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Abstract: In the current research to determine the mineralization pattern and discuss the mineralization components, the
information of position - scale domain of geochemical data has been analyzed. A new method is proposed based on
coupling discrete wavelet transforms (DWT) and principal component analysis (PCA) for mineralization elements
forecasting applications. The results of this study indicate the potential of DWT – PCA method for geochemical data
processing. Wavelet transform (WT), as a multi-spectral analysis method, can decompose the spatial and temporal
signals into different frequencies. The features of mineralization can be identified using the position - scale domain of
geochemical data that may not be achievable in spatial domain. The geochemical data from the Dalli region have been
processed in the spatial domain using PCA. The surface geochemical data of 30 elements have been transformed to
position – scale domain using two-dimensional discrete wavelet transform (2DDWT). Wavelet functions (WFs) of Haar,
Coiflet2, Biorthogonal3.3 and Symlet7 have been applied separately to decompose the geochemical data to high and
low frequencies in one level. To obtain more accurate and complete information of mineralization, a new index has been
presented based on wavelet coefficients. Based on this new index, significant results have been obtained by using PCA
of the index. The coefficients distribution map (CDM) as a new exploratory criterion has been generated based on
2DDWT to show the geochemical distribution map (GDM). Finally, the results of WT have been compared with the
results of spatial domain and the best method of wavelet for interpretation of geochemical data has been introduced. The
results of geochemical data analysis by DWT – PCA approach have been confirmed by the exploratory drillings in the
study area.

Keywords: Two dimensional discrete wavelet transform, Haar wavelet transform, Principal component analysis,
Coefficients distribution map, Pattern recognition, Iran.

INTRODUCTION

Principal component analysis (PCA) is a multivariate
statistical method for geo-information identification of geo-
datasets (Cheng et al. 2011). The new space can typically
be compressed into a few variables, which lets developers
discard low variance variables and emphasize high-variance
variables on the premise of minimizing data information
loss. The covariance structure largely reflects the information
(Zheng et al. 2006). In the PCA method, correlated variables
with high dimensionality are transformed into several
uncorrelated principal components, PCs, based on a
covariance or correlation matrix (Loughlin 1991). To
identify the mineralization factor(s) and determine the
attributes of mineralization, PCA has been frequently used
for analysis of geochemical data in spatial domain

(Chandrjith et al. 2001; Cheng et al. 2006, 2011; Davis 2002;
Garrett and Grunsky 2001; Reimann et al, 2002). Rao et al
(2014) applied the PCA method on hydrogeochemical data
for better understanding of the controlling processes that
influence the aquifer chemistry. Yousefi et al (2012, 2014)
applied the GMPI method based on factor scores values in
PCA method to represent multi-element geochemical
signature of the deposit-type sought on regional scale in
spatial domain. Yousefi and Carranza (2015) improved the
mineral prospectivity mapping using the fuzzification of
continuous value spatial evidence in stream sediment
samples. The geochemical interpretations have mostly been
carried out in spatial domain. In addition to spatial domain,
the frequency domain of geochemical data have been used
to analyze the complex geochemical patterns (e.g., shahi et
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al., 2014; Zou, 2011a,b; Hassani et al., 2009; Cheng and
Zhao, 2011; Cheng et al., 2000; Afzal et al., 2012). Shahi et
al  (2014) applied PCA method on frequency domain of
geochemical data to identify deep geochemical anomalies,
sulfide zone and geochemical noises. In this paper, the
position - scale domain of geochemical data, using 2DDWT,
has been represented and analyzed for Cu–Au porphyry
deposit in northern Dalli area and the results are
discussed.

