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 Geochemical exploration as an advantageous exploration method mostly deals 

with anomaly separation and related endeavors. Many experts have suggested 

various types of anomaly identification methods. The intention of this research is 

introduction of a new method for separating geochemical anomalies based on the 

Fibonacci sequence for the first time. The Fibonacci features of datasets were 

clarified and the method was introduced and applied on a dataset of bore-hole 

samples of Hired gold deposit located in southern Khorasan province, Iran. The main 

result of this study is the successfully establishing of a Fibonacci-based procedure 

that leads to separate geochemical anomalies. The determined thresholds by this 

method were compared with U-statistics and Concentration-Volume fractal 

modeling. Evaluation of the results revealed high consistence between the outcomes 

of the methods. The U-Statistics threshold for background was 105 ppb for gold and 

the Fibonacci Transformation method’s threshold was 109 ppb. This new method 

specified 170 ppb for gold moderate anomaly and the C-V fractal determined 169 

ppb which are almost the same. The performance of the new method was assessed 

by calculating misclassification errors. The average total misclassification error was 

0.023 which is acceptable and quite reasonable since the methods are fundamentally 

different. As the other main results of this study, it is confirmed that one of the 

Fibonacci features which is defined as Fibonacci index (FI) fluctuates among element 

pairs in the same way that geochemical correlation does. The FI could be considered 

as a genetic-related factor in geochemical studies and ore evolution researches. 

Keywords 

Fibonacci Transformation 

Fibonacci features 

Geochemical anomaly 

Fibonacci index 

1.Introduction 

As soon as geochemical studies began, anomaly 

separation has been a major discuss among experts. 

Efforts for determining reasonable thresholds 

include several scientific fields. As reported by Liu 

et al [1], during the past decades, several methods 

with various approaches have been used for 

identification of geochemical anomalies and 

separation of accurate thresholds. These methods 

could be categorized as univariate statistical 

approaches with frequency basis [2-4], 

multivariate procedures [5-10], and 

fractal/multifractal power law-based methods [11-

18]. 

The statistical approaches have been used for 

decades to model different geological features and 

determining the spatial variables needed for 

evaluation of ore reserves or estimation of 

concentration of elements in deposits especially in 

unsampled parts [19-23]. Primary statistical 

methods applied for exploration purposes known 

as Exploratory Data Analysis (EDA) methods were 

used mainly as anomaly detection tools. The well-

known methods are Box Plots [24] Probability 

Graphs [25] and the Mean ±2STD (Standard 

deviations) [26]. 

Multivariate procedures approaches are the next 

generation of geochemical anomaly detection 

methods used by experts. Principal Component 

Analysis or PCA as a robust multivariate 

technique, has been used for identifying 

http://www.jme.shahroodut.ac.ir/
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geochemical anomalies [27] and applied for 

mapping the anomaly of toxic metal distribution 

[28, 29]. The anomaly separation methods could be 

categorized as two main groups. Structural and 

non-structural methods [30]. The structural 

methods consider the location of the samples as a 

criterion to determine the anomalies while non-

structural methods just consider the variable values 

[31]. Methods like kriging interpolation [32], trend 

surface [33] and U-Statistics are the most popular 

and applied structural approaches in geochemical 

studies. 

Fractal/multifractal approaches introduced by 

Mandelbrot in 1983 [34], are capable models for 

anomaly detection. The dimensions defined by 

these models are used to separate anomalous zones 

and geochemical populations [35-37]. The Fractal 

models developed by several researches like N-S 

fractal (Number-Size) [34], C-A fractal 

(Concentration-Area) [38], C-V fractal 

(Concentration-Volume) [39] and the newly 

developed C-C fractal (concentration-

concentration) [40] are used in various 

geoscientific fields from determining the 

geological variable’s spatial variations to 

delineating geochemical anomalies [41-45]. In an 

innovative study, Mahdianfar et al. [46] have 

integrated these methods by applying fractal 

approach to model the principal factor of toxic 

elements. 

