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Abstract: The Kivi area in the East Azerbaijan Province of Iran is one of the country’s highest-

potential regions for metal element exploration. The primary goal herein was to process the data 

obtained from geochemical, geostatistical, and remote sensing tools (in the form of stream sediment 

samples and satellite images) to identify metallic mineralization anomalies in the region. After 

correcting the raw stream sediment geochemical data, single-variable statistical processing was 

performed, and Ti and Zn were identified as the elements with the highest degree of contrast. The 

relationship among these elements was further investigated using correlation and hierarchical 

clustering analyses. Principal component analysis was then applied to determine the principal 

components related to these elements, which were subsequently plotted on a regional geological 

map. Elements related to Ti and Zn were identified using threshold limits of anomalous samples 

determined via linear discriminant analysis. Lithological units and alteration patterns were detected 

through remote sensing investigations on Landsat-8 images. Stream sediment geochemical and 

remote sensing survey results identified anomalous areas of Ti and Zn in the eastern part of the 

study region. Our results indicate that Ti and Zn are good pathfinder elements for further 

exploratory investigation in this area. 

Keywords: geochemical exploration; geostatistics; stream sediment samples; exploratory remote 

sensing; principal component analysis; linear discriminant analysis 

 

1. Introduction 

Currently, geochemical exploration is deemed a critical means of generating a data layer in the 

mineral exploration process [1–8]. Many parameters are used in exploratory data analysis—including 

the full range of geochemical analysis products, the detection limits, sensitivity and accuracy of 

analyzers, the possibility of analyzing various geochemical variables and various data processing 

methods—with the goal of obtaining optimal results. Other tools relied upon by modern geochemists 

include software applications suitable for achieving exploration goals [9]. Once the enormous amount 

of information that has been entered into the exploration of geochemical data processing cycles has 

been digitized, experts can obtain solutions for determining high-potential and promising 

exploration regions [10]. 

The efficiency of the classic exploratory system and the current reliance on objective findings in 

the desert are not well-suited to exploration. Mineral exploration studies can make it easier to achieve 
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exploration goals through a sequential process of applying statistical rules and geostatistical methods 

for determining the probability of mineral concentrations [11]. The Kivi area, located in the East 

Azerbaijan Province of Iran, has a high mineral potential of metal elements that can be better defined 

through geochemical investigation. Herein, the presence of the elements Ti, Zn, Mn, Cr, Sr, Mo, Cu, 

Ag, and As in the region was assessed using single-variable analysis and comparison with the 

concentration limits in stream sediments. By investigating the behavior of these elements in terms of 

their direct and relative relationships, several were identified as present in sufficient concentrations 

for potential exploitation. The principal components analysis (PCA) statistical method [12] was used 

to identify the lithology of the region and the mineralization marker as the primary and secondary 

components, respectively. To obtain more accurate results, a tree diagram of the hierarchical 

clustering of the elements was drawn using methods such as the squared Euclidean distance [13,14], 

reducing the set of elements related to mineralization in the region to Ti and Zn. The statistical 

communities of these two elements were then separated based on a probability diagram, and the 

geochemical limits of each community were determined and analysed via linear discriminant 

analysis (LDA) [15,16]. Finally, satellite image processing methods were used to identify the 

alteration and lithological units [17] in the Kivi area and the results were compared with those of 

other statistical studies. 

2. Geological Setting of the Kivi Area 

Figure 1 shows a geological map of Kivi (scale 1:100,000), including the Ardabil Province in the 

vicinity of the cities of Ardabil, Khalkhal and Mianeh. The study area is located in the northwestern 

portion of the 1:250,000 geological map of Anzali port and has the geographical coordinates 48° 00′ 

to 48°30′E longitude and 37°30′ to 38°00′N latitude. 

 

Figure 1. Simplified geological map of the Kivi area with streams. (Left: by Time, Right: by lithology). 
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The mountain ranges in this region trend mostly north–south and have a very harsh 

morphology, which is clearly visible in some areas, particularly in the drainages. The region includes 

Eocene and young volcanic rocks in the northwest, and along the Ardabil–Kivi road there are 

outcrops of Neogene loose marl sediments, flat ground, and hill-like marshes. In general, there are 

two main mountain ranges in this area: in the eastern part of the region, the highest elevation exceeds 

2600 m, and in the western part, the highest elevation is approximately 2500 m. 