Wavelet analyses have led to very successful results in
numerous scientific and engineering fields such as signal
analysis and numerical applications (Li 1997; Zhang et al.
2003, 2006). A non-stationary signal can be decomposed
into a number of stationary signals by wavelet analysis (Zhou
et al. 2008). The multi-resolution analysis in wavelet analysis
is a powerful tool for information analysis and processing
that can extract information on various scales. The detailed
information of spatial and frequency domains can be
simultaneously analyzed with WT (Zhang et al. 2012). In
the geochemical exploration research, wavelet analysis has
been applied for processing oxygen isotope data in marine
sediments (Bolton et al. 1995),  noise reduction of the data
in hydrocarbon geochemical exploration (Pei 1998),
eliminating surface interference (Zhang et al. 2003; 2006)
and fracture detection from water saturation log data
(Tokhmechi et al. 2009). Wavelet analysis was also applied

to eliminate to the influence of caprock thickness on
anomaly intensities (Zhang et al. 2012).

GEOLOGY, ALTERATION AND  MINERALIZATION
OF THE  STUDY AREA

Significant Cu porphyry deposits of Iran are related to
calc–alkaline stocks in Sahand–Bazman, which is part of
the Urmia–Dokhtar intrusive–volcanic belt (Hezarkhani
2006a, b; Hou et al. 2009). Dalli deposit is a part of this belt
(Darabi-Golestan et al. 2013), which is located in the central
province of Iran (Asadi Haroni 2008).

The mineralized Cu-Au zone in the study area is formed
in the igneous diorite, quartz diorite porphyry, and volcanic
rocks such as porphyritic amphibole andesite, andesite,
dacite, and pyroclastics during the late Miocene to Pliocene
(Fig. 1) (Asadi Haroni 2008). Based on the regional geology,
the volcanic (porphyritic amphibole andesite, and dacite)
and pyroclastics rocks in the study area are associated
with late Miocene stratovolcanic rocks and are located in
N-NE direction with a length of 30 km.

Mineralization in Northern Dalli occurs in granodiorite
plutonic complex (tonalite), quartz diorite, and andesitic
rocks. Potassic alteration occurred during the tonalitic
intrusion and has included a larg amount of mineralization
which includes quartz–potassium, feldspar–magnetite, and

�

Fig.1. Local geological map of the Northern Dalli area showing the location of exploration survey (scale 1:1,000) (Darabi-Golestan et
al. 2013; Asadi Haroni 2008)
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biotite. The alteration zone in the study area covers an area
of about 19.5 km2. Potassic alteration is in the center of the
area and is progressively surrounded by sericitic, sericite–
chlorite and propylitic assemblages towards the border in
porphyry deposits. In quartz diorite porphyry and andesite
rocks, Cu–Au mineralization is related to potassic–phyllic
and propylitic–silicic alteration, respectively (Darabi-
Golestan et al. 2012). Magnetite is the predominant mineral
in the potassic zone while sericite and chlorite minerals are
less in this zone (Hezarkhani et al. 1999).

WAVELET TRANSFORM

WT is a tool for the analysis of de-noising and
compression of signals (Grossman and Morlet 1984).
Wavelets are used as the basis functions for signal and image
representation such as sines and cosines in the Fourier
transform (Morales and shih, 2000). Wavelet analysis is
based on the similarity between the basic functions, wavelets,
and frequency content of the signal (Nakhaei and Nasr 2012).

WT as a modern signal processing technique has shown
better performance compared to Fourier transform (FT) and
short time FT in analyzing non-stationary signals (Cartas et
al. 2009). The FT will only provide the frequency
information of a signal, while WT has the ability to
simultaneously obtain information on the time, location and
frequency of a signal (Partal 2009). Wavelet analysis is more
flexible than Fourier analysis (Zhang et al. 2012). The
continuous wavelet transform (CWT) of a signal x(t) is
defined as (Partal 2009):