The neural network-based methods generally 

known as a type of Machine learning (ML) 

methods, as new concept for processing 

geochemical data and anomaly detection are 

applied with many studies as a robust intelligent 

tool [47]. Generally, machine learning methods are 

classified as two main types; supervised and 

unsupervised learning methods. Unsupervised 

learning type is mostly employed for geochemical 

anomaly detection [48]. This type of neural 

networks is widely developed into algorithms like 

OCSVM (One Class Support Vector Machine) 

[49], DAE (Deep Auto Encoder [50, 51], graph 

attention networks [52], and GAN (Generative 

Adversarial Networks [53]. A superiority of 

Machine learning methods to the statistical 

approaches is that ML methods do not require that 

variables to have specific distribution like normal 

distribution [54].  

The methods mentioned above are mostly based 

on statistical approaches. In other words, these 

methods treat the geochemical datasets equally like 

a dataset generated with a machine randomly, and 

without considering their natural features. One of 

these natural features is Fibonacci characteristic of 

geochemical datasets that has been introduced for 

the first time through this paper. In this study a new 

concept of dataset’s essence is introduced; the 

Fibonacci features of a dataset. While all of the 

present methods do not care about the dataset 

origin and their intrinsic features, Fibonacci 

Transformation method lights on the hidden 

features of datasets and is capable of discovering 

deep level relations between variables. The 

Fibonacci sequence has been used previously in 

geophysics to develop a seismic ray-tracing 

method [55]. The tracing method was based on the 

Fibonacci search algorithm which is a comparison-

based search technique. The approach presented in 

our study is not an application of an already 

existing method/algorithm but this is an 

introduction of a new concept for datamining the 

geochemical datasets based on the Fibonacci ratios. 

Using this new method, geochemical populations 

could be separated. The method uses Fibonacci 

features of datasets to separate anomalies. This 

method, like ML methods, does not necessitate that 

the variables belong to any specific distribution. A 

case study was investigated to demonstrate its 

application potential. The accuracy of this method 

was tested by comparison to previously mentioned 

method’s results, U-statistics and C-V fractal 

modeling for the same case study.   

2. Methodology 

2.1 Fibonacci Transformation method 

2.1.1 Fibonacci sequence 

The Fibonacci numbers, derived their name 

from the Leonardo of Pisa lived in 1202 known as 

Fibonacci. These numbers (the Fibonacci 

sequence) were introduced in his book, Liber abaci, 

for the first time [56, 57]. By defining Fn =
 Fn−1 + Fn−2, the Fibonacci sequence could be 

generated for different values of n. Based on the 

introduction of the sequence, the n values must be 

integer numbers greater than 1 [58]. To avoid 

possible confusion, the numbers in the Fibonacci 

sequence are called briefly “Fibonacci numbers” in 

this manuscript. Dividing Fn by Fn−1 results in a 

constant number  called the golden ratio (ɸ=
1+√5

2
≃

1.618). N.Menhinick [59] has published the book: 

‘The Fibonacci Resonance and Other New Golden 

Ratio Discoveries’ in which occurrences of 

Fibonacci numbers and the ratio among them (the 

golden ratio) in nature, music, art and architecture 

is introduced to the readers. The Fibonacci 

sequence is known to even non mathematicians too 

[60]. The relation between Fibonacci numbers is 

not limited only to the golden ratio. Dividing a 
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Fibonacci number to the previous/next second, 

third and so on numbers will also result in constant 

ratios too (just only not in a few cases). Table 1 

depicts some of these ratios among Fibonacci 

numbers. The numbers of these ratios are infinite 

and are accessible by dividing a Fibonacci number 

by the previous or next numbers in the sequence. 

The Fibo-ratio of 0.768 is an unusual Fibo-ratio 

among other ratios. The origin of this ratio is not 

very clear in the literature. The actual result of the 

square root of  
𝑭𝒏−𝟏

𝑭𝒏
 is 0.786 but the Fibo-ratio used 

in literature is 0.768.  

Table 1. Constant Ratios between Fibonacci numbers 

Ratio equation 
𝐅𝐧−𝟏
𝐅𝐧

 √
𝐅𝐧−𝟏
𝐅𝐧

 
𝐅𝐧−𝟐
𝐅𝐧

 
𝐅𝐧−𝟑
𝐅𝐧

 

Ratio value 0.618 0.768 0.382 0.236 

 

Fibonacci numbers have been studied by 

mathematicians from different points of view. 