The Kivi area comprises three sedimentary, igneous and metamorphic units. The oldest existing 

sedimentary unit comprises pre-Cretaceous rocks, whereas the youngest comprises Quaternary 

sediments. The geological characteristics of the rock units are as follows. 

2.1. Pre-Cretaceous Rocks 

These are found in the western part of Haji Yousef Village along the Sangabad Road, with 

outcrops of metamorphic rocks including sericite schist and andalusite micaschiste. 

2.2. Upper Cretaceous 

Cretaceous limestone outcrops are found only in the southeastern part of the study area and are 

more spread out towards the east. This unit is a massive-to-thick layered silica limestone, interlayered 

with lime, calcareous and pyrite shales. It is grey in colour. 

2.3. Eocene 

The Eocene deposit in the region is a sedimentary and igneous unit that covers majority of the 

area  and includes conglomerate, green tuffs, tuffaceous sandstone, lithic tuff, sand and tuff limestone, 

andesitic lava, andesitic basalt, and basalt and rhyolitic and rhyodacitic yellowish tuffs. 

2.4. Oligocene 

Following the vast Eocene volcanic activity with a probable gap, Oligocene rhyolite, and an 

andesitic eruption “related to pyrenean orogeny” activities, were continued with marl and sandstone 

sedimentation. 

2.5. Miocene 

The Miocene unit includes lahar with trachytic and dacitic fragments, perlite, dacitic, and 

trachytic lava with crystal tuff and vitric tuff and ignimbrite in the west of the Kivi region. In addition, 

there are dacite–trachyte with cherty bands, pumice tuff, lithic tuff, and white rhyodacitic volcanic 

ash in the northwest. Altered purple trachyandesite and andesitic vitric tuff with perthitic texture  are 

located in the southwestern part of the region. 

2.6. Quaternary 

The youngest volcanic rocks in the study area are black  basalts with vesicular texture that 

horizontally cover all older stones. Travertine outcrops with white, lemon, and red coloring occur in 

the mid-east of the region. This unit comprises stream sediments such as rubble and sand. The 

igneous rocks include dacitic, middle, and basic combinations. There are Gabbro outcrops in the 

eastern and northern parts of the study area. All intrusive masses cut Eocene volcanic rocks, possibly 

as a result of a Pyrenean (Eocene–Oligocene) orogenous phase. 

3. Methodology and Materials 

3.1. Exploration Geochemistry 

A stream sediment sampling method in which 714 samples of stream sediments were collected 

from the Kivi area and analysed for the presence of 63 elements using the inductively coupled 
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plasma-mass-spectrometry (ICP-MS) method (Table 1) was applied. Figure 2 shows the locations 

from which the samples were collected. 

Table 1. Element determined on the stream sediment samples (N = 714). 

Elements 

Ag Al As Au Ba B Be Bi Br Ca Cd Ce Co Cr 

Cs Cu Eu F Fe Ga Ge Hf Hg In Ir K La Li 

Mg Mn Mo Na Nb Nd Ni Os P Pb Pd Pr Pt Rb 

Re Ru S Sb Sc Se Si Sn Sr Ta Te Th Ti Tl 

U V W Y Yb Zn Zr        

 

Figure 2. Topographical map showing the location of stream sediment samples in the Kivi area . 

3.1.1. Raw Data Preparation Methods 

Before using raw data, censored and outlier data must be identified and replaced. Such data 

cause problems in the application of statistical methods, which require a complete set of non-censored 

data. In some cases, such as the separation of anomalies from the background and relative 

measurement, the presence of censored data produces inappropriate evaluation results. If the 

censored data are identified and replaced, the amount of background and the intensity of anomalies 

can be calculated with high accuracy [18]. 

Outlier data have the same effect as censored data in terms of generating errors from 

geochemical data. Outlier data, which are data points that significantly deviate from other observed 

data [19,20], typically have two sources: sampling error and errors in laboratory measurement and 

analysis [21]. Outlier data can cause serious problems in statistical investigation and the future 

decisions based on its results [22]. 