(1)

where ψ is mother wavelet, t is the time, τ is the
translation parameter, s is the wavelet scale and * denotes
the conjugate complex function. The translation parameter
τ is the time step in which the window function is iterated.
w(τ, s) presents a two-dimensional picture of wavelet power
under a different scale. Scaling either expands or compresses
a signal (Cannas et al. 2006). The translation and dilation
allow the WT to be localized in time and frequency (Graps
1995). The frequency has a reverse connection with the
dilation parameter and compresses or stretches. The
translation parameter determines the degree of window
movement. The equation integration formula (1) should be
resolved for different scales in the CWT. Calculating the
wavelet coefficient is time consuming in all scales and
produces a huge amount of data (Nakhaei and Naser, 2012).
In DWT the scales and positions are selected based on

powers of two, so called dyadic scales and positions. The
signals are divided into approximation, which is high scale
and low frequency components, that is low scale and high
frequency components. After that the signal analysis is done
quickly and precisely (Nakhaei and Nasr 2012). DWT is
achieved by modifying the wavelet representation to
(Grossman and Morlet 1984):

(2)

where s0 is a specified fixed dilation step greater than 1,
τ0 is the location parameter that must be greater than zero,
while m and n are integers that control, respectively, the
scale and time. In the DWT, detailed and approximation
coefficients are obtained with the wavelet algorithm based
on high-pass and low-pass filters respectively (Zhang and
Li, 2001). The filtering process is repeated every time and
some frequencies in the signal are eliminated and the
approximation of one or more details are obtained.
(Adamowski and Chan, 2011). In this study, WFs of Haar,
Coiflet2, Biorthogonal3.3 and Symlet7 were applied. These
functions have been illustrated in Fig. 2.
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Fig.2. Wavelet functions of (a) Haar, (b) Coiflet 2, (c) Biorthogonal
3.3 and (d) Symlet 7 (Merry and Steinbuch, 2005).

DISCUSSION

Through systematic soil sampling, a grid net of 50×50
m2 was sampled in Dalli area. 165 Samples with size fraction
of “200 mesh were collected from the study area and were
analyzed for 30 elements using inductively coupled plasma
mass spectrometry (ICP-MS).

PCA method has been applied to the geochemical data
in spatial domain. The PCA has divided the spatial domain
data into 5 components (Table 1). Applications of the PCA
method on spatial domain shows that the second principal
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component is related to the mineralization phase and
contains the elements Au, As, B, Cr, Cu, Li, Mn, Ni, Mo
and Zr. In this component Cu, Au and Mo have been
separated with negative values. Factor two evaluates some
other elements with positive values.

To determine the mineralization pattern and to discuss
the mineralization components and identify the new
exploration properties, spatial-domain geochemical data has
been transferred to position – scale domain using 2DDWT.
WFs of Haar, Coiflet2, Biorthogonal3.3 and Symlet7 have
been applied separately to decompose the geochemical data
to approximate and detail components in one level. Figure
3 illustrates the approximate and detail components of Cu
in one level decomposition and reconstruction map of
geochemical distribution using Haar discrete wavelet
transform (HDWT). Detail component is calculated in the
horizontal, vertical, and diagonal directions. Detail
component represent high frequencies and large changes of
concentration. Approximate component shows low
frequencies and little changes of concentration and is similar
to the initial geochemical distribution of elements. These

maps present the wavelet coefficients with values from 0 to
250. The original map is the distribution map of elements in
spatial domain that has been transferred to position – scale
domain. The decomposition maps at level 1 as coefficient
distribution maps (CDM) in position – scale domain have
been calculated based on 2DDWT. These coefficients show
the frequency distribution of elements in different scales
and in vertical, horizontal and diagonal directions.

Wavelet coefficients demonstrate similarity between
mother wavelet and geochemical distribution of elements
on different scales. These coefficients have appropriate
exploratory information that may be not achievable in spatial
domain of geochemical data. These wavelet coefficients can
be used for analysis of geochemical data. In this paper, a
new method is proposed based on coupling DWT and PCA
for mineralization elements forecasting applications.
Therefore a new cumulative index, CL1, is presented based
on wavelet coefficients:

CL1 = cA1 + cd1h + cd1v + cd1d (3)

Where cd1d, cd1h and cd1v are detail wavelet coefficients

Table 1. Rotated component matrix in PCA method for spatial and position – scale domain (Haar wavelet function) of geochemical data

