasma mass spectrometry (ICP-MS). For quality control, control 
reference and blind duplicate samples were inserted into each block of twenty stream sediment samples 
(Jackaman and Balfour, 2008). 
 
The stream sediment geochemical data were downloaded from the Geoscience Data Repository of 
Natural Resources Canada website (http://gdrdap.agg.nrcan.gc.ca/geodap/home/Default.aspx?lang=e), 
then subset to the research area. The data consist of sixteen elements (Zn, Cu, Pb, Ni, Co, Ag, Mn, Fe, 
Mo, Hg, Sb, As, Ba, Ce, Cr and Rb) with 2,478 sampling points including 284 duplicate samples. The 
concentrations of elements were measured in ppm, except for Fe in percentage whereas Ag and Hg were 
measured in ppb. Duplicate samples were used to analyze data quality and were excluded from statistical 
analysis.  

2.3. Methodology 
Methodology is divided into five stages which are, data quality assessment, data preparation, clustering, 
post-clustering and clustering assessment (figure 2-1). Two techniques were applied to assess the quality of 
the stream sediment data in order to select elements to be used in the next analysis. In data preparation, 
two approaches were performed, conventional and CoDa approach. In conventional approach, some data 
processes were applied as suggested by Reimann et al. (2008) before applying multivariate analysis for 
getting comparability (equality) of the variance whereas the aim of the processes in the CoDa approach is 
to transform the data into appropriate feature space. It is because when the data are treated as CoDa, they 
lie on different feature space thus certain transformations are needed before applying multivariate analysis 
(Filzmoser et al., 2009a, b). The feature space for CoDa, so-called Simplex (S), accommodates all CoDa 
characteristics as explained in section 1.3. Furthermore, two clustering algorithms were used to classify 
stream sediment geochemical data. Some post-clustering processes such as rasterizing, reclassification and 
filtering were conducted before the calculation of overall accuracy and kappa coefficient. 
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2.3.1. Data quality assessments 
The quality of the stream sediment geochemical data was assessed by two methods, Thompson-Howarth 
plot and analysis of variance (ANOVA). The rgr package of R was used for making the Thompson-
Howarth graph and for ANOVA calculation (Garrett, 2010). 

2.3.1.1. Precision analysis 
Precision is the degree of closeness between test results obtained under certain standards. It denotes a 
distribution of random errors (Reimann et al., 2008). Thompson (1983) defined precision (P) as: 

                                                                 ܲ ൌ   ଶௌ೎
஼
 ൈ 100%                                                     Equation 2-1 

where Sc and C are, respectively the standard deviation and the mean of data from duplicate samples. The 
precision of duplicate samples can be analyzed graphically using the Thompson-Howart plot. The data are 
plotted by first calculating the means and absolute differences of duplicate analyses. The absolute 
differences are plotted as a function of the mean concentrations (Howarth, 1983). 
 
The model of Thompson-Howarth plot is used to test the quality of the data. Data input for the model 
consist of relative standard deviation (RSD) and the percentile value. RSD of the population is percentage 
of the ratio of standard deviation to mean value. The value of 5% of RSD is equivalent to 10% precision 
at two times of standard deviation in equation 2-1. The percentile line is associated with a half-normal 
distribution. For example, the 95th-percentile line means that there are 5% of odd values in the population.  

2.3.1.2. Analysis of Variance (ANOVA) 
Analysis of Variance (ANOVA) was employed to assess data quality in term of data precision. ANOVA 
test can be used to explain data variances in a data population. Variance in data population is defined as 
the average of the square of a measure of deviation of the values to their mean (equation 2-2). 
 

                                                           ∑
=

−=
n

i
i )X(

n 1

22 1 μσ                                 Equation 2-2 

where σ is the variance, µ is the mean, Xi is individual measurements of element concentrations and n is 
the number of duplicate samples (Swan and Sandilands, 1995).  Deviation of the values from their mean is 
caused by random variations in the sample population; procedural errors, and inhomogeneity of the 
samples. However, the variances due to procedural errors and heteogeneity of the samples are not easy to 
separate, thus total variance could be written as the sum of sample variance ( 2gσ ), and procedural variance 
( 2pσ ). 

                                                                222 gpt σσσ +=      Equation 2-3 

Since duplicate samples are a subset of the sample population, the above equation can be written as: 

                                                             gpt MSMSMS +=      Equation 2-4 

where MS is the mean of squares, which is calculated using the following formula: 

                                                        
( )

n
X

XSS
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t
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1

1

2 ∑∑ −=     Equation 2-5 
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1 ∑∑ ∑ −=     Equation 2-6 
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                                                               gtp SSSSSS −=     Equation 2-7 

                                                                   
)i(

SS
MS g

g 1−
=      Equation 2-8  

                                                                  
)j(i

SS
MS p

p 1−
=      Equation 2-9 

where: 
SSt = total sum of squares 
SSg = sum of squares due to geochemical variance 
SSp = sum of squares due to procedural variance 
MSg = mean of squares of geochemical variance 
MSp = mean of squares of procedural variance 
X = individual measurements of element concentrations 
i = number of samples with duplicate measurements  
j = number of measurement within each group  
n = ij = total number of measurements 
 
A F-test is used to estimate the significance of the geochemical data variance. A F-value, calculated from a 
ratio of MSg to MSp, is compared with a critical F-value at certain significance level for particular number 
of degrees of freedom. If the F-value is less than the critical Fc, it means that procedural error is too large 
such that the measurements obtained are not sufficient to denote geochemical variations within an area. 
Therefore, in order to get a clear pattern in natural geochemical variance, the procedural error, MSp should 
not exceed 20% of the total variance (Ramsey et al., 1992). 

2.3.2. Data preparation 

2.3.2.1. Missing data imputation 
Sample points with missing values of element concentrations need pre-treatment before any statistics 
method could be applied. In multivariate analysis, samples with missing information could not simply be 
removed as in univariate analysis. Removing sample points will cause loss of available measurements for 
analysis. Thus, filling in the missing values with appropriate values in sample points or imputing the data is 
becoming an alternative way than just deleting the sample points.  
 
A k-nearest neighbours (k-nn) imputation method was applied to fill up missing values for several sample 
points in the stream sediment geochemical dataset. The k-nn imputation method use Euclidean distance 
to find k number of the nearest neighbours points of the element containing a missing value among 
observation elements and to replace missing value by using available element variable information of the 
neighbours (Hron et al., 2010; Troyanskaya et al., 2001). Troyanskaya et al. (2001) suggested applying 
logarithmic transformation to the data before applying the method to overcome sensitivity to outliers 
because of the use of Euclidean distance. In CoDa, the same principal of k-nn imputation is also applied. 
However, CoDa have its own feature space, Simplex (S), thus Aitchinson distance is preferred to be used 
than Euclidean distance due to differences of feature space (Hron et al., 2010). The impute package in R 
from Hastie et al. (2010) was employed to impute the missing values for conventional approach whereas 
robComposition package for compositional data (Templ et al., 2010). 
 

2.3.2.2. Conventional approach 

Univariate  statistical  analysis 
Univariate statistical analysis was used to investigate data distribution due to necessity in symmetric shape 
in data distribution and comparable magnitude value range for multivariate analysis including cluster 
analysis (Reimann et al., 2008; Templ et al., 2008). Significant differences in range value could cause 
spurious pattern due to dominance of particular components.  Thus, when data are not following the 
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above conditions, it is important to apply some processes such as data transformation before applying 
multivariate analysis. 

Data transformation and standardization 
Data transformation and standardization are applied when the data are not showing a symmetrical shape 
of data distribution with comparable magnitude value range. Transformation is chosen based on skewness 
that is nearest to zero. The zero skewness value usually shows symmetric shape of data distribution even it 
is not necessary. Standardization using Median Absolute Deviation (MAD) and median, which was 
developed by Yusta et al. (1998), equation 2-10, was employed in order to make comparable data range. 
This type of standardization is preferred to be employed than standardization using mean and standard 
deviation because its robustness to existence of outlier data (Carranza, 2008; Reimann et al., 2008). The 
formula is as shown below:   

                                                          ܼ௜௝ ൌ
௑೔ೕି௠௘ௗ௜௔௡ೕ

ெ஺஽ೕ
                                                Equation 2-10 

 
where  

ܦܣܯ                                             ൌ ݉݁݀݅ܽ݊ሾ| ௜ܺ െ ݉݁݀݅ܽ݊ሺ ௜ܺሻ|ሿ                                Equation 2-11 

X = measurements of element concentrations 
I = sample number  
J = element number  

2.3.2.3. Compositional data approach 
In the CoDa approach, two transformations were applied to the data, which are closure operation and 
isometric log ratio (ilr) transformation, after all data were converted into the same unit. The closure 
operation was applied because not all geochemical element concentrations were measured in the sample, 
thus the data are considered as sub-compositions of stream sediment geochemical data. The sub-
composition is obtained when not all elements of the samples are measured or only particular elements are 
interesting to be analyzed. The closure operation is needed to make sub-composition data as the ‘close’ 
data, thus the operation for compositional data can be applied to the data. If the full composition of 
stream sediment geochemical data is formulated as x=C[x1, x2, ..., xD] in SD then the data as a group of 
part is defined by a set of r subscripts; let R = (i1, i2, ..., ir) be such a set, pointing out the parts xi1, xi2, ..., 
xir. The R-subcomposition of x is defined as composition in Sr. 