Most of the studies cover “number theory” field. 

The sequence has been studied by several 

researchers and as a result new sequences based on 

the Fibonacci sequence have been established [61]. 

These studies reported by Cheddour et al. [61] are 

as below:  

Introduction and study of Klippel-Feil 

syndrome or K FS by Falcon and Plaza [62] 

followed by an endeavor of Edson and Yayenie 

[63] in studying FS. Their research resulted in 

generalizing and proving some related identities of 

FS. Wall [64] started the study of algebraic 

structures with the view point of recurrence 

sequences in them by determining regular FS in 

cyclic groups. Afterward, the concept of the theory 

lead to linear recurrence sequences developed by 

other researchers. As an example, the theory was 

developed to the quaternions by Deveci and 

Shannon [65]. 

The study of Fibonacci sequence is mostly 

limited to the mentioned subjects and there is no 

scientific use of these numbers in geosciences and 

related fields. This research is the first study that 

applied Fibonacci numbers for aiming 

geoscientific purposes. 

2.1.2 Fibonacci sequence in nature 

Fibonacci numbers and ratios are observed in 

nature for several times. In plants, Fibonacci 

numbers are seen frequently. As an illustration, the 

numbers of petals in many flowers or the number 

of florets spirals in a sunflower are Fibonacci 

numbers (Figure 1). Not only the Fibonacci 

numbers are observed but also the golden ratio 

among plants parts is measured too. The golden 

ratio of typical leaves demonstrated as Figure 2. 

These observations are not limited to these 

examples and include various plants types. 

Besides, the ratios of human body parts in many 

cases are also Fibonacci ratios. As another 

example, the length of forearm to palm length ratio 

is 1.618 (the golden ratio) (Figure 3). 

 
Figure 1. Florets spirals in sunflower, a) 34 left-handed spirals and b) 21 right-handed spirals 
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Figure 2. Golden ratio in typical leaves (modified after Sun et al) [66] 

Anyone studying Fibonacci numbers is familiar 

with Fibonacci spiral too. This spiral is created by 

assuming each Fibonacci number as sides of 

squares. By linking the corners of each square 

oppositely, the spiral will be the made (Figure 4). 

Fibonacci spiral is a type of logarithmic spirals. 

This spiral also known as golden spiral is a 

fundamental basis in phyllotaxis (the pattern or 

arrangement of leaves on the stem or branch of a 

plant) studies. If botanical elements are repeatedly 

produced at leaves, bractae and florets of a vascular 

plant, the result would be patterns which are called 

phyllotaxis. Based on the observation of these 

patterns, the impressive feature of this type of 

patterns is in their accordance to the Fibonacci 

sequence [67]. There are much more fingerprints of 

Fibonacci numbers in nature. Since geochemical 

processes are also natural phenomenon, the idea of 

using Fibonacci numbers for studying these data is 

suggested by this study for the first time. 

 

  
Figure 3. Fibonacci Golden ratio in human’s body 

parts 

Figure 4. Fibonacci spiral 

 

2.1.3 Fibonacci Transformation theory and 

applications 

2.1.3.1 Theory and concepts 

Geochemical data are obtained from nature. 

Based on various observations of Fibonacci 

numbers in nature, we aim for uncovering 

Fibonacci features behind geochemical datasets. 

Mineralization as a natural process may also follow 

the same rules that resulted in Fibonacci behavior 

of other natural procedures. In Fibonacci 

transformation method, the Fibonacci features of 

geochemical datasets are examined. Geochemical 

datasets mostly consisted of multi-element 

analysis. These datasets are usually studied 

statistically because of their numerical nature. In 

this study we suggest that a geochemical dataset 

could have Fibonacci features among its 

components. Since the single or multi-elemental 

analysis of a sample (surface or borehole sample) 

measures a quantity formed in nature, it is possible 

to expect Fibonacci relations and ratios among the 

constituent members of this kind of dataset. 