Spatial domain data Wavelet Transform(CL1 index)
Component Component

1 2 3 4 5 1 2 3 4 5

Au -0.193 -0.631 0.530 -0.430 0.049 Au -0.509 -0.504 -0.408 -0.306 0.132
Al 0.792 0.325 -0.173 0.242 -0.151 Al 0.446 0.745 0.321 0.131 -0.107
As -0.220 0.669 -0.074 0.336 -0.049 As 0.673 -0.189 0.234 0.147 -0.146
B -0.024 0.776 -0.417 0.163 0.084 B 0.818 -0.003 0.077 0.374 -0.009
Ba 0.681 0.132 -0.212 0.090 0.379 Ba 0.088 0.646 0.059 0.289 0.339
Ca 0.199 0.326 -0.744 -0.212 -0.109 Ca 0.291 0.082 -0.265 0.800 -0.092
Ce -0.186 0.205 0.105 -0.156 0.891 Ce 0.167 -0.105 -0.142 -0.003 0.923
Co 0.481 0.493 -0.035 0.298 -0.322 Co 0.547 0.399 0.349 0.077 -0.265
Cr 0.122 0.741 -0.128 -0.111 0.216 Cr 0.776 0.111 -0.094 0.222 0.175
Cu -0.076 -0.633 0.473 -0.507 0.120 Cu -0.643 -0.254 -0.497 -0.310 0.137
Fe 0.419 -0.167 0.729 -0.088 -0.069 Fe -0.276 0.326 -0.200 -0.708 -0.109
Ga 0.848 0.035 0.130 0.067 -0.149 Ga 0.121 0.851 0.167 -0.182 -0.092
K 0.729 0.019 0.081 -0.366 0.210 K 0.053 0.766 -0.350 -0.138 0.121
La -0.168 0.116 0.032 -0.126 0.899 La 0.094 -0.126 -0.151 0.050 0.914
Li 0.425 0.719 -0.371 0.102 0.211 Li 0.722 0.440 0.112 0.378 0.176
Mg 0.862 0.088 -0.168 -0.383 0.008 Mg 0.089 0.890 -0.322 0.156 0.020
Mn 0.323 0.835 0.134 0.080 0.006 Mn 0.881 0.235 0.012 -0.079 0.049
Mo 0.189 -0.677 0.313 0.208 0.217 Mo -0.563 0.207 0.336 -0.006 0.163
Na 0.668 0.304 -0.047 0.398 -0.378 Na 0.249 0.601 0.415 -0.068 -0.478
Ni 0.027 0.896 -0.291 0.037 0.221 Ni 0.902 0.037 0.008 0.308 0.191
P 0.021 0.046 0.630 -0.177 0.109 P 0.019 0.027 -0.293 -0.598 -0.053
Pb 0.318 0.112 0.060 0.813 -0.172 Pb 0.167 0.222 0.829 0.000 -0.119
S 0.031 0.134 -0.403 0.741 -0.148 S -0.086 -0.095 0.780 0.263 -0.172
Sc 0.839 -0.320 -0.133 0.090 0.117 Sc -0.400 0.807 0.180 0.142 0.106
Sr 0.074 0.361 -0.728 0.335 -0.141 Sr 0.412 0.086 0.331 0.721 -0.197
Ti 0.498 -0.243 0.269 -0.712 0.088 Ti -0.448 0.492 -0.636 -0.194 0.057
V 0.726 -0.187 0.426 0.034 -0.132 V -0.228 0.719 0.005 -0.394 -0.220
Y 0.344 0.045 0.160 -0.087 0.796 Y -0.039 0.454 -0.008 -0.124 0.770
Zn 0.664 0.336 0.242 0.240 -0.123 Zn 0.397 0.580 0.206 -0.242 -0.069
Zr -0.044 0.778 0.161 0.251 0.175 Zr 0.827 -0.040 0.163 -0.088 0.237
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matrix in diagonal, horizontal and vertical directions,
respectively and cA1 is approximate wavelet coefficients
matrix in one level decomposition of elements. In fact, the
similar values between the GDM and mother wavelet at
different scales have been added together.Approximate and
detail wavelet coefficients and subsequently index CL1
correspond to variability in the concentration of elements
so that the initial GDMs can be reconstructed using these
coefficients. These wavelet coefficients contain the
information of spatial and frequency domains simul-
taneously. Cumulative index CL1 has been calculated for all
30 elements separately, and then, the PCA method has been
applied on this index. The results of this analysis on the
position – scale domain for Coiflet2, Biorthogonal3.3 and
Symlet7 WFs are similar together (Tables 2 and 3). The
PCA has divided these data into 6 components and third
principal component has been recognized as mineralization
factor. Application of the PCA method on position – scale
domain (Coiflet 2 and Biorthogonal3.3 WFs) shows that
the elements Au, Ca, Fe, Cu, P, S and Sr are related to the
mineralization phase. The results of  Symlet 7 WF shows
that the elements Au, Ca, Fe, Cu, P, Pb, S, Ti and Sr exposure
in the third principal component as mineralization phase.