Several methods can be used to detect and replace censored and outlier data. Herein, a simple 

method was used to replace censored data in which values below the analyzer detection limit were 

replaced by 3/4 of the recorded values. However, this method has a fundamental problem in that it 
is not affected by the statistical parameters of the data community and is merely a function of the 

sensitivity of the measurement method [18,23]. 
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The Doerffel method was used to identify and replace outlier data [22]. Doerffel developed a 

graph for determining the threshold of outlier data values at two levels of accuracy: 5% and 1% (see 

Figure 4) [24,25]. 
To perform the Doerffel test, the averages (�̅) and standard deviations of the data points were 

calculated regardless of the maximum data value. The largest data value (xA) was considered to be 

outside of the range if the following equation was satisfied: 

gsxx A . , (1) 

where “g” is the threshold limit for outlier values, which can be calculated using the graph shown in 

Figure 3. 

 

Figure 3. The threshold of outlier values (g) as a function of the sample number (n) and the level of 

accuracy. 

3.1.2. Correlation Investigations of Raw Data 

By applying correlation analysis to the raw data, the relationship between each set of two 

elements could be calculated.  Using these results, the relationship between the mineralization and 

mobility of different elements can be identified [25]. Correlation  analysis is useful in predicting the 

behaviour of elements in a region [26], and a behavioral analysis of different elements can be used to 

determine the relationship between mineralization and geochemical halos [27,28]. 

3.1.3. Hierarchical Clustering Analysis Method (HCA) 

The hierarchical clustering analysis (HCA) method was used to divide elements into clusters 

within which related elements could be grouped. HCA can be applied using two different clustering 

strategies—the agglomerative and divisive methods—which are shown in Figure 4 [29]. 

 

Figure 4. Hierarchical clustering strategies. 
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3.1.4. Principal Components Analysis (PCA) 

The principal components method (PCA) method is used to reduce the size of a dataset.  By 

applying this method, the overall set of data can be replaced by data that are most highly correlated 

with each other [30,31]. The PCA method is based on the calculation of eigenvalues and eigenvectors 

to reduce the dimensionality of the dataset [32]. The new data generated by PCA will therefore be 

independent of each other [18]. To obtain the eigenvalues and eigenvectors, the bands correlation 

matrix must be calculated first [33]. 

3.1.5. Linear Discriminant Analysis (LDA) 

LDA is a community separation technique [34] based on the number of categories that include 

interdependent variables [35]. Figure 5 presents the steps of LDA [36,37]. 

 

Figure 5. Steps in discriminant analysis. 

Figure 6 shows the application of linear classification boundaries when a dataset including two 

variable groups is modeled using LDA [28]. 

 

Figure 6. Schematic image of the separation of two communities by linear discriminant analysis 

(LDA) method. 

3.2. Exploratory Remote Sensing 
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Herein, remote sensing was performed using the Landsat 8 satellite data for the Kivi region.  
Methods used for remote sensing on raw corrected satellite data include band combinations and 

multiplications, band ratios and developed selective PCA (DSPCA), which is applied to the 

shortwave infrared (SWIR) and near infrared (NIR) spectral bands of Landsat-8 [38,39]. 

Lithological units can be separated and high-potential mineral areas can be identified using 

advanced remote sensing (RS) methods in the SWIR and NIR spectral bands of the satellite [40–43]. 

The accuracy of the images used in this study ranged between 15 and 100 m [44]. 

Remote Sensing Data 

A cloud-free remotely sensed dataset from the Landsat-8 sensor (October 2017) covering the Kivi 

area was obtained through the United States Geological Survey and its metadata were used to 

transform recorded digital number values to radiance values [45]. The internal average relative 

reflectance (IARR) [46] was used as an atmospheric correction technique; to normalize images to a 

scene average for obtaining reflectance from the radiance data: the IARR calibration was applied [47] 

and the images were then resized to the research area. 

4. Results and Discussion 

4.1. Exploratory Geochemistry 

4.1.1. Censored and Outlier Data 

Given the large quantity of censored data in some of the elements, censored elements were, to 

the greatest extent possible, replaced with values obtained using the Doerffel method, whereas 

elements with very high values were removed. Table 2 lists the remaining elements following the 

initial refinement. 

Table 2. Analyzed elements after initial refinement. 