;ݔሺܾݑݏ                                                     ܴሻ ൌ ,ଵݔሾܥ ,ଶݔ ,ଷݔ … ,  ௡ሿ                                        Equation 2-12ݔ

where the closure only affects the r parts in the R-group with C is the closure operation. Thus, the 
Equation 2-12 can be written as: 

;ݔሺܾݑݏ                                                    ܴሻ ൌ ,ଵݔሾܥ ,ଶݔ … ,   ௡ሿݔ

                                                                    ൌ  ൤ ௫భ .௞
∑ ௫೔೙
೔సభ

, ௫మ.௞
∑ ௫೔೙
೔సభ

, … , ௫೙.௞
∑ ௫೔೙
೔సభ

൨                               Equation 2-13 

with k is a constant, e.g., k=1 if the data are fractions or k=100 if the data are percentage (Filzmoser et al., 
2009a; Pawlowsky-Glahn and Egozcue, 2006). After the closure operation was applied to the data, the ilr 
transformation was performed. This transformation makes the geometry of feature space of CoDa 
(simplex, S) the same as that of Euclidean feature space. Thus, the distance among points in CoDa after ilr 
transformation is the same as Euclidean distance; therefore, multivariate analysis, such as cluster analysis, 
could be applied directly. The formula for ilr transformation is as follow:  
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௜ݖ                                                ൌ  ට
௜

௜ାଵ
log

ට∏ ௫ೕ೔
ೕసభ

೔

௫೔శభ
           for   ݅ ൌ 1,2, … , ݊ െ 1                Equation 2-14 

with z=(z1, z2,..., zn-1) is result of ilr transformation (Egozcue et al., 2003). All processing for CoDa 
approach was performed using compositions which is the R package developed by Van den Boogaart and 
Tolosana-Delgado (2008) and Van den Boogaart et al. (2008). 

2.3.3. Clustering methods 
The main purpose of clustering is to find patterns such as groupings in characteristics or behaviours 
within observation datasets. In this chapter, observation data are measured as element concentrations of 
stream sediment geochemistry. The data, based on their characteristics, are classified into 
groups/clusters/classes based on particular similarity/dissimilarity criteria. The aim of clustering 
algorithms is to minimize the dissimilarity objects within a group. Consequently, objects with a high 
degree of similarity are classified into the same cluster.  
 
Furthermore, according to similarity/dissimilarity criteria, clustering algorithms could be divided into two 
approaches, distance-based and model-based approaches (Gan et al., 2007; Reimann et al., 2008). The 
distance-based approach clustering algorithm determines cluster members by calculating the distances 
between the samples; whereas the model-based by selecting appropriate model for the data as shown in 
(appendix 2-1).  
 
A common type of distance measurement used in a clustering method is Euclidean distance, as formulated 
in equation 2-15. 

                                                           ݀ሺݔ, ሻݕ ൌ ൫∑ ሺݔ௝ െ ௝ሻଶௗݕ
௝ୀ௜ ൯

భ
మ                                                Equation 2-15 

where; x and y are two data point, x = (x1, x2, ..., xn), y = (y1, y2, ..., yn) and i=(1,2,...,nሻ. 
 
PAM clustering and Mclust, representing distance-based and model-based approaches, respectively, were 
applied to the data. Both of these clustering techniques were chosen because of their robustness technique 
to outlier data (Gan et al., 2007; Kaufman and Rousseeuw, 2005). In addition, Templ et al., (2008) stated 
that partitioning method such as PAM performs better than hierarchy method for large data and the 
results from model-based clustering are more reliable and interpretable. Therefore, these two techniques 
were chosen for the purpose of comparing the performance of distance- and model-based clustering 
algorithms in classifying the multivariate geochemical to assist lithological mapping. 

2.3.3.1. Constraints in using clustering methods 
Some problems which arise in using heuristic clustering algorithm such as PAM clustering are in 
determining “correct” cluster number and selecting “appropriate” components to be included. In 
determining correct cluster number, for distance-based, Templ et al. (2008) suggested to use plot for sum 
of squares of ratio distance within and between clusters versus cluster numbers (ratio plot). The cluster 
number is determined at the point where there is abrupt change in trend. However, sometimes the plot is 
showing no or several optimum indicators points. Especially for PAM clustering, Kaufman and 
Rousseeuw (2005) suggested to use Silhouette Coefficient (SC) value, which is defined as the maximum 
average silhouette width for entire data set. Cluster number is selected at which the SC value reaches a 
maximum value. The maximum value depicts that the cluster reach probable the most natural 
classification. The small value of SC describes that the data are not well separated but ambiguous in 
several clusters. In addition, as a reference, the subjective guidance to interpret SC value could be used 
(appendix 2-2). Furthermore, in selecting components to be included, dendogram and principal component 
analysis could be used; however, their application to an area where little or no a-priori knowledge is 
available is not a trivial task and more subjective depend on the experiences. However, in model-based 
clustering, those two constrains could be resolved automatically. Algorithms from Raftery and Dean 
(2006) and Raftery (2009) could used to select components to be included in clustering; whereas the 
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optimum cluster number is determined automatically in Mclust algorithm. The selection by the algorithm 
is according to Bayesian Information Criterion (BIC).  

2.3.3.2. Model-based Clustering (Mclust) 
The Mclust algorithm optimizes the fit of the shape between the data and the models. The algorithm 
chooses cluster shape models and assigns memberships of individual samples into particular clusters. A 
cluster is describes by density of multivariate normal distribution with a particular mean and covariance. 
For this purpose, the Expectation Maximisation (EM) algorithm is used. This algorithm is applied to 
several clusters and with several sets covariance matrices of the clusters. The best model with certain 
cluster number was determined by the highest BIC value (Fraley and Raftery, 2002; Fraley and Raftery, 
2006; Reimann et al., 2008; Templ et al., 2008). 
 
Gan et al., (2007) divided model-based clustering algorithm into three main steps. First is initializing the 
EM algorithm using the partitions from model-based agglomerative hierarchical clustering. Then, the 
parameters are estimated using the EM algorithm. The last step is choosing the model and the number of 
clusters according to the BIC (Fraley and Raftery, 2002; Gan et al., 2007). The models of Mclust can be 
seen in appendix 2-1. R package from Fraley and Raftery (2002; 2006), mclust package, was employed to 
transformed data both for conventional and CoDa approach.  

2.3.3.3. Partition Around Medoids (PAM) clustering 
The aim of PAM algorithm is to minimize sum average distances to the cluster medians. These medians 
are representative objects which represent the structure of the data. These medians are so-called medoids 
of the cluster. The first step in the algorithm is to set number of medoids (k) then k clusters are 
constructed by assigning each object of the dataset to the nearest medoids. The nearest criterion is 
determined base on Euclidean distance or Manhattan distance. In this research, Euclidean distance was 
employed. 
 
According to Kaufman and Rousseeuw (2005), the algorithm of PAM clustering is as follow. Let set of 
objects is denoted as X = {x1, x2, ..., xn} and the dissimilarity between objects xi and xj denoted by d(i,j). 
The algorithm consist two steps. First is selecting of objects as medoids in cluster: yi is defined as binary 
variable (1 or 0). The value of yi  will equal to 1 if the object xi (i=1,2,..., n) is selected as a medoids. Second 
step is to assign each object x୨ to one of the selected medoid. The value of zij  is also binary value (0 or 1). 
The zij has value of 1 if and only if the object x୨  is assigned to cluster of which xi is the medoid. 