The results of position – scale domain for Coiflet2,
Biorthogonal3.3 and Symlet7 WFs has classified Mo
element in factor 6.

PCA has classified the position – scale domain
geochemical data (using Haar WF) into five components
(Table 1). The number of principal components obtained in
this analysis has been reduced in comparison to the

components in Coiflet2, Biorthogonal3.3 and Symlet7 WFs.
The first principal component, mineralization component
consists of Au, Cu, Mo, As, B, Co, Cr, Li, Mn, Ni and Zr.
Cu, Mo and Au have been classified in this factor with
negative values. The results of this analysis on the position
– scale domain (Haar WF) have identified the mineralizing
elements of Au, Cu, Mo and also show the component of
mineralization much better than the PCA results of the
Coiflet2, Biorthogonal3.3 and Symlet7 WTs. Figure 4
illustrates the PCA values of mineralization factor in
Coiflet2, Biorthogonal3.3, Symlet7 and Haar WTs.

The final analytical results of position – scale domain
for these WFs and spatial domain of geochemical data have
been given in Table 4.

The results obtained by new index CL1 in Haar WF are
same as the results of spatial domain. The Haar mother
wavelet shows the results better than the other mother
wavelets and is suitable for interpretation of geochemical
data.

The results of applying PCA on the position – scale
domain (HDWT) geochemical data have led to the
determination of the Au, Cu and Mo elements as mineralizing
factors. These results have been confirmed by borehole data
and trenches in this study area. The results of chemical
analyses show high concentrations of Au and Cu. An
enrichment of Au and Cu in porphyry granodiorite stock
illustrates a relationship with the contact of quartz diorite
porphyry and andesite rocks. Figure 5 illustrates the PCA
values of mineralization factor in spatial domain and
HDWT (values in Table 1).

Fig.3. Schematic diagram of two-dimensional Cu geochemical distribution in one level of decomposition using Haar 2DDWT
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Table 2. Rotated component matrix in PCA method for position – scale domain (Bior 3.3 and Coiflet2 wavelet functions) of  geochemical
data