2.1.3.2. Data pre-processing 

Pre-processing geochemical data is a vital step 

in any numeric study related to this type of dataset. 

Geochemical datamining including statistical 

frequency-based approaches to power-law models 

involve numerical studies of the dataset. Using 

quantitative data is also needed for studying 
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Fibonacci features. The geochemical datasets are 

derived from several analytical techniques like 

Inductively Coupled Plasma Optical Emission 

spectroscopy (ICP-OES) and other analytical 

methods. The data are reported as sheets of multi-

elemental analysis for each sample. This is called 

raw data. Statistical methods require normal 

distribution of datasets. Known distribution model 

of dataset makes it easier to outline geochemical 

anomalies [68, 69]. In cases of abnormality, 

geochemists normalize datasets with statistical 

tools because using standard statistical methods for 

studying abnormally-distributed populations leads 

to indefinite models and incorrect interpretations 

[70]. In order to standardize/normalize data in 

Fibonacci transformation method we used the 

famous Z-score method using average and standard 

deviation as following equation: 

𝑍 =
𝑋𝑖 − µ

𝜎
 (1) 

Where the sample index is 𝑖, the variable value 

is 𝑋, the normalized form of X is Z, µ and σ are the 

average and the standard deviation of the intended 

variable respectively. This procedure rescales 

dataset and arranges datapoints around an average 

of 0 and a standard deviation of 1. It is better to 

name Z-Score as a standardizing method rather 

than normalizing tool since the procedure does not 

change the distribution (histogram) of the numeric 

data. 

The other challenge in geochemical datamining 

is outlier’s effect. Outliers affect the modeling and 

interpretation of geochemical datasets [71]. 

Median is a useful tool for studying a statistical 

population. Statistics of median can be applied for 

several applications and computations [35]. As an 

example, median was used by Gott and Turner [73] 

for calculating mass-to-light ratios among groups 

of galaxies to decrease the outlier’s (background 

and foreground) effects. Median as one of the 

central tendency measures is not affected by 

outliers unlike mean. In Fibonacci transformation 

method we used median as a robust statistical tool 

for studying geochemical datasets. 

2.1.3.3. Method application steps 

According to the name of this method, a 

transformation plays the role. With this 

transformation, datapoints are changed into new 

datapoints by applying Fibonacci ratios to the 

median of the dataset. Using median of a variable 

as the representative of the population facilitates 

precisely data modeling. The steps of Fibonacci 

Transformation method are clarified as bellow: 

1) Calculate median of raw data and multiply it by 

Fibonacci ratios (Fibo-ratios). Continue this 

process until the resulted values follow these 

relations: 

minimum datapoint ≤ Median*Fibo-ratios 

maximum datapoint ≥ Median*Fibo-ratios 

2) Calculate average and standard deviation of 

values in step1. Let’s call them FibAve and 

FibStdev respectively. 

3) Standardize raw data based on equation (1). 

4) Change standardized data in step 3 back to raw 

data by using FibAve and FibStdev instead of 

the raw data average and standard deviation 

(now Fibo-Transformed data are created). 

5) Calculate Range (R) of the Fibo-Transformed 

data as: R= max-min. 

6) Multiply R by Fibo-ratios. Call them ranges 

7) Select the ranges which are greater than the min 

(Fibo-Transformed data) and smaller than max 

(Fibo-Transformed data). 

8) Add min (Fibo-Transformed data) to values in 

step 7. Call them interval numbers. 

9) Consider min (Fibo-Transformed data) and max 

(Fibo-Transformed data) as interval numbers 

list too. 

10) Sort interval numbers from low to high. Each 

pair of the consecutive numbers is an interval 

range.  

11) Calculate cumulative sum of the variable values 

for each interval range. 

12) Draw the diagram of cumulative values of 

variable versus interval ranges. 

13) Breakpoints of the diagram are the thresholds 

that separate geochemical populations. The 

breakpoints values must be transformed back to 

their initial values to achieve real thresholds 

because the diagram shows transformed 

concentrations of the element. This step is 

similar to anti-logarithm operation in the case of 

using logarithmic transformation. 