Elements 

Ag As Au Ba Be Co Cr Cu Mn Mo 

Ni Pb Sb Se Sn Sr Ti W Zn  

4.1.2. Single-Variable Initial Analysis 

After analyzing the data in single-variable form, as listed in Table 3, the most important elements 

for the study were selected according to a histogram and probability diagram of the overall dataset. 

In cases of mineralization or contamination of samples through anthropogenic activities in the 

region, the mean values did not correspond to the median values, which deviated to the left or right 

of the mean. In this condition, there was no symmetry in the histogram. In the probability diagram, 

the data did not lie along a straight line. Consequently, the important elements were separated from 

other elements owing to their high values relative to the background as well as the skewness, 

Kurtosis, and asymmetry of the histogram and the non-linearity of the probability graph. Based on 

the results listed in Table 3, which presents a statistical analysis of the elements and the anomalous 

limits of each element in the stream sediments, eight important elements were selected and arranged 

in order of priority.  The elements suspected of being anomalous to the area are also listed in the Table 

3. Ti and Zn were identified as the most important elements in the region based on the statistical 

parameters and anomalous limits of the stream sediments. Probability charts and non-logarithmic 

histograms of Ti and Zn are plotted in Figures 7 and 8, respectively. 
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Table 3. Single-variable statistics parameters and anomalous limits for elements in drainage sediments. 

Elements 
Mean Median Mode Min Max Varance 

(ppm)2 
Skewness Kurtosis 

Standard 

Deviation (ppm) 
CV 

Anomalous Limit 

(ppm) 

Anomal 

Priority ppm 

Ag 0 0.15 0.13 0.03 4.80 0.079 10.84 147.2 0.2803 140.17 0.1 7 

As 15 10.85 4.9 0.50 175 250.78 4.35 26.92 15.84 102.83 1 to 50 8 

Au 0 0 0 0.00 0.02 0.000 3.34 18.90 0.0018 78.87 - - 

Ba 657 661 628 169 1480 42,519.1 0.195 −0.005 206.21 31.41 100 to 3000 Suspicious 

Be 2 1.9 2.00 1 14 1.49 3.97 21.84 1.22 55.52 6 - 

Co 18 16.65 17 3.5 62.2 53.47 1.20 2.55 7.31 40.62 1 to 40 Suspicious 

Cr 73 48 40 11 1100 7155.69 5.18 41.83 84.59 116.52 5 to 1000 3 

Cu 80 70 112 13 222 1756.87 0.94 0.32 41.92 52.39 2 to 100 5 

Mn 989 956 1000 449 3160 52,997.3 2.27 13.03 230.21 23.28 850 4 

Mo 2 1.90 1.5 0.1 38.6 3.48 10.77 202.7 1.86 83.99 2 6 

Ni 35 27 21 9 210 751.77 3.2 11.81 27.42 79.48 5 to 500 Suspicious 

Pb 16 15.4 15.1 5.9 56.2 20.46 2.36 14.54 4.52 28.63 2 to 200 - 

Sb 2 1.3 0.8 0.2 25.3 5.68 3.67 19.99 2.38 113.53 5 - 

Se 1 0.7 0.7 0.2 1.8 0.07 0.41 0.3 0.26 38.45 - - 

Sn 2 1.5 1.4 0.8 8.2 0.55 2.99 12.83 0.74 41.35 10 - 

Sr 501 490.5 464 70 1030 28,067.92 0.17 0.061 167.53 33.44 50 to 1000 4 

Ti 5683 5440 5580 1940 21,700 2,938,249 2.60 16.79 1714.13 30.16 5000 1 

W 3 2.2 2.1 0.8 9.6 1.59 2.204 6.59 1.26 48.55 - - 

Zn 183.8 200.4 118 102.3 468 10.43 6.99 8.66 7.00 33.95 10 to 300 2 

Note: CV—Coefficient of variation. 
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Figure 7. Probability diagram and in non-logarithmic histogram for Ti element. 
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Figure 8. Probability diagram and in non-logarithmic histogram for Zn element. 

4.1.3. Correlation Coefficients and Hierarchical Clustering 

A lack of dependence between variables is the main criterion in single-variable and related 

statistical studies. However, in practice, such independence is not found in nature because various 

factors, such as genetics, effectively dominate the relationship and dependence between variables. 