                                                          minimize  ∑ ∑ dሺi, jሻ୬
୨ୀଵ

୬
୧ୀଵ z୧୨                                       Equation 2-15    

subject to 

∑ z୧୨ ൌ 1,          j ൌ 1,2, … , n୬
୧ୀଵ   

z୧୨ ൑   y୧,          i, j ൌ 1,2, … , n 

                                                   ∑ y୧ ൌ k,   k ൌ number of cluster୬
୧ୀଵ   

y୧, z୧୨   א ሼ0,1ሽ,         i, j ൌ 1,2, … , n 

thus the dissimilarity of an object j and its medoid is as following 

                                                                      ∑ ݀ሺ݅, ݆ሻݖ௜,௝௡
௜ୀଵ                                                    Equation 2-17 

because all objects must be assigned, the total dissimilarity can be written as in equation 2-17. The PAM 
clustering was performed using cluster package in R statistic software (Maechler, 2005). 
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2.3.4. Post clustering 

2.3.4.1. Interpolation and rasterizing 
Interpolation and rasterization are the next steps after clustering in order to assess the quality of 
classification. Thiessen polygon was performed to interpolate unsample areas. Then polygons were 
converted to raster image with particular grid size. The grid size was determined by using Equation 2-18 
proposed by Hengl (2006). 

݌                                                               ൌ  0.25 . ට஺
ே

                                                          Equation 2-18 

where A is study area in m2 and N is the total number of observations/samples. The formula is suitable 
for random or clustered distribution sample points such as stream sediment sample points.  

2.3.4.2. Reclassifications and filtering 
Reclassification using majority rules, the same that developed by Lang et al. (2008) for labelling the 
classification results, was applied to clustering results in order to make number of cluster the same as 
number of reference classes (the existing lithological map). First, all clusters were assigned into category 
which the highest pixel number of the cluster lies on. If there are two or clusters having the same 
categories, the cluster with the highest pixel numbers among them was selected as ‘key’ cluster. If the same 
cluster was selected as key cluster, the second highest was taken as key cluster and so on. In the case 
where there is no key cluster in category, a cluster with the highest pixel number within that category was 
assigned as key cluster. The final step is joining non-key cluster into key cluster with the same category. 
 
Majority filtering was applied to the images of clustering results as a suggested filtering technique by 
Lillesand and Kiefer (2000) to “smooth” classified data. The purpose of clustering is to eliminate a single 
or small cluster; thus, the final results only show the dominant cluster that presumably is the correct 
classification. The filtering employs a moving window of 3x3 pixels. The window is moved over the image 
like a moving kernel. At every position, the filtering will change the identity of centre pixel in a moving 
window to majority class when its class is not the majority one. In the case where there is no majority 
class; the identity of the centre pixel still remains. 

2.3.5. Assessments 
Two types of assessment, overall accuracy percentage from an error matrix or a contingency table and 
kappa coefficient, were calculated from the results of clustering compared to simplified existing 
lithological map (appendix 1-1 (a)).  The meaning of accuracy in this research is a coincidence percentage 
between clustering results and the existing geological maps. A cross-validation on the field is needed in 
order to indicate a “real” accuracy for such method (Schetselaar, 2000).  

2.3.5.1. Error matrix 
Error matrix is one of the most common ways to express accuracy of the classification. Error matrix 
shows relationship between known reference data and the corresponding cluster/class of clustering 
results. An existing lithological map was used as the reference data for the research. The matrices have the 
same rows and columns as the numbers of categories as lithological features in existing lithological map 
(Lillesand and Kiefer, 2000). 
 
In an error matrix, two type of accuracy, overall and producer’s accuracy, were taken to assess the 
accuracy of the clustering. Overall accuracy is a ratio of total pixels number correctly classified to total 
pixels number, whereas producer’s accuracy is a ratio between the numbers of correctly classified pixels by 
the total pixel number in each category. The values describe how well the pixels are classified using 
clustering method. 
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2.3.5.2. Kappa coefficient 
Kappa coefficient could be used to indicate the level of the percentage correct values in an error matrix 
caused by true agreement or only chance agreement. Equation 2-19 is used to calculated kappa coefficient:  

                                                        ݇ ൌ  ே∑ ௫೔೔ೝ
೔సభ ି∑ ሺ௫೔శି௫శభሻೝ

೔సభ
ேమି∑ ሺ௫೔శି௫శ೔ሻೝ

೔సభ
                                             Equation 2-19 

where  
r     = number of rows in the error matrix 
xii   = the number of observation in row i and column i (on the major diagonal) 
xi൅  = total of observations in row i (shown as marginal total to right of matrix) 
x൅i  = total of observations in row i (shown as marginal total at bottom of matrix) 
N    = total number of observations included in matrix. 
The kappa coefficient ranges from 0 to 1. One indicates true agreements and zero indicates chance 
agreements. 

2.4. Results and discussion 

2.4.1. Stream sediment geochemical data reliability 

 
Figure 2-2 Cu data lie on Thompson-Howarth Plot (a 

model for 10% precision and 95% significant level) 

Figure 2-2 shows Thompson-Howarth plot, a 
precision model, which contains information of the 
numbers of ‘outlier’ data in duplicate samples for 
Cu. The value of outlier data lies outside the data 
range of the precision model. The data are 
represented by points that fall to above/left of the 
line. The points represent a pair of duplicate 
samples whereas the line represent percentile of the 
half normal distribution (Garrett and Grunsky, 
2003; Reimann et al., 2008). In figure 2-2 shows 
Howarth-Thompson plot for Cu with 5% of RSD 
value or 10% precision and 95th-tile line. 
Thompson-Howarth plot for others elements could 
be seen at appendix 2-3. In addition, table 2-1 is 
summary of percentage that fall below the 95th-tile 
line. Thus, as illustration for Cu, the table shows 
that the value is 80%, it means 20% of the data are 
lying outside the data range of the model for 10% 
precision and 5% significant level. 
 

The results from ANOVA, table 2-2, shows that the F-values for all elements are greater than Fc (=1.33). 
The Fc was determined for 5% in confidence level, 133 and 134 for numerator and denominator degree of 
freedom, respectively. In addition, regarding the percentage of procedural error value, Zn, Cu, Pb, Ni, Co, 
Mn, Fe, Hg, Sb, As, Ba, Ce, and Cr have satisfactory results, whereas Ag, Mo and Rb have poor results 
because their percentages are more than 20%. The Howarth-Thompson plot, in this case, could not be 
used to determine the reliability of stream sediment geochemical data because all elements have precisions 
of less than 10%. Thus the reliability of the data was determined by ANOVA test results. Consequently, 
from the results, there are three elements (Ag, Mo, Rb) were excluded for the next analysis. It is because 
their procedural error is too large thus their variance could not represent geochemical variance in nature.  
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equal to 0.25 is indicating no substantial structure in the data. Therefore, the same cluster number as an 
optimum cluster numbers from Mclust for the same dataset was used as an input in PAM clustering.  
 
Figure 2-5 shows the results of clustering using Mclust and PAM clustering with two different data 
preparation approach, conventional and CoDa. In general, the results show prominent cluster patterns for 
three features, one feature lies on the centre and elongates from north-west to south-east, other lies on the 
eastern part and the rest lies on the southern part. Moreover, according to existing lithological map (see 
appendix 1-1), these features might be related to three lithologies which are Intrusive Rocks, Volcanic 
Rocks and Sedimentary Rocks 4, respectively.  
 
Furthermore, figure 2-6 shows final results after post clustering processes (interpolation, rasterizing, 
reclassification, and filtering) were performed. In rasterizing, a 500 m grid size was selected as a result of 
compromising among proper grid size according to sample density and memory of R application. Whereas 
according to equation 2-18 by using density sample (1 sample per 10 km2) as an input, 250 m is obtained as 
a proper grid size. In addition, generally, the patterns in these final results have the same patterns as the 
clustering results. 
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(a) (b) 

 
(c) (d) 

 
(e) (f) 

Figure 2-4 Clustering results of stream sediment geochemical data for different clustering techniques and different 
approaches in data preparation, (a) Mclust with conventional approach for all elements, (b) PAM clustering 

conventional approach for all elements, (c) Mclust with conventional approach for selected elements, (d) PAM 
clustering with conventional approach for selected elements, (e) Mclust with CoDa approach, (f) PAM clustering 

with CoDa approach 
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(a) (b) 

(c) (d) 

(e) (f) 
Figure 2-5 Results after post clustering (rasterizing, reclassification and filtering) of stream sediment geochemical 
data for different clustering techniques and different approaches in data preparation, (a) Mclust with conventional 

approach for all elements, (b) PAM clustering conventional approach for all elements, (c) Mclust with conventional 
approach for selected elements, (d) PAM clustering with conventional approach for selected elements, (e) Mclust 

with CoDa approach, (f) PAM clustering with CoDa approach 
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3. AIRBORNE GAMMA-RAY DATA ANALYSIS 

3.1. Introduction 
Similar to chapter 2, in this chapter two applications were tested which are the application of different 
clustering techniques and the application of compositional data (CoDa) approach. Like in the previous 
chapter, two clustering algorithms, model-based clustering, Mclust and distance-based, PAM (Partition 
Around Medoids), were performed. Furthermore, conventional and CoDa approach were applied in the 
data preparation stage.  