Figure 5 depicts the flowchart of the above steps 

to better illustrate the process. To facilitate the 

application of the method, the algorithm code of 

the method with MATLAB syntax has been 

presented by the authors too (Figure 6).  
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Figure 5. Flowchart of the Fibonacci Transformation method  
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Figure 6. The algorithm code of Fibonacci Transformation method with MATLAB syntax 

The complete code has been uploaded as a 

MATLAB m-file on an online repository. The file 

download link is available in appendix section. The use 

of the code is very simple. Users should copy the whole 

code or save the m-file in a folder and name it as 

‘fibo_data_mining’ and the input data should be defined 

as ‘raw_data’. The outcome of the algorithm is the 

diagram explained in step 12. 

2.1.3.4. Fibonacci features of a dataset 

This method was introduced to depict the Fibonacci 

features of datasets and delineate anomalies. By 

assuming the Fibonacci sequence, itself as a dataset, the 

Transformation method was firstly applied for the 

sequence. In this case, we have assumed that for 

example the Fibonacci sequence itself is a geochemical 

dataset and the numbers of the sequence are the 

measurement of concentrations of a geochemical 

element. Figure 7 shows the outcome of the Fibonacci 

Transformation method (diagram of step 12) for 

different numbers of the sequence. Based on figure 7a to 

7f, for different numbers of the Fibonacci sequence 

members, the same pattern is obtained by drawing 

cumulative sum of Fibonacci numbers versus intervals 

defined by Fibonacci Transformation method. For 

different numbers, same breakpoints are observed which 

could be interpreted as the thresholds. By passing the 

specified point on the diagrams (point R*0.618) the 

cumulative value increases drastically which is 

indicating anomaly threshold. Since the shape of the 

diagrams are similar and constant, we called them 

reference diagrams. It could be considered as the first 

Fibonacci feature meaning that in studying other 

datasets, as long as the diagram is similar to the 

reference diagrams, the Fibonacci feature of the datasets 

is proved and the more similarity means the more 

Fibonacci characteristic of the dataset. 

By transforming dataset through Fibonacci 

Transformation method, the new datapoints achieve 

more continuity if and only if the raw dataset is 

convergent to the values generated in step 1 of the 

method. If the raw dataset is not convergent to the values 

in step 1 then the method is not applicable for the dataset 

because of the lack of Fibonacci feature in the raw data. 

Since Median*Fibo-ratios values comprise Fibonacci 

property intrinsically, continuity increase among Fibo-

Transformed datapoints manifests another Fibonacci 

characteristic of the raw dataset. Continuity increase 

could be defined as decrease of standard deviation of 

dataset. By considering the Fibonacci sequence from 

this aspect, it is revealed that standard deviation 

decreases when Fibonacci Transformation method is 

applied to the sequence. Figure 6 depicts the division of 

Standard deviation of Fibo-Transformed data 

1    function results = fibo_data_mining(raw_data) 

2    % FIBO_DATA_MINING Performs Fibonacci ratio based data mining steps on raw_data. 

3    % This version uses a predefined list of Fibonacci ratios and implements 

4    % the interval generation (Steps 8-11) and cumulative sum (Step 12) as 

5    % precisely specified in the latest request. 

6     % 

7     % Input: 

8     %   raw_data - numeric vector of raw data. Can be a row or column vector. 

9     % 

10   % Output: 

11   %   results - struct containing all intermediate results and final outputs. 

12 

13   % Ensure raw_data is a row vector for consistent operations 

14   raw_data = raw_data(:)';  

15 

16   % Input validation 

17   if isempty(raw_data) 

18   error('FIBO_DATA_MINING:EmptyInput', 'Input raw_data cannot be empty.'); 

19   end 

20   if length(raw_data) < 2 

21   warning('FIBO_DATA_MINING:SmallData', 'Raw data has less than 2 points. Some  

       calculations (like std dev) might be trivial or undefined.'); 

22   end 

23 

24   disp('--- Starting Data Mining Process ---'); 

25   disp(['Raw Data: ', mat2str(raw_data)]); 

26  

27   % Step 1: Calculate Median of raw data 

28   med_raw = median(raw_data); 

29   disp(sprintf('\nStep 1: Median of Raw Data: %.4f', med_raw)); 
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(FibStdev) by the standard deviation of raw data 

(Fibonacci sequence members). To summarize we 

named the fraction (
FibStdev

Stdev
) as Fibonacci index (FI). 