Thus, the value of dependence between elements can be numerically expressed in terms of the 

correlation or geochemical correlation coefficient. To determine the relationship between the 

elements in the stream sediment samples, a correlation coefficient matrix between the elements was 

developed (Table 4). 

Based on the determined correlations, clustering was performed using the squared Euclidean 

distance after normalizing the data to values between zero and one, as shown in Figure 9, in which 

the hierarchical diagram clearly groups Ti and Zn into one cluster. 

 

Figure 9. Hierarchical diagram of the elements in the Kivi area. 
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Table 4. Correlation coefficients of the studied elements. 

Elements Ag As Au Ba Be Co Cr Cu Mn Mo Ni Pb Sb Se Sn Sr Ti W Zn 

Ag 1.000                   

As 0.128 1.000                  

Au 0.020 0.09 1.000                 

Ba 0.085 0.277 −0.091 1.000                

Be 0.128 0.182 0.1 0.21 1.000               

Co −0.19 −0.128 −0.035 −0.271 −0.646 1.000              

Cr −0.089 −0.064 −0.073 −0.327 −0.563 0.678 1.000             

Cu 0.171 0.048 0.019 0.516 −0.004 0.063 −0.15 1.000            

Mn −0.112 −0.061 0.015 −0.092 −0.097 0.526 0.387 −0.045 1.000           

Mo 0.295 0.241 0.021 0.081 0.523 −0.381 −0.194 0.001 −0.046 1.000          

Ni −0.083 −0.138 −0.013 −0.442 −0.463 0.581 0.822 −0.261 0.319 −0.248 1.000         

Pb 0.248 0.307 0.08 0.345 0.689 −0.518 −0.359 0.011 −0.082 0.506 −0.308 1.000        

Sb 0.217 0.655 0.070 0.015 0.058 −0.159 0.068 −0.232 −0.11 0.283 0.018 0.18 1.000       

Se 0.294 −0.077 0.028 −0.256 0.033 0.007 0.097 −0.161 0.1 0.213 0.133 0.034 0.048 1.000      

Sn 0.256 0.226 0.068 0.003 0.64 −0.375 −0.169 −0.188 0.010 0.555 −0.181 0.632 0.19 0.19 1.000     

Sr −0.146 −0.242 −0.088 0.403 −0.236 0.253 0.055 0.429 0.102 −0.184 0.039 −0.192 −0.37 −0.106 −0.336 1.000    

Ti −0.072 0.007 −0.072 −0.033 −0.259 0.567 0.528 −0.013 0.524 −0.028 0.307 −0.153 0.051 −0.045 0.039 0.154 1.000   

W 0.183 0.409 0.109 0.189 0.697 −0.569 −0.382 −0.105 −0.176 0.526 −0.35 0.631 0.361 0.078 0.638 −0.263 −0.229 1.000  

Zn 0.065 −0.076 0.042 −0.252 −0.050 0.42 0.411 −0.053 0.534 0.058 0.318 0.064 −0.033 0.186 0.207 −0.033 0.618 −0.161 1.000 

Spearman Coloration method. 
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4.1.4. Principal Components Analysis (PCA) 

As can be observed in Figure 10, six components were found to be appropriate. The values in 

red indicate the most important elements in each component. The first component describes the 

region’s lithology whereas the second describes the mineralization (Table 5). 

 

Figure 10. The scree plot of Principal Components Analysis (PCA) on elements. 

Table 5. Principal Components and their eigen values. 