3.2. Descriptions of the Airborne Gamma-ray Dataset 
The airborne radiometric data used in this research were downloaded from the National Gamma-Ray 
Spectrometry Program (NATGAM) Data Base from the Geological Survey of Canada website (Natural 
Resources Canada, 2010b). Data on concentrations of radioelements (K, eTh, and eU) are available in 250 
m grid size. K concentration is measured in percentage (%), whereas eTh and U are in parts per million 
(ppm). The data are the result of several hundreds of airborne surveys of the Geological Survey of Canada 
for over 30 years since 1970. The aircraft flew along a pattern of parallel flight lines at 120 m terrain 
clearance with line spacing 200-500 m. The aircrafts flew at speed around 190 km/h. The data were 
acquired by sampling every 1 second interval, which equivalent around 60 m on the ground (Natural 
Resources Canada, 2010b). 

3.3. Methodology 
The methodology described in this chapter could be divided into several stages such as data preparation, 
clustering, post clustering and assessments. In data preparation stage, two approaches, conventional and 
CoDa approach, were applied for comparison. Furthermore, two types of clustering techniques were 
applied for data classification, Mclust and PAM clustering. The post-clustering comprises reclassification 
and filtering. The assessment is the last stage, which was employed after post-clustering reclassification 
was conducted. The flow chart of the methodology can be seen in figure 3-1.     

3.3.1. Data preparation 
Univariate graph such as histogram was used to investigate element data distribution. For examining 
spatial distribution, a visualization of element concentration data to an image is quite useful to get an 
impression of the spatial data distribution. In addition, square-root transformation was chosen to be 
applied according to the smallest skewness value (Reimann et al., 2008; Weisberg, 2005). For 
standardization, median-MAD (median absolute deviation) standardization was applied to transformed 
data (equation 2-10). Transformation and standardization were conducted to get a symmetric data 
distribution shape and comparable range values as suggested by Reimann et al. (2008) and Templ et al. 
(2008).  
 
In the CoDa approach, several processes were applied in data preparation stage such as data 
transformation. The first process was converting the data into the same unit of measurement. In this case, 
K concentrations were converted form percentage into ppm. The three radioelement concentration data 
from airborne gamma-ray surveys are considered as sub-composition data; thus, they are subjected to the 
closure operation using equation 2-13. Then, the isometric log ratio (ilr) transformation, equation 2-4, was 
also applied before the applications of cluster analysis algorithms. 
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3.3.2. Clustering 
Two types of clustering algorithm, Mclust and PAM clustering, were applied to the data for classification. 
An optimum cluster number for PAM clustering is determined by the highest value of SC (or Silhouette 
Coefficient); whereas for Mclust, the number is determined by the algorithm based on the highest BIC (or 
Bayesian Information Criterion) value (see section 2.2.3.1).  
 
 

 
Figure 3-1 Flow chart of methodology to map lithology using airborne gamma-ray datasets by applying two types of 

clustering algorithm, Model-based Clustering (Mclust) and Partition Around Medoids (PAM) clustering with two 
approach in data preparation stage, conventional and compositional data (CoDa) 

 

3.3.3. Post clustering 
Reclassification and filtering were conducted in sequence after clustering algorithm was applied to the 
data. Reclassification is needed to make cluster number the same as the reference features for validation 
whereas the purpose of filtering is to eliminate small or individual cluster. Reclassification using majority 
rules and majority filtering were performed before the assessments as explained in chapter 2.   

3.3.4. Assessments 
Error matrix and kappa coefficient were calculated to assess quality of classification results from Mclust 
and PAM clustering. The clustering results were compared to reference data which is a simplified existing 
lithological map (appendix 1-2). From the error matrix, the overall accuracy and producer’s accuracy was 
calculated to assess the classification outcome.  Furthermore, the kappa coefficient, as an indicator to 
estimate true agreement of classification from the percentages of an error matrix, was also calculated 
(Lillesand and Kiefer, 2000). 
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radioelements have high concentrations as clearly seen in figure 3-3, and the lake features. However, an area 
at the southwest is more homogeneous in the results of CoDa approach than those in the results based on 
the conventional approach.  
 
After post clustering processes were conducted, all images show that a consistency in identifying some 
particular features. For example, the images could give perceptions about the boundaries between 
sedimentary rocks and volcanic rocks as well as sedimentary rocks and intrusive rocks. Moreover, the area 
at the centre of the area, which contains high concentrations of K, eTh and eU, which might be related to 
occurrence of Chuchi Syenite Formation, could be detected in most images. This area might be. However, 
the algorithms failed to differentiate between volcanic rocks and intrusive rocks at north western and 
eastern part respectively (figure 3-4). The above results are consistent with the references that explained 
about the confusion in differentiating among volcanic rocks, intrusive rocks. This could be due to count 
levels of volcanic rocks is much lower than those of the intrusive units (Graham and Bonham-Carter, 
1993).  
 

 
(a)  

(b) 

 
(c)  

(d) 
Figure 3-4 Clustering results of airborne gamma-ray data for different clustering techniques and different 

approaches in data preparation, (a) Mclust with conventional approach, (b) PAM clustering conventional approach, 
(c) Mclust with compositional data approach, (d) PAM with compositional data approach 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3-5 Results after reclassification and filtering of airborne gamma-ray data for different clustering techniques 
and different approaches in data preparation, (a) Mclust with conventional approach, (b) PAM clustering 

conventional approach, (c) Mclust with compositional data approach, (d) PAM with compositional data approach 

3.4.3. Quality of the classification 
Figure 3-6 show that producer’s accuracy of Mclust with conventional approach is the best among the 
others clustering algorithms because its consistency. The results have a moderate accuracy for Feature B 
(Intrusive Rocks) and Feature C (Sedimentary 1), in which others clustering have a low accuracy. The 
relative low accuracy for Feature B is due to confusion between Volcanic and Intrusive Rocks as explained 
in previous paragraph. For Feature C, this might be due to the fact that its areas are small and surrounded 
by Volcanic Rocks thus its radiometric signature become unclear.  
 
Mclust accuracies are higher about 15% than those of PAM clustering as shown in table 3-2. The 
producer’s accuracy of Mclust is relatively higher for most lithologies than that of PAM clustering. Its low 
accuracy due to the algorithm does not find a substantial structure in the data. When no a substantial 
structure finds, the results is becoming less representative to be use for explaining the 
processes/phenomena in the area where the data are taken.  
 
Regarding the data preparation approach, CoDa approach does not produce better classification results 
compared to the conventional one (table 3-2). Classification accuracy based on CoDa is lower than that 
based on the conventional one with more 15% and 25% differences for overall accuracy and kappa 
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coefficient, respectively. In addition, figure 3-6 a diagram of producer’s accuracies, shows that the 
conventional approach produces better results than CoDa. It might be due to the fact that total 
concentrations of K, eTh, and eU are only less than 5%, as explained by Pawlowsky-Glahn and Egozcue 
(2006) that closure problems arise when the sum of data per sample approaches the constant k (k = 100% 
or k = 1,000,000 ppm in this case). Therefore, CoDa approach likely is not appropriate to be applied in 
this type of data.  
 
The moderate to low level accuracy of clustering results might be influenced by input data and the field 
condition. The input data are not primary data but were already in grid format, and we know that gridded 
data are interpolated data. Consequently, interpolation errors contribute to the total error of the 
assessment. According to field conditions, the area is heavily weathered and covered by a thick layer of 
sand and gravel left behind by glaciers (Geoscience BC, 2010). Consequently, the boundaries from 
clustering results have a low accuracy compared to the reference existing lithological map.  
 

 

Figure 3-6 Producer’s accuracy diagram from assessment of clustering results for airborne gamma-ray data (for error 
matrices see appendix 3-2); Feature A, Volcanic Rocks; Feature B, Intrusive Rocks; Feature C, Sedimentary Rocks 1; 
Feature D, Sedimentary Rocks 2; Feature E, Lake (for explanations about the lithology at the study area see section 

1.6.2) 

Table 3-2 Data quality of clustering results for airborne gamma-ray data 
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3.5. Concluding remarks 
• The clustering method could be used to recognize lithologies with distinctive characteristics 

and/or large homogenous areas. Lithological units with distinctive characteristics, e.g. high 
concentration in gamma-ray elements such as Chuchi Syenite formation, are prominent in 
almost all clustering algorithm. Furthermore, a large homogenous area such as Sedimentary 
Rock 2 also could be identified (see figure 3-6). 

• CoDa approach in data preparation likely is not a proper technique to be applied in airborne 
gamma-ray that shown by its lower accuracies (see table 3-2).This might be because the closure 
problems are insignificant in the data. 