The downward trend demonstrates that standard 

deviation decreases when data are transformed via 

Fibonacci Transformation method. 

 
  

(a) Fibonacci intervals (R*Fibo_ratios) 

for the first 20 Fibonacci numbers 

(b) Fibonacci intervals (R*Fibo_ratios) 

for the first 30 Fibonacci numbers 

  

(c) Fibonacci intervals (R*Fibo_ratios) 

for the first 40 Fibonacci numbers 

(d) Fibonacci intervals (R*Fibo_ratios) 

for the first 50 Fibonacci numbers 

  

(e) Fibonacci intervals (R*Fibo_ratios) 

for the first 60 Fibonacci numberz 

(f) Fibonacci intervals (R*Fibo_ratios) 

for the first 70 Fibonacci numbers 

Figure 7. Fibonacci Transformation method results for the Fibonacci sequence 
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Figure 8. FI (division of standard deviation of Fibo-

Transformed data (Fibstdev) by raw data standard 

deviation) versus number of the first Fibonacci 

numbers 

As proved by figure 8, standard deviation of the 

Fibonacci sequence as a dataset that possess the most 

Fibonacci features, decreases after applying 

Fibonacci Transformation method. It is worth 

repeating that in this case we have assumed the 

Fibonacci sequence numbers as a geochemical 

dataset meaning that we have treated the numbers in 

the sequence (0, 1, 1, 2, 3, 5, 8, ...) for example as an 

element’s concentration values and we have applied 

the Fibonacci Transformation method to study this 

dataset. The decrease of standard deviation of Fibo-

Transformed data could be named as ‘the second 

Fibonacci feature’. As we have proved 

mathematically (Figure 8), any phenomena in the 

nature that has the Fibonacci characteristics must 

react similarly the same way as the Fibonacci 

numbers reacted under the Fibonacci Transformation 

method and this is because the Fibonacci sequence 

numbers have the highest Fibonacci characteristics 

between them. According to this feature, the relation 

between Stdev and FibStdev of a dataset with 

Fibonacci feature is Stdev ≥ FibStdev and FI =
FibStdev

Stdev
 so FI ≤ 1.  

Datasets with these two features are highly 

corelated with Fibonacci sequence’s essence so they 

are eligible to be considered as datasets that have 

Fibonacci features. 

2.2. U-statistics method 

The U-statistics is a spatial anomaly separation 

method used for separating geochemical anomalies 

by employing a running average with a changeable 

search radius [74]. For a certain point (i-th point) and 

a search radius ‘r’, different values for U are 

calculated based on the equation (2). Each sample 

inside the search windows is weighted based on the 

distance between the sample and the target point (i-th 

point). By weighting the samples, the dispersion of 

samples is calculated.      

𝑈𝑖(𝑟) =  
𝑥𝑖(𝑟) − µ

𝜎
 (2) 

in which r is the search radius and 𝑈𝑖(𝑟) is a 

function of radius, µ is average and σ is standard 

deviation of the dataset respectively. 𝑥𝑖(𝑟) contains 

the sum of the multiplication of each point’s value by 

the allocated weight to the point defined as equation 

(3): 

𝑥𝑖(𝑟) =∑𝑤𝑗(𝑟) ∗ 𝑥𝑗

𝑛

𝑗=1

 (3) 

in which 𝑤𝑗(𝑟) is the weight of point with index 

‘j’ and 𝑥𝑗 is the variable value of the point. By 

calculating U values for 0 ≤ r ≤ 𝑟𝑚𝑎𝑥 for each point, 

the U value assigned to the point will be the 

maximum one among the calculated U values for the 

intended point. 