Bior 3.3 Coiflet 2
Component Component

1 2 3 4 5 6 1 2 3 4 5 6

Au -0.45 -0.14 -0.64 -0.48 0.06 -0.01 AU -0.42 -0.18 -0.66 -0.47 0.01 0.01
Al 0.32 0.64 0.24 0.54 -0.15 0.02 Al 0.31 0.62 0.29 0.57 -0.12 -0.02
As 0.60 -0.32 0.18 0.31 -0.01 0.11 As 0.64 -0.25 0.24 0.24 0.04 0.15
B 0.73 -0.07 0.38 0.18 0.01 0.30 B 0.77 -0.06 0.35 0.17 0.02 0.27
Ba 0.26 0.73 0.29 0.11 0.21 -0.13 Ba 0.25 0.75 0.29 0.16 0.17 -0.07
Ca 0.15 0.28 0.54 0.02 -0.02 0.68 Ca 0.17 0.28 0.53 0.06 -0.01 0.70
Ce 0.18 -0.08 -0.05 -0.13 0.94 0.02 Ce 0.16 -0.08 -0.04 -0.12 0.95 0.04
Co 0.31 0.23 0.14 0.67 -0.20 0.25 Co 0.36 0.28 0.17 0.67 -0.15 0.25
Cr 0.83 0.17 0.16 -0.04 0.06 0.05 Cr 0.82 0.17 0.23 0.00 0.02 0.02
Cu -0.56 -0.16 -0.51 -0.43 0.18 0.16 Cu -0.53 -0.19 -0.53 -0.42 0.15 0.15
Fe -0.20 0.27 -0.80 0.18 -0.08 -0.05 Fe -0.19 0.24 -0.80 0.26 -0.09 -0.02
Ga 0.08 0.77 -0.10 0.40 -0.15 -0.11 Ga 0.09 0.76 -0.03 0.44 -0.13 -0.18
K 0.10 0.85 -0.24 -0.05 0.03 0.02 K 0.08 0.86 -0.23 0.05 0.00 0.01
La 0.12 -0.09 0.00 -0.18 0.93 0.02 La 0.13 -0.10 -0.02 -0.18 0.93 0.04
Li 0.69 0.44 0.39 0.25 0.12 0.10 Li 0.66 0.44 0.45 0.27 0.11 0.08
Mg 0.03 0.93 -0.02 0.04 -0.03 0.28 Mg 0.02 0.93 0.03 0.11 -0.05 0.26
Mn 0.74 0.11 -0.08 0.45 0.07 0.32 Mn 0.74 0.05 0.02 0.50 0.04 0.27
Mo -0.49 0.25 -0.04 0.02 0.06 -0.59 Mo -0.54 0.25 0.00 0.06 0.03 -0.55
Na 0.16 0.46 0.10 0.58 -0.48 -0.12 Na 0.14 0.44 0.14 0.64 -0.43 -0.11
Ni 0.90 0.04 0.31 0.10 0.14 0.17 Ni 0.89 0.04 0.36 0.11 0.13 0.13
P -0.06 -0.01 -0.67 -0.01 0.04 -0.05 P -0.15 -0.02 -0.68 -0.01 0.04 -0.09
Pb 0.14 0.06 0.30 0.81 -0.07 -0.30 Pb 0.16 0.09 0.37 0.78 -0.03 -0.30
S 0.16 -0.08 0.63 0.49 -0.21 -0.19 S 0.20 -0.01 0.68 0.46 -0.16 -0.09
Sc -0.31 0.80 0.20 0.28 0.06 -0.11 Sc -0.37 0.81 0.17 0.23 0.07 -0.05
Sr 0.25 0.03 0.76 0.36 -0.09 0.31 Sr 0.29 0.08 0.74 0.33 -0.05 0.39
Ti -0.42 0.60 -0.44 -0.28 0.07 0.31 Ti -0.43 0.59 -0.48 -0.22 0.02 0.32
V -0.20 0.63 -0.40 0.39 -0.22 -0.07 V -0.20 0.59 -0.37 0.50 -0.21 -0.02
Y -0.01 0.46 -0.10 0.13 0.73 -0.18 Y -0.05 0.47 -0.03 0.17 0.72 -0.22
Zn 0.23 0.38 -0.18 0.75 0.05 0.24 Zn 0.25 0.34 -0.12 0.79 0.05 0.20
Zr 0.87 -0.05 -0.01 0.14 0.15 -0.23 Zr 0.86 -0.01 0.04 0.15 0.18 -0.29

�

�

Fig.5. PCA values of mineralization factors in spatial and position – scale domain (Haar WT)

Fig.4. PCA values of mineralization factors in position – scale domain (Coiflet 2, Symlet 7, Bior 3.3 and Haar WFs)



JOUR.GEOL.SOC.INDIA, VOL.88, AUGUST 2016

COMPARISON  OF  MINERALIZATION  PATTERN  OF  GEOCHEMICAL  DATA  USING  NEW  DWT-PCA APPROACH 241

In this diagram, the scores of elements in mineralization
factor have been illustrated for HWT and spatial domain.
Cu, Au and Mo have successfully been separated from other
elements using CL1 index in Haar WT. Therefore new index
CL1 in Haar WT can be especially useful for analysis of
geochemical data.