• Classification qualities of Mclust to airborne gamma-ray data are better than these of PAM 
clustering with the differences up to 7% and 0.09 for overall accuracy and kappa coefficient, 
respectively.  
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4. AIRBORNE MAGNETIC DATA ANALYSIS 

4.1. Introduction 
In this chapter, edge detection methods – rotation-variant template matching (RTM) and clustering-based 
for edge detection (CED) – were applied to identify lithology boundaries from airborne magnetic data. 
The methods were chosen rather than region-based segmentation due to characteristics of magnetic data. 
Magnetic data have non uniform value rather than gradual value even within one lithology. Thus edge 
detection is more suitable because the methods detect abrupt change in the values not their similarity such 
in region-based segmentation. Furthermore, before application of these techniques, two common 
transformations in analyzing magnetic data – reduce-to-pole (RTP) and analytic signal (AS) – were applied 
as data preparation methods. The results were used to interpret lithological boundaries. The 
interpretations are to be used in chapter 5 for assessing classification accuracy.  

4.2. Descriptions of the Airborne Magnetic Datasets 
Airborne magnetic data (residual total magnetic intensity) were obtained from the Canadian Aeromagnetic 
Database maintained by the Geological Survey of Canada (Natural Resources Canada, 2010a). The data 
were obtained from the airborne surveys using the flight-line orientations that were approximately 
perpendicular to the regional geological strike in constant line spacing. The aircraft flew with 305 m of 
terrain clearance and 800 m of flight line spacing. The data were available in grid form with 200 m grid 
size with coordinate system in WGS 1984 UTM zone 10 N and datum of WGS 1984 datum. The residual 
total magnetic intensity was obtained by subtracting from the observed total field the International 
Geomagnetic Reference Field (IGRF) model (Natural Resources Canada, 2010a). 

4.3. Methodology 
Two techniques of edge detection were applied to the airborne magnetic data in order to identify 
boundaries between lithological units. Rotation-variant template matching (RTM) algorithm developed by 
(Van der Werff et al., 2007) and clustering-based for edge detection (CED) algorithm developed by (Dinh 
et al., 2009) were applied to the airborne magnetic data after some data preparation processes were 
performed to these data (figure 4-1).  RTM algorithm was applied to a subtraction image whereas CED was 
applied to the horizontal derivative image. It is because the two algorithms have a difference in defining 
the edge. RTM defines the edge as an area among the areas which have at least two contrasting 
characteristics e.g. spectral, texture whereas CED  define as an area where there are abrupt changes of the 
characteristics. RTM was applied using ENVI software with ESA Tools add-ons which developed by 
Department of Earth System Analysis-ITC, whereas k-means clustering, the last part of CED algorithm, 
was applied using R statistic software with stats package. In addition, the rest of the processes such as in 
data preparation were conducted using Oasis Montaj 7.2.1 

4.3.1. Data preparation 
For comparison, two transformations – reduce to pole (RTP) and analytic signal (AS) – were applied to 
the airborne magnetic data before the application of the edge detection techniques. As it is shown in figure 
4-1, after RTP or AS transformation, upward continuation (UC) was applied to each image. The last 
process in preparation stage is raster/grid subtraction of RTP and AS image by their UC. The results of 
their subtraction are so-called RTP subtraction (RTPSub) and AS subtraction images (ASSub), 
respectively. Subtraction images are another approach to separate between information derived from 
depth surface and near-surface. As we know that UC transformation tries to attenuate high-frequency 
signals than low-frequency signal. The high frequency is mostly derived from shallow source (Milligan and 
Gunn, 1997). Therefore, subtraction images describe more shallow surface anomalies signal.  
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Figure 4-1 Flow chart of the methodology with two different transformations, RTP and AS; and techniques, RTM 

and CED 

4.3.1.1. Reduce To Pole (RTP)  
 

Milligan and Gunn (1997) defined reduce-to-
pole (RTP) as the process to convert the 
magnetic field from a magnetic at particular 
latitude to the field at a magnetic pole, where 
the inducing field is vertical. At a magnetic 
latitude, magnetic anomalies due to 
induction have asymmetric form (skewed 
form) related to their sources, but when the 
inducing field is vertical the induced 
anomalies are directly over their sources as 
shown in figure 4-2 (Blakely, 1996). 

Figure 4-2 A magnetic anomaly profile and its relation to 
geological features, before and after being reduced to the pole 

(Blakely, 1996) 

 

4.3.1.2. Analytic Signal (AS) 
AS is a linear combination of first derivatives of magnetic anomaly in horizontal and vertical directions 
(Roest et al., 1992). The AS has a form over causative bodies that depend on the locations of the bodies 
but not on their directions of magnetization. This means that all bodies with the same geometry have the 
same analytic signal. The analytic signal peaks over the edges of source bodies of positive and negative 
anomalies and thus can be used to determine edge locations (Milligan and Gunn, 1997). 

4.3.1.3. Upward Continuation (UC) 
Upward continuation transforms the potential field measures on one surface to the field that would be 
measured on another surface farther from all sources. This transformation attenuates anomalies with 
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respect to wavelength; the shorter the wavelength the greater the attenuation. This upward continuation 
tends to emphasize anomalies caused by deep sources at and to reduce of anomalies caused by shallow 
sources (Milligan and Gunn, 1997). 

4.3.1.4. Subtraction Image 
Subtraction image describes signal of magnetic anomaly from shallow sources because it is a result of 
subtraction between responses signals from all-depth sources anomalies and these of deep-source 
anomalies. Responses signals from all-depth sources anomalies represent by transformed of residual total 
magnetic intensity (RTP and AS image) whereas responses signals from deep-source anomalies represent 
by UC images. Therefore, there are two subtraction images, one is RTP transformed subtraction image 
(RTPSub) and another is AS transformed subtraction image (ASSub). 

4.3.2. Rotation-variant Template Matching (RTM) 
 

 
Figure 4-3 Template is matched by (a) moving it over 
an image and (b) changing the template orientation at 
every position by 45° increments up to a total of eight 

orientations (Van der Werff et al., 2007) 

RTM algorithm was applied to the subtraction 
image both for RTP transformation (RTPSub) and 
AS transformation (ASSub). The first step to apply 
the method is determining region of interests 
(ROIs) to assign into template. The ROIs consist 
two areas considered representatives of different 
lithologies. Van der Werff et al. (2007) explained 
that the template is a miniature image which 
consists of 3x1 pixels. The template contains 
information about a boundary between two 
contrast pixels. These two contrast pixels represent 
two different lithologies.  This template is moved 
over the image like a moving kernel. At every 
position, the template is rotated, and a statistical fit 
is calculated for every pose (Figure 4-3).  
 
The next steps are choosing one result from 12 
results which produced by the algorithm. Then, the 
threshold value is determined base on natural 
breaks using Jenk’s optimization (Jenks, 1967). The 
threshold divides the data into edge and non-edge 
pixel.  The algorithm, in principle, tries to minimize 

the variance within the classes and maximize and maximize the variance between the classes. The natural 
breaks technique was used when the data is not evenly distributed and not heavily skewed toward one end 
of the distribution.  

4.3.3. Clustering-based Edge Detection (CED) 
Clustering-based edge detection (CED) algorithm from Dinh et al. (2009) for edge detection was applied 
to the airborne magnetic data. The algorithm consists of several steps as follow: first, Gaussian blur 
convolution was applied to the subtraction image (RTPSub or ASSub) to reduce the noise in order to 
avoid local anomalies when horizontal derivative was applied. The horizontal derivate was employed to 
get gradient image in lateral direction. The step was needed due to the algorithm is looking for sudden 
change of value. The next step is applying k-means clustering to the gradient images. Dinh et al. (2009) 
suggested cluster number four to eight to be tried as an input in k-means clustering. Whereas two clusters 
is not recommended because the pixel values tend become non-edge cluster thus there is possibility to loss 
edge clusters. The next step is distinguishing clusters into edge and non-edge cluster base on pixel number 
of cluster members. Two clusters with the highest pixel number were classified into non-edge cluster and 
the rest were into edge cluster. 
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4.4. Results and discussion 
Figure 4-4 and figure 4-5 show the results of data preparation for RTP and AS transformation part, 
respectively. Figure 4-4(a) is a result of RTP transformation with 20.3° and 74.9° for geomagnetic 
inclination and declination, respectively. The values of inclination and declination were generated by Oasis 
Montaj 7.2.1 with latitude and longitude of the area as well as the time of data acquisition as the inputs. In 
addition, figure 4-5(a) is a result of AS transformation. In both images, the features have the same pattern 
which is north-west to south-east trending. From both images, the area with high values in RTP is wider 
than these in AS. This is might be due to remnant magnetization in the area. As explained by Milligan and 
Gunn (1997), the remnant magnetization could smear the anomaly.  
 