The U-statistics approach has been widely used 

for separating anomalous samples from background 

[30]. Innovative studies have integrated U-statistics 

with other known methods. To illustrate, the study 

done by Ghavami et al. [75] has modeled U-statistics 

data on a probability plot to recognize geological 

features of the study area/location and the effective 

parameters on the concentration of the target 

elements. Seyedrahimi-Niaraq [76] has compared U-

statistics with Classical statistics to delineate 

geochemical anomalies. The other innovative use of 

U-statistics is the work done by Ghannadpour and 

Hezarkhani [77]. They used U-statistics to study three 

dimensional datasets (borehole data). We have used 

their approach in this research because our dataset 

was obtained from bore-hole samples. The hypothesis 

of the 3D form is the same as the original U-statistics 

approach. The dissimilarity is in calculation volume 

which is tripled in 3-dimensional mode. Since the 

ordinary 2-dimensional U-statistics delineates 

surface anomalies, the 3-dimensional form 

distinguishes anomalous points from background 

spatially. Using the 3D form could be very 

informative if it is combined with geological and 

structural interpretations. 

2.3. Concentration volume fractal 

Concentration volume (C-V) fractal modeling as 

expressed by Afzal et al. [39] was introduced by the 

developers of the method as: 

V (ρ ≤ v) ∞ ρ−𝑎1; V (ρ ≥ v) ∞ ρ−𝑎2 

Where V for ρ ≤ υ and ρ ≥ υ are the volume values 

enclosed by the contour value ρ, υ is the specified 

threshold considered as a criterion for volume 

calculation and characteristic exponents are 

represented as a1 and a2. 
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By plotting a log-log diagram for the 

concentration of the variable versus the volume, some 

breakpoints appear. The concentration of the variable 

related to the breakpoints are the thresholds that 

separate different geochemical populations. The 

accurate calculations will result in thresholds that are 

in high consistency with the geological conditions of 

the case study [78]. 

3. Case study, Results and Discussion 

The case study in this research is Hired gold 

deposit located in Khusf county, southern Khorasan 

province, Iran. Detailed exploration in this site 

includes borehole drilling and sampling for better 

understanding of the deposit conditions and features. 

The dataset used in this study is being used for a 

scientific purpose for the first time. In this section 

geological settings and dataset were reviewed and the 

Fibonacci Transformation method was applied to 

separate gold geochemical anomalies. 

3.1. Geological settings 

The case study in this research is Hired deposit. 

This gold deposit is located in eastern part of the Lut 

block and beside the Sistan suture zone. This 

structural zone with north-south trending is the result 

of closure of oceanic basin (strip) between the Lut 

and the Afghan block at the end of Mesozoic [79]. 

Most of the recognized metallic deposits in the area 

are hydrothermal vein type deposits [80]. In this 

deposit type, the structural situation of the area 

controls deposit forming processes that results in the 

spatial consistence of the deposits to the structural 

features [81-84]. 

In Hired gold deposit five major rock unites are 

detected as demonstrated in the geological map of the 

deposit (Figure 9). These unites are: 1) Crystal and 

lithic andesitic tuff (Elf), 2) Ignembrite and vitric tuff 

(Ei), 3) Altered basaltic andesite (Eab), 4) Young 

Terraces (Qt), and 5) Recent alluvium (Qal). 
According to the map, an intrusive mass (“m” 

abreviation in map) with granitic composition exists 

in northern part of the deposit (red colored). 

Mineralization in Hired deposit took place in 

silicified, carbonated and argillic fault zones as 

silicified-carbonated veins with variable thickness 

and fluctuating gold concentrations. Mineralization 

in surficial parts is so extremely oxidized that pyrite 

and arsenopyrite minerals are being altered to Iron 

oxides and hydroxides. The intensity of oxidation 

decreases by depth increase. 

 

 
Figure 9. Simplified Hired gold deposit geological map 
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3.2 Sampling and Dataset  

In order to achieve detailed exploration goals, 

borehole drilling was done. By drilling 15 

boreholes with over 3000 meters of total drilling 

depth, 498 samples were obtained by 1.5 to 3 

meters sampling intervals. The samples were 

analyzed by Zarazma laboratory by means of 

inductively coupled plasma optical emission 

spectroscopy (ICP-OES) method for not only gold 

but also 10 other elements. For gold, fire assay 

technique was used as a preparing analysis step. 