GDM in spatial domain based on the results of PCA has
been depicted (Fig.6b).  Factor 2 as a mineralization factor
in PCA consists of Cu, Au, and Mo. Factor scores for all
samples have been delineated to show GDM. The trenches,
IP profiles, drilled boreholes and the direction of these
boreholes have also been shown in the figure. The results
of position – scale domain have high diversity and given
more exploratory information than spatial domain. CL1 index

as a new exploratory criterion in position – scale domain
has been analyzed using PCA method (Table 1). Factor1 as
a mineralization factor consists of Cu, Au, and Mo. The
scores of all samples in this factor that related to Haar
wavelet transform coefficients have been depicted to create
the coefficient distribution map (CDM). The CDM in
position – scale domain can desirably show the GDM in
spatial domain (Fig.6a). The obtained results from drilled
boreholes and trenches confirm the results of CDM in Haar
WT. The diagonal details of coefficients in decomposition
of level 1 show the high geochemical frequencies that related
to high diametrical variability of the elements. The CDM of
cd1d can desirably shows the high diametrical variability in
GDM and is related to the mineralization trend. Hence, the
boreholes and trenches can be designed based on CDM of
cd1d. The CDM of cd1d for Cu element has been calculated
and depicted in Fig.6c. The IP profiles, boreholes and
trenches have been illustrated in the CDM of cd1d. The CDM
of cd1d for Cu element shows the mineralization trend that
has mostly been located in NE direction. In the study area,
the volcanic and pyroclastics rocks are also located in N-
NE direction based on the regional geology. The drilled
boreholes and trenches show the mineralization intensity as
well as the results of CDMs of cd1d and CL1index.

Information obtained from the exploration drillings in
the study area confirm the analytical results of Haar WT of
geochemical data. Borehole DDH03 has been drilled in the
study area (Figs. 1 and 6). There are supergene, transition
and hypogen zones in the study area. The type of ore minerals
defines the boundary of these zones. In the study area,
potassic alteration associates with chalcopyrite, bornite, and/
or minor molybdenite intergrowth with quartz. Distribution
of Cu-Au and Mo elements in borehole DDH03 is shown in
Figs. 7 and 8, respectively. There is a clear trend in variations
of Cu, Au, and Mo in the study area. There is a sequential
enrichment of Mo→Cu→Au from the intrusive rock
(granodiorite rock) to the contact of quartz diorite porphyry,
andesite and wall rock in the mineralized zone.

CONCLUSIONS

In this study, in order to determine the mineralization

Table 3. Rotated component matrix in PCA method for position – scale
domain (Symlet 7 wavelet function) of geochemical data