Figure 4-4 (b) and figure 4-5(b) are the results of upward continuation at an equivalent plane level of 500 m. 
Both images have smoother images compare to their parents (figure 4-4(a) and figure 4-5(a)). It is because 
UC transformation smooths out short-wavelength anomalies relative to long-wavelength. The same as 
their parent, UC from RTP have wider area in high value than that from AS for the same reason. 
 
The last two images in figure 4-4 and figure 4-5 are subtraction images and horizontal derivatives or 
horizontal gradient images. These subtraction images depict the anomaly from shallow sources at the area. 
Figure 4-4(c), RTPsub, shows wider area for high value than figure 4-5(c), ASSub. This is because the 
influence of their parent images, which have the same phenomena, is still remained. Both these images 
were used as input in RTM algorithm. Furthermore, figure 4-4(d) and figure 4-5(d) are horizontal derivative 
of subtract images that show change intensity of subtract images value. The horizontal derivatives of RTP 
transformation images show more continuous features than that of AS. However, the AS one has clearer 
separation between the high value area and its surrounded. In addition, CED algorithm was performed to 
these images. 
 
Figure 4-6 show the results of application edge detection method to airborne magnetic data. Figure 4-6 (a) 
and figure 4-6 (b) are the result of Frank Ratio 2 image of RTM algorithm for RTP and AS transformed 
part, respectively. The images have been classified using natural break optimization of Jenk’s algorithm in 
ArcGIS 10. Frank ratio was chosen because the edges are seen the most clearly in the images. The Frank 
Ratio 2 is a ratio between rotation variance in mean spectral fit and rotation average spectra variance. The 
rotation variance in mean spectral fit could be used to indicate existence of crisp boundaries. In addition, 
the rotation average spectra variance have high value when at least one of the spectral signatures is found 
and forms a crisp boundary (Van der Werff et al.,2007). Thus, the ratio could be used to indicate crisp 
boundaries. 
 
In general, all results produce the same edge patterns trend, north-west to south-east trend (figure 4-6). 
This trend is the same as general trend of lithologies and lineament in existing lithological map. However, 
results of CED are better than RTM because RTM creates multiple responds for a single edge for some 
parts. Between CED for RTP transformed and AS, it is difficult to assess which one is better. 
Nevertheless, the image of AS is more reliable when input data, figure 4-4 (a) and figure 4-5 (a), are included 
as consideration. Therefore, this image was chosen for updating the lithological map.   
 
The edge pixels can be distinguished as lithological edge and non-lithological edge that reflect lithological 
boundaries and lineament signatures, respectively (figure 4-7). The lithological edge is defined as the most 
outside pixels of clustered edge pixels thus edge pixels within cluster and individual edge pixels are 
classified to non-lithological edge. From figure 4-7, clustered edge pixels, thus as well as the lithological 
edges, are only related with the particular intrusive rocks, the Hogem Batholiths. Therefore, the 
lithological could be used to update of Hogem Batholith boundaries as shown in figure 4-7 (a). The 
clustered edge pixel in Hogem Batholith might be related to the complex processes of its formation. As 
explained by Nelson et al. (1992), Hogem Batholith occurred in at least three phases that each create 
complex features. Thus, to describe its complexity, Hogem Batholith is called as an intrusive complex. 
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(a)  

(b) 

 
(c) 

 
(d) 

Figure 4-4 Results of processing of airborne magnetic data; (a) reduced-to-pole (RTP), I=20.3°, D=74.9°; (b) 
upward continuation of RTP at 500 m (UC); (c) RTP subtraction image (RTPSub), RTPS=RTP-UC; (d) horizontal 

derivative of RTP subtraction image 
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(a) 

 
(b) 

 
(c)  

(d) 

Figure 4-5 Results of processing of airborne magnetic data; (a) analytic signal (AS), (b) upward 
continuation of AS at 500 m (UC), (c) AS subtraction image (ASSub), ASS=AS-UC, (d) horizontal 

derivative of AS subtraction image 
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(a)  

(b) 

 
(c)  

(d) 
Figure 4-6 Images of edge detection technique results, (a) result for RTM technique with RTP transformation, (b) 

result for RTM technique with AS transformation, (c) result for CED technique with RTP transformation, (d) result 
for CED technique with AS transformation 
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5. STREAM SEDIMENT GEOCHEMICAL AND 
GEOPHYSICAL DATA INTEGRATION 

5.1. Introduction 
In this chapter, stream sediment geochemical (SSG) data and airborne gamma-ray (AGR) data were 
integrated by using them as inputs in two different clustering methods – model-based clustering (Mclust) 
and partition around medoids (PAM) – for unsupervised lithological classification. In the assessment 
stage, not only the existing lithological map was used to validate the clustering results but also the 
lithological map based on the interpretation of airborne magnetic data in chapter 4. In addition, accuracies 
of clustering the SSG data (chapter 2) and the AGR data (chapter 3) were compared to the accuracies of 
clustering the SSG and AGR data together.  

5.2. Datasets for integration study  
The SSG data consist of 2,194 sampling points for 13 elements, from which nine elements have been 
selected using the BIC (Bayesian Information Criterion) in order to get the optimum number of clusters 
(see section 2.3.3.1). The 13 elements are As, Zn, Cr, Ce, Ba, Sb, Fe, Co, Ni, Cu, Mn, Hg, and Pb; the first 
nine elements were the ones selected using the BIC. The stream sediment sampling density varied from 
about 1 sample per 8 km2 to 1 sample per 13 km2 (Jackaman and Balfour, 2008). 
 
Figure 5-1 shows the study area for the integration of SSG and AGR data. This area is the same as study 
area for the AGR data only (see figure 1-2 and chapter 3). For SSG data preparation, all the stream sediment 
sample data (see figure 2-4 for location map) were used in data processing such as interpolation. Then, in 
integration phase the processed SSG data were subset to the study area for the analysis described in this 
chapter (figure 5-1). Furthermore, two lithological maps were used for validation of the results. One map 
(figure 5-1(a)) is the existing geological map that that was used for validating the clustering results using the 
AGR data (see chapter 3). The other map (figure 5-1(b)) is the result of analysis and interpretation of the 
airborne magnetic data (see figure 4-7 (b)).  
 

 
Figure 5-1 The study area and maps used for validation of results: (a) existing lithological map; (b) lithological map 
based on the interpretation of airborne magnetic data, see figure 4-7 (b) (modified from Massey et al. (2005a, b, c, d)) 

 

                                        (a)                                                                                       (b) 
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5.3. Methodology 
The integration of SSG and AGR data consist of four stages, namely: data preparation; data integration 
using clustering method; post clustering; and assessment (figure 5-2). Data preparation comprises of data 
transformation and standardization of SSG data, and then their interpolation in order to convert the point 
SSG data into a continuous data layer like the AGR data. The interpolation of the SSG data was 
performed using ArcGIS 10, whereas variogram analysis before interpolation and clustering analyses were 
executed using R statistical software. Like in chapter 2 and chapter 3, two clustering algorithms – Mclust and 
PAM – were performed to integrate the SSG and AGR datasets. Post clustering processes such as 
reclassification and filtering were employed before the assessments. From the error matrix, overall and 
producer’s accuracy and kappa coefficient were calculated to assess the classification results. The 
assessments were conducted using the two reference maps shown in figure 5-1. 

5.3.1. Data preparation  
To investigate the spatial data structure of the geochemical data for each element, variogram analyses were 
performed (appendix 5-1). The variogram models and the point geochemical data were used to interpolate 
unsampled areas using universal kriging. As explained by Carranza (2010), interpolation is a plausible 
technique to make continuous geochemical landscapes from stream sediment geochemical data in regional 
scale. Furthermore, Robinson et al. (2004) stated that universal kriging is an appropriate technique to 
interpolate stream sediment geochemical data in regional scale.  
 
Data transformation and standardization were then applied to the SSG data before clustering techniques 
were applied. Base-10 logarithmic and square root transformation were applied to the SSG and AGR data, 
respectively, to get symmetric shape in data distribution. The transformations were chosen according to 
the skewness values of individual datasets as explained in chapter 2 and chapter 3. In addition, the 
standardization using median-MAD (equation 2-10) was applied to both datasets to make the range of the 
data comparable. 

5.3.2. Clustering 
Mclust and PAM clustering methods were applied to stacked raster images of SSG and AGR data. As 
experiments besides using all 13 elements in the SSG data, clustering was also applied to the nine selected 
elements in the SSG data. Thus, there are two data integration results: Integrated Data I is from 
combination of SSG all elements with AGR elements and Integrated Data II is from combination of SSG 
selected elements with AGR elements.  