Thompson and Howarth [85] method was used as 

an estimation for analytical precision. Based on 

this method, most of the samples for different 

variables (analyzed elements) are under the 10% 

line which indicates high accuracy of the analysis 

processes. 

3.3 Anomaly separation results and discussion 

3.3.1 Fibonacci transformation method for 

geochemical anomaly separation 

Gold (Au) as the target element was studied by 

this method. Fibonacci Transformation method 

steps were employed for gold as described in 

section 2.3.3. The results were compared with U-

statistics and concentration volume fractal to see 

how precisely Fibonacci Transformation method 

has delineated anomalies. To avoid possible 

confusion, the method is employed step by step in 

this section. 

Step 1: 

Based on the dataset used in this study, median 

for Au was 14.285 ppb. This median was 

multiplied by Fibonacci ratios. The results are 

shown in table 2. Different Fibonacci ratios were 

employed based on not to break or exceed the 

minimum and maximum gold concentrations 

which were 3.75 and 437 ppb respectively. The red 

rows in the table 2 are invalid values because the 

results fall outside the max and lower than min raw 

data point. 

Step 2: 

The average and standard deviation of the result 

of table.2 (Fibo-ratios*Median) are 107.36 ppb and 

134.55 ppb respectively. In order to avoid 

confusion, the former was renamed as “FibAve” 

and the latter as “FibStdev”. 

Step 3 and 4: 

The primary raw dataset was standardized by 

equation (1) and turned back to new raw data by 

FibAve and FibStdev. The new raw dataset is a 

transformed dataset and named as “Fibo-

Transformed data”. The primary raw data average 

and standard deviation were 86.053 ppb and 

136.775 ppb, respectively. By comparing them to 

FibAve and FibStdev, it can be inferred that the 

dataset already has the second Fibonacci feature 

(Standard deviation ≥ FibStdev or FI ≤ 1). 

Checking this condition is vital and in the cases that 

this condition does not apply, the Fibonacci 

Transformation method should not be used because 

the dataset does not have Fibonacci features. 

Table 2. Au median multiplied by Fibonacci ratios results 

 

Step 5: 

The minimum and maximum data among Fibo-

Transformed data are 26.40068 and 452.6227, 

respectively. So, the R value (defined as R= max – 

min) would be R=426.2220. 

Step 6 to 11: 

In this step, cumulative sum of the values for Au 

in Fibo-Transformed data were calculated for 

R*Fibo-ratios intervals. The results are shown in 

table 3. Since R is defined as R=max-min, the 

minimum data point (min) must be added to the 

result of multiplication of R by Fibo-ratios. Note 

that the min and max points are also considered as 

Interval numbers. The R value is calculated in 

Cartesian coordinate system with [0,0] origin but 

the origin of our calculation is not 0. The origin is 

the min point. So, to keep [0,0] as the origin of the 

coordinate system, the min value must be added to 

the interval numbers. 

Table 3. Cumulative values of Au 

Fibo-ratios 
Intervals 

(R*Fibo-ratios) 
Cumulative value 

 452.6227 (max) 53469.71 

0.768 353.739 27444.79 

0.618 289.806 24230.53 

0.382 189.217 20038 

0.236 126.989 15937.28 

 26.40068 (min) 2006.451 

 

Fibonacci ratios 

(Fibo-ratios) 0.236 0.382 0.618 0.768 1.618 2.618 4.236 6.854 11.090 17.944 29.034 46.979 

Fibo-ratio*Median 3.37 5.46 8.83 10.97 23.11 37.40 60.51 97.91 158.42 256.33 414.75 671.10 
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Step 12 and 13: 

The diagram of cumulative values of Au versus 

the intervals (table 3) was drawn (Figure 10). The 

breakpoints of the diagram are thresholds of the 

different populations as explained in section 2.3.3. 

The diagram and the values of the breakpoints are 

Fibo-Transformed data. So, the values should be 

transformed backward to their initial form by 

standardizing them with FibAve and