Elements 
PC 

1 2 3 4 5 6 

Ag 0.011 −0.061 0.134 0.174 0.097 0.827 

As 0.084 −0.006 0.084 −0.014 0.825 −0.029 

Au −0.132 0.119 −0.294 −0.395 0.353 0.211 

Ba −0.007 −0.081 0.838 −0.182 0.144 −0.156 

Be 0.803 −0.110 −0.301 −0.178 −0.147 0.011 

Co −0.485 0.338 −0.118 0.426 −0.101 −0.007 

Cr −0.177 0.306 −0.170 0.784 0.031 0.064 

Cu −0.140 −0.038 0.750 −0.113 −0.063 0.112 

Mn −0.013 0.851 −0.026 0.077 −0.094 -0.012 

Mo 0.662 0.004 0.097 0.151 0.085 0.095 

Ni −0.182 0.178 −0.242 0.827 −0.043 0.088 

Pb 0.688 0.161 0.244 −0.169 0.374 0.005 

Sb 0.147 −0.003 −0.091 −0.017 0.842 −0.010 

Se 0.170 0.095 −0.302 −0.128 −0.153 0.598 

Sn 0.812 0.138 −0.261 −0.161 −0.047 0.054 

Sr −0.414 0.228 0.557 −0.050 −0.277 −0.095 

Ti −0.045 0.805 0.078 0.206 0.017 −0.023 

W 0.766 −0.082 −0.200 −0.203 0.224 −0.004 

Zn 0.221 0.826 −0.067 −0.003 0.152 0.071 

4.1.5. Separating Communities on the Probability Chart 

The Ti and Zn communities were separated using a probability diagram to determine the 

boundaries of the geochemical threshold. The breakpoints of the probability chart, which represent 

changes in trend, were considered community boundaries [26]. Probability charts of Ti and Zn are 

shown in Figures 11 and 12, respectively, and anomalous values for the two elements are listed in 

Table 6. 
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Table 6. Anomalous values for titanium and zinc elements (ppm). 

Background Anomaly 1 Anomaly 2 Elements 

5000 7800 Upper 7800 Ti 

100 120 Upper 120 Zn 

 

Figure 11. Separation of titanium element communities on the probability diagram. 

 

Figure 12. Separation of zinc element communities on the probability diagram. 

4.1.6. Linear Discriminant Analysis (LDA) 

The LDA method was applied to separate the domains of Ti and Zn using the community 

separation results. 

Community Separation Based on Ti Element Classifications 

Three communities were separated for the Ti element (Figure 13); the communities and their 

element names are shown in Figure 14. The validity of this separation is provided in Table 7. 
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Figure 13. Separated communities of titanium element using LDA method. 

 

Figure 14. Separated communities of titanium element with name of members. 

Table 7. LDA titanium communities cross validation. 

Titanium Groups 
Predicted Group Membership 

Total 
First Second Third 

Cross 

Validation 

Count 

First 237 14 0 251 

Second 33 369 1 403 

Third 0 1 59 60 

Percentage 

First 94.4 5.6 0 100 

Second 8.2 91.6 0.2 100 

Third 0 1.7 98.3 100 

Community Separation Based on Zn Element Classification 

Three communities were separated for the Zn element (Figure 15); Figure 16 shows them with 

their element names in Figure 16. The validity of this separation is provided in Table 8. 
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Figure 15. Separated communities of zinc element using LDA method. 

 

Figure 16. Separated communities of zinc element with name of members. 

The results listed in Table 8 indicate that the separation was performed with a high degree of 

accuracy.  For example, 91.5% of samples are in the first group while only 8.5% are in the second 

group; the third group contains no data. This categorization can be considered for its general accuracy 

with respect to the high accuracy obtained in groups 1 and 2 and can be used for clustering. 

Table 8. LDA zinc communities cross validation. 

Zinc Groups 
Predicted Group Membership 

Total 
First Second Third 

Cross 

Validation 

Count 

First 574 53 0 627 

Second 3 57 0 60 

Third 0 1 26 27 

Percentage 

First 91.5 8.5 0 100 

Second 5 95 0 100 

Third 0 3.7 96.3 100 
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4.1.7. Anomaly Maps 

Anomalous samples obtained from the results were placed on the regional topographic map 

(Figures 17–19). 

 

Figure 17. Map showing the distribution of Ti anomalous stream sediment samples. 

 

Figure 18. Anomalous samples of zinc element. 
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Figure 19. Display zinc (yellow) and titanium (red) anomal points together. 

The results of statistical and geostatistical investigations were then used to identify the main 

anomalies for the Ti and Zn elements (Figures 20 and 21, respectively), and the identified Ti and Zn 

anomalies were plotted on the regional lithology map (Figures 22 and 23, respectively). 

 
Figure 20. Small to large titanium concentrations in the streams and determined anomalous areas. 
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Figure 21. Small to large zinc concentrations in the streams and determined anomalous areas. 

 

Figure 22. Small to large titanium concentrations on the lithology map and determined anomalous 

areas. 
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Figure 23. Small to large zinc concentrations on the lithology map and determined anomalous areas. 