5.3.3. Post clustering 
For the post clustering stage, reclassification and filtering were applied to images of clustering results. The 
images were reclassified into five classes representing five features as in the reference maps (figure 5-1). 
Furthermore, before the assessments, majority filtering was applied to the reclassified images.  

5.3.4. Assessments 
Two lithological maps, figure 5-1(a) and figure 5-1(b), were used to validate the images resulting from the 
clustering analyses. The map in figure 5-1(a), the existing lithological map, was designated as Reference 
Data I, whereas the map in figure 5-1(b), derived from the interpretation of airborne magnetic data in chapter 
4, was designated as Reference Data II. This latter reference data were used to test if interpreted 
lithological boundaries from analysis of airborne magnetic are consistent with results of clustering the SSG 
and AGR data together. If assessment results using Reference Data II are better than those using 
Reference Data I, it means that the lithological boundaries interpreted from the airborne magnetic data 
might be better than those portrayed in the existing lithological map. Furthermore, overall and producer’s 
accuracy from error matrix and kappa coefficients were used to assess the quality of the classification 
results.  



IN
TE

GR
AT

IO
N 

OF
 S

TR
EA

M 
SE

DI
ME

NT
 G

EO
CH

EM
IC

AL
 D

AT
A 

AN
D 

AI
RB

OR
NE

 G
AM

MA
-R

AY
 D

AT
A 

FO
R 

SU
RF

IC
IA

L L
IT

HO
LO

GI
C 

US
IN

G 
CL

US
TE

RI
NG

 M
ET

HO
DS

 

41
 

 
Fi

gu
re

 5
-2

 F
lo

w
 c

ha
rt 

of
 th

e 
m

et
ho

do
lo

gy
 to

 in
te

gr
at

e 
st

re
am

 se
di

m
en

t g
eo

ch
em

ica
l a

nd
 a

irb
or

ne
 g

am
m

a-
ra

y 
da

ta
 u

sin
g 

tw
o 

ty
pe

s o
f c

lu
st

er
in

g 
alg

or
ith

m
,  

M
od

el
-b

as
ed

 C
lu

st
er

in
g 

(M
cl

us
t) 

an
d 

Pa
rti

tio
n 

A
ro

un
d 

M
ed

oi
ds

 (P
A

M
) c

lu
st

er
in

g.
 



INTEGRATION OF STREAM SEDIMENT GEOCHEMICAL DATA AND AIRBORNE GAMMA-RAY DATA FOR SURFICIAL LITHOLOGIC USING CLUSTERING METHODS 

42 

5.4. Results and discussion 

5.4.1. Interpolated images 
Figure 5-3 and table 5-1, respectively, show the variogram model for Zn and summary of variogram 
components for 13 elements in the SSG dataset. A model was chosen based on the smallest root mean 
square values from three variogram models which had been tried, exponential, gaussian and spherical. The 
variogram model show spatial data structure of the element at the study area. All the elements data fit with 
the exponential model that means the data have high variance change within small distance. The range 
values, the last column of table 5-1, show maximum distance at which the samples still have spatial 
correlation. Therefore, the models are reliable to be used due to the fact the smallest distance between the 
samples at the study area are less than 500 m. The variogram models for the other elements in the SSG 
dataset are given in appendix 5-1. In addition, figure 5-4 shows the spatial distribution of Zn as a result of 
universal kriging interpolation; whereas maps of spatial distributions of the other elements are shown in 
appendix 5-2.  
 

 
Figure 5-3 Exponential variogram model for 

logarithmic base-10 transformed Zn data 

Table 5-1 Summary of variogram components of 
individual elements in the SSG dataset 

 

 
Figure 5-4 Image of spatial distribution of Zn as a result of universal kriging 
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5.4.2. Clustered images 
Figure 5-5(a) is an image of Mclust results using SSG and AGR data together (Integrated Data I). The best 
model for the data base on BIC is an EEV-model with nine clusters. This model means that the nine 
clusters have equal volumes and shapes but vary in orientations of ellipsoidal distributions in feature 
space. In addition, the image depicts several homogenous clusters with clear separation between them. 
 
For PAM clustering, the optimum cluster number for Mclust for the same data was taken as an input. It is 
because values of SC (Silhouette Coefficient; see section 2.3.3.1) in PAM clustering for cluster number (k) 
from 3 to 15 did not show an optimum cluster number but rather fluctuate at a constant range between 
1.3 to 1.5. According to Kaufman and Rousseeuw (2005) when the SC value is below 0.25, it means that 
there is no substantial structure in the data as shown in appendix 2-2. When there is no substantial in the 
data, the data using this technique become less reliable to be used to explain the processes/phenomena. 
Furthermore, figure 5-5(b), the result of PAM clustering using Integrated Data, shows several clusters with 
clear boundaries among them and several individual clusters within them. However, the PAM clustering 
image shows that lake boundaries could be detected quite well as can be seen in figure 5-5(b). 
 
Figure 5-5(c) and figure 5-5(d) are the images resulting from clustering using the nine selected elements in the 
SSG data and the AGR data (Integrated Data II). These images show similar patterns as their 
corresponding resulting from Integrated Data I. For Mclust, the same model as for Integrated Data I, an 
EEV-model with nine clusters, was also obtained. In addition, PAM clustering used the same cluster 
number from the Mclust result as an input in the process. The number was taken due to the difficulties in 
determining an optimum cluster number based on SC. 
 
Comparing images resulting from Mclust, figure 5-5(a) and figure 5-5(c), with those resulting from PAM 
clustering, figure 5-5(b) and figure 5-5(d), reveals that the clusters of Mclust are larger and more 
homogeneous than those of PAM clusters. Furthermore, it is apparent that Mclust is a better technique 
than PAM clustering in distinguishing large features such as both sedimentary rocks. However, PAM 
clustering could detect small features, such as lakes, better. 
 
Figure 5-6 and figure 5-7, which are results of reclassification and filtering, demonstrate that patterns of 
particular clusters are similar to patterns of particular feature in reference data. Both figures have similar 
patterns, except for Intrusive Rocks. It is due to the facts that figure 5-7 using Reference Data II as a basis 
for reclassification. As explained in previous section, the Reference data II data is a lithological map base 
on airborne magnetic data analysis which updating new boundary for Intrusive Rocks. Furthermore, for 
example, in figure 5-6(a), pattern of Cluster D is similar to that of the Sedimentary Rocks 2 in south-
western parts of the areas. This pattern is found also in figure 5-6(c), and figure 5-6(d), whereas for figure 5-
6(b) the pattern is somewhat elongated to the east. Besides the pattern of Cluster D, in figure 5-6(a), the 
pattern of Cluster A is also similar to that of Intrusive Rocks in the existing lithological map. Moreover, 
among all images, figure 5-5 (a) has the clearest boundaries of lithological units, except for the lake features. 
Like in figure 5-6, in figure 5-7, the sedimentary rocks unit could also be recognized. The same as figure 5-
6(a), Mclust results for Integrated Data I, figure 5-7(a) could identify the Instrusive Rocks and give the most 
obvious boundaries among lithological units.   
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5-6 Images after reclassification and filtering using existing lithological map (Reference Data I), (a) Mclust for 
all element of stream sediment geochemical and gamma-ray data integration, (b) PAM clustering for all element of 

stream sediment geochemical and gamma-ray data integration, (c) Mclust for selected nine elements of stream 
sediment geochemical and gamma-ray data integration, (d) PAM clustering for nine selected element of stream 

sediment geochemical and gamma-ray data integration 

 
 
 



INTEGRATION OF STREAM SEDIMENT GEOCHEMICAL DATA AND AIRBORNE GAMMA-RAY DATA FOR SURFICIAL LITHOLOGIC USING CLUSTERING METHODS 

46 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5-7 Images after reclassification and filtering using lithological map based on the interpretation of airborne 
magnetic data in chapter 4 (Reference Data I), (a) Mclust for all element of stream sediment geochemical and gamma-

ray data integration, (b) PAM clustering for all element of stream sediment geochemical and gamma-ray data 
integration, (c) Mclust for selected nine elements of stream sediment geochemical and gamma-ray data integration, 

(d) PAM clustering for selected nine elements of stream sediment geochemical and gamma-ray data integration. 

5.4.3. Quality of classification 
Regarding producer’s accuracy, consistent results, in terms of differences among lithological units, are 
obtained as displayed in figure 5-8. For assessment using Reference I, the consistency could be observed 
such as for Features A, D, and E. The differences are roughly 10% between the highest and the lowest 
percentage. Producer’s accuracy for Feature A is roughly the same at 50-60% whereas producer’s accuracy 
for Features units D and E are higher at 70-80%. In addition, producer’s accuracy for Features B and C is 
variable depend on clustering type and data preparation.  
 