Symlet 7
Component

1 2 3 4 5 6

Au -0.43 -0.22 -0.72 -0.35 0.00 0.04
Al 0.31 0.64 0.37 0.51 -0.12 -0.05
As 0.64 -0.25 0.30 0.22 0.10 0.16
B 0.76 -0.06 0.37 0.16 0.03 0.28
Ba 0.27 0.75 0.30 0.11 0.15 -0.05
Ca 0.14 0.28 0.52 0.07 -0.01 0.71
Ce 0.16 -0.08 -0.07 -0.09 0.96 0.04
Co 0.33 0.30 0.27 0.66 -0.14 0.20
Cr 0.82 0.14 0.23 -0.02 0.00 0.07
Cu -0.54 -0.22 -0.58 -0.31 0.15 0.17
Fe -0.19 0.23 -0.76 0.38 -0.10 -0.04
Ga 0.10 0.78 0.04 0.40 -0.13 -0.20
K 0.08 0.85 -0.23 0.07 0.00 0.02
La 0.13 -0.11 -0.05 -0.14 0.93 0.05
Li 0.66 0.45 0.48 0.21 0.09 0.11
Mg 0.00 0.93 0.04 0.11 -0.05 0.26
Mn 0.72 0.05 0.09 0.54 0.03 0.25
Mo -0.48 0.26 0.02 0.00 0.00 -0.59
Na 0.15 0.47 0.23 0.58 -0.43 -0.15
Ni 0.88 0.04 0.37 0.08 0.11 0.17
P -0.16 -0.01 -0.68 0.03 0.06 -0.15
Pb 0.14 0.08 0.52 0.67 0.00 -0.35
S 0.23 0.03 0.75 0.33 -0.16 -0.09
Sc -0.35 0.82 0.20 0.18 0.06 -0.08
Sr 0.28 0.10 0.77 0.26 -0.05 0.38
Ti -0.46 0.57 -0.51 -0.13 0.02 0.33
V -0.19 0.60 -0.30 0.54 -0.23 -0.06
Y -0.03 0.49 0.00 0.15 0.71 -0.25
Zn 0.24 0.35 -0.01 0.82 0.04 0.14
Zr 0.87 0.01 0.05 0.11 0.17 -0.26

Table 4. The final results of position – scale domain for Coiflet2, Biorthogonal3.3 and Symlet7 WFs and spatial domain of geochemical data

Spatial domain Haar WF Biorthogonal3.3 WF Coiflet2 WF Symlet7 WF

Mineralization Negative values: Negative values: Negative values Negative values: Negative values:
component (Au, Cu, Mo) (Au, Cu, Mo) (Au, Fe, Cu, P) (Au, Fe, Cu, P) (Au, Fe, Cu, P, Ti)

Positive values : Positive values : Positive values: Positive values: Positive values:
(As, B, Cr, Li, (As, B, Co, Cr, Li, (S, Sr, Ca) (S, Sr, Ca) (S, Sr, Ca, Pb)
Mn, Ni, Zr) Mn, Ni, Zr)
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pattern and identify the elements related to mineralizing
phase, the PCA method has been applied on spatial and
position – scale domains of soil geochemical data in Dalli
area. 2DDWT, which can capture the multi-scale features
of signals, has successfully been used to decompose the

geochemical distribution of elements and transfer them to
position – scale domain. The wavelet coefficients of
geochemical data have appropriate exploratory information
that may be not achievable in the spatial domain. Therefore
a new cumulative index, CL1, has been presented based on

Fig.6. Geochemical distribution maps, a: Map of interpolated scores of mineralization factor in position - scale domain using Haar WT
(CDM of F1 in CL1 index), b: Map of interpolated scores of mineralization factor in spatial domain (F2), c: CDM of diagonal
detail in first level of decomposition for Cu element using Haar WT
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wavelet coefficients, and PCA has been performed on this
index. The results of this analysis on the position – scale
domain for Coiflet2, Biorthogonal3.3 and Symlet7 WFs are
together similar. The results of this analysis on the Haar
WT have desirably identified the mineralizing elements of
Au, Cu, Mo and also have shown the component of
mineralization much better than the PCA results of the other
WFs. Hence, the Haar wavelet is a suitable mother wavelet
for interpretation of geochemical data. The two CDMs based
on CL1 index and cd1d can illustrate the GDM and the

variability of mineralization. The CDM obtained from
2DDWT, a newly proposed approach, has high ability for
facilitating analysis of geochemical data and designing the
trenches, boreholes and geophysical profiles.  Information
obtained from the exploration drillings in the study area
confirms the analytical results of WT of geochemical data.
The results of this study indicate the potential of DWT –
PCA models as pattern recognition and useful  for
interpretation of geochemical data.
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