4.2. Exploratory Remote Sensing 

4.2.1. Band Math and Band Ratios 

Operational land imager (OLI) data were used to identify hydrothermal alterations in the region. 

To map the lithology, band ratios of 6/7, 6/4, and 4/2 were assigned to the red, green, and blue (RGB) 

colors, respectively, as false color composite (FCC) ratios (Figure 24). 

 

Figure 24. Red, green, and blue colors (RGB) = 6/7, 6/4, 4/2 illuminates altered rocks as blue in image, 

yellow color lines are considered as vegetation. 
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The results for RGB values of 7, 5, and 3 are presented in Figure 24. In addition to the geological 

map of Kivi in Figure 25, in which the dark violet colors represent basalt, andesite, and thick bedded 

volcanic conglomerate rock units, this image robustly separates the major lithological units within 

the region. 

 

Figure 25. RGB = 7, 5, 3 as derived from Operational land imager (OLI) data delineates altered rocks 

as bright white color; dark violet represents basalt, andesite, and thick bedded volcanic conglomerate 

rock units. 

4.2.2. Principal Components Analysis (PCA) 

Figure 26 shows the first three general principal components (PCs) in RGB false colour format. 

The image contains nearly all spectral information gathered in nine OLI bands, and the accumulation 

of spectral information helps to represent the discriminated rock unites in different colors. 
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Figure 26. RGB = PC1, PC2, and PC3, showing different rock classes in a variant range. 

DSPCA was used to map aluminum (AL)-hydroxy (OH)-bearing altered rocks. For this purpose, 

bands 2, 5, 6, and 7 were selected; the statistical results are listed in Table 9. 

Table 9. PCA eigenvector matrix for Kivi area. 

Principal 

Components 
Second Band  Fifth Band Sixth Band Seventh Band 

First PC +0.14 +0.39 +0.71 +0.54 

Second PC +0.28 +0.78 −0.32 −0.36 

Third PC +0.79 −0.19 −0.37 +0.29 

Forth PC −0.37 +0.24 −0.66 +0.68 

Considering the PC loadings for seventh (+0.68) and sixth bands (−0.66), OH-bearing altered 

minerals were provided in PC 4 to enhance the altered zones (Table 9). Figure 27 shows the altered 

areas from PC 4 mapped in red. 
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Figure 27. Alteration density map driven from band ratios and developed selective PCA (DSPCA) for 

detecting clay minerals in study area. Red color stands for extensive clay mineral overlay. 

5. Conclusions 

Based on the results of this study on geostatistical data and remote sensing, we present the 

following conclusions. 

 Clearly, the Kivi region is a high-potential area for metallogenic exploration. 
 Ti and Zn were identified as anomalous elements based on single-variable studies and 

comparison with the background threshold limits of stream sediment. According to the 

geological information, there are other metal elements in the region, including Cu in basalt; 

however, their presence in the stream sediment samples did not reach the anomalous threshold 

limit. 

 An investigation of the relationship between the two identified elements using hierarchical and 

correlation analyses revealed a strong positive correlation between the two elements. The 

hierarchical clustering also confirmed that the Ti and Zn elements are the primary anomalous 

elements in the region. 

 Different communities of Ti and Zn elements were separated using a probability diagram and 

the results were subjected to LDA analysis to obtain separate groupings between Ti and Zn and 

their associated elements. The results were estimated through cross-validation with more than 

90% validity. 

 PCA results indicated that the first and second components represent the lithology and 

mineralization of the region, respectively. 

 Based on geological mapping and RS investigation, the trend of identified anomalies was found 

to follow volcanic and plutonic calc–alkaline rocks belonging to the Eocene epoch, including 

basalt, andesite, and thick bedded volcanic conglomerate rock units in addition to the alluvial 

deposits resulting from their erosion and weathering over time. 

 Minerals of economic interest containing Ti metal include ilmenite and rutile. Given the presence 

of these minerals in the area, there is a possibility of ore deposits. Other Ti anomalies with no 
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economic value can be derived from pyroxenes and biotite. In the future, heavy mineral studies 

should be conducted in regions identified as anomalies to identify the types of minerals 

containing Ti. 
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