Table 5-2 shows that assessment results vary from 51% to 62% and from 0.3 to 0.45 for overall accuracy 
and kappa coefficient, respectively. The lowest accuracy of 51% is obtained in PAM clustering of 
Integrated Data II with respect to both Reference Data I and II. The lowest accuracy, even is still in 
moderate level, might be due to its low SC value which describe that the data are less representative to 
depict the process in the area. The highest accuracy is 62% when Mclust clustering was applied into 
Integrated Data I with respect to Reference Data I as shown in table 5-2 (a). Similar to overall accuracy, 
kappa coefficient is worse when Integrated Data II was used with respect to both Reference Data I and 
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Reference Data II. In addition, table 5-2 also shows that the assessments using Reference Data I are better 
than using Reference Data II.  
 
According to assessment results, Mclust and PAM clustering have similar accuracy values. However 
visually, Mclust images are better than PAM clustering images. It is because the cluster patterns from 
Mclust have similar general patterns as in the existing lithological map except for the lakes features. Thus, 
for the next research, it is suggested to integrate satellite imagery such as Landsat or Aster imagery in 
order to identify water bodies such as lakes features. In addition, Mclust result images have more 
homogeneous cluster areas than PAM clustering images. It might be because in PAM clustering an 
optimum cluster number was not achieved. 

5.4.4. Comparison of individual data 
Producer’s accuracies of integrated data with respect to Reference Data I tend to be similar to the results 
of using AGR data (chapter 3). It might be due to the influence of sample density and regularity pattern of 
AGR data. AGR data have denser sampling density than SSG data, the former have density about 1 
sample per 0.25 km2 whereas the latter have density of 1 sample per 13 km2. In addition, the pattern of the 
sample points may also influence accuracy in interpolation results. Furthermore, in interpolating SSG data, 
it was difficult to find appropriate variogram models when only using SSG data within the 
integrated/AGR study area; thus, data within the whole stream sediment study area were employed (chapter 
2). 
 
Producer’s accuracies of integrated data with respect to Reference Data II are not similar to those of only 
either SSG data (chapter 2) or AGR data (chapter 3). Thus, the interpretation of lithological boundaries 
based on airborne magnetic data (chapter 4) might not be better than the existing lithological map. It is due 
to the fact that the similarity signatures between intrusive and volcanic rocks in magnetic data whereas in 
the field, geologist could differentiate between them. However, there is similarity of pattern for the 
intrusive lithological unit when comparing between the lithological map based on airborne magnetic data, 
figure 5-1 (c) and the clustering result base on CoDa for AGR, figure 3-6 (c) and figure 3-7(d). This result needs 
further investigation whether there is real correlation or it is just due to a chance. 
 
Overall accuracies of clustering the SSG and AGR data together are higher than these of SSG and AGR 
data. However, their better results are inconsistent with respect to producer’s accuracy except for Mclust 
using combination of SSG all 13 elements with AGR data (Integrated Data I). In addition, when the 
accuracies of SSG data is compared to these of AGR data, Intrusive Rock could be well detected in SSG 
data whereas Volcanic Rocks could be well distinguished in AGR data. For other features, accuracy of 
both data shows almost the same results. Furthermore, producer’s accuracies of Mclust using Integrated 
Data I have relative a higher or the same as these of SSG and AGR data. The selection elements of SSG 
data are not produce better results, as shown in chapter 2, when they are combined with AGR data. It 
might be because structures in SSG data only are different from these in the SSG and AGR data together. 
 
Accuracy of clustering results using the integrated data is dependent on spatial data structure. It is because 
values in the integrated datasets that were used inputs for clustering are interpolated data. The spatial data 
structure will influence the selection of appropriate interpolation technique. In the case when the data 
have no spatial structure, interpolation technique such as kriging is not an appropriate technique. 
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(a) 

 
(b) 

Figure 5-8 Producer’s accuracy diagram from assessment of clustering results (for error matrices see appendix 5-3 and 
5-4), (a) an assessment using existing lithological map for the reference (Reference Data I), (b) an assessment using 

map of the interpretation of airborne magnetic data (Reference Data II); Feature A, Volcanic Rocks; Feature B, 
Intrusive Rocks; Feature C, Sedimentary Rocks 1; Feature, Sedimentary Rocks 2; Feature E, Lake (for explanations 

about the lithology at the study area see section 1.6.2) 
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Table 5-2 Comparison of clustering results assessment based on stream sediment geochemical data only, airborne 
gamma-ray only, and integration of both datasets, (a)accuracy using combination of stream sediment geochemical 

(SSG) all 13 elements with airborne gamma-ray (AGR) elements (Integrated Data I), (b) accuracy using combination 
of SSG selected nine elements with AGR elements; *) an assessment using existing lithological map for the reference 
(Reference Data I), **) an assessment using map of the interpretation of airborne magnetic data (Reference Data II) 

(a) 

 
(b) 

 

5.5. Conclusion remarks 
• Based on the overall accuracy and kappa coefficient, clustering results of integrated data 

(stream sediment geochemistry and airborne gamma-ray) are higher than those of individual 
data.  

• Mclust results are better than PAM clustering results. It is shown by the general pattern 
similarity of clustering image to existing lithological map.  

• Mclust technique could be used as an alternative technique in order to integrate stream 
sediment geochemical and airborne gamma ray data for mapping the lithology in regional 
scale. 

 
 
 
 





INTEGRATION OF STREAM SEDIMENT GEOCHEMICAL DATA AND AIRBORNE GAMMA-RAY DATA FOR SURFICIAL LITHOLOGIC USING CLUSTERING METHODS 

51 

6. CONCLUSIONS AND RECOMMENDATIONS 

6.1. Conclusions 
Base on the research results, the research questions could be answered as follows: 
Could stream sediment geochemical data (SSG) be used to assist lithological mapping in vegetation-covered areas where no or 
little a-priori information about underlying rock units is available? 

Mclust and PAM clustering could be alternatives techniques for classifying stream sediment 
geochemical data to help lithological mapping in area with limited information. The images of 
their results depict pattern similarities to the existing litholigical map. In addition, the assessments 
of the results show moderate accuracy up to 51% and 0.41 for overall accuracy and kappa 
coefficient, respectively. In addition, for a large homogeneous lithology, the producer’s accuracy is 
quite high up to 80%. 
 

Does the application of compositional data (CoDa) analysis to SSG data and airborne gamma-ray (AGR) data produce 
better results than conventional methods? 

In general, the application of CoDa approach in data preparation to both SSG and AGR data do 
not produce better accuracy than conventional approach. The assessments show the differences 
between the application of CoDa and conventional approach reach up to 10% and 0.1 for overall 
accuracy and kappa coefficient, respectively. 
 

Is clustering results using integrated data of SSG and AGR produce better results than those using stream sediment 
geochemical or airborne gamma-ray data separately? 

The integrated data of stream sediment geochemistry and airborne gamma-ray produce better 
results than those using stream sediment geochemical or airborne gamma-ray data separately. The 
percentage accuracy increments of integration data compare to their separated data are quite 
significant up to 17% and 0.15 for overall accuracy and kappa coefficient, respectively. 

 
Which clustering techniques, between Mclust and PAM clustering, give better result for surficial lithologic mapping?  

Mclust produces better classifications for lithological mapping relatively to PAM clustering base 
on both qualitative and quantitative assessments. Qualitatively, from visual evaluation, the 
patterns of Mclust results are more similar to lithological patterns in the existing lithological map 
than PAM clustering. Quantitatively, assessments results show up to 5% and 0.7 difference for 
overall accuracy and kappa coefficient, respectively, in each separated data (SSG or AGR) 
whereas for integrated data (SSG and AGR) produces non-significant difference in the 
assessments (1% and 0% differences for overall accuracy and kappa coefficient, respectively). 
 

Therefore, Mclust could be applied to integrate and classify SSG and AGR data for lithological mapping 
in regional scale. 

6.2. Recommendations 
It is suggested to integrate more data such as elevation data e.g. SRTM image, and/or satellite images e.g. 
ASTER and Landsat image, to consider other factors than only chemical factor. In addition, it is also 
suggested to test application of Mclust for larger scale such as for district scale. Therefore, in order to be 
able in analyzing larger data (a larger area and/or more type of data and/or a smaller grid size images) for 
lithological mapping, integrating R application with GIS software such as ArcGIS is recommended 
because the GIS software has a strength in handling large datasets but limited in statistical calculation and 
analysis. This limitation can be compensated by using R.     
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Appendix 5-4 Error matrices of clustering results using Reference Data II, (a) Mclust of Integrated Data I, (b) Mclust of Integrated Data II, (c) PAM clustering of Integrated Data 
I, (e) PAM clustering of Integrated Data II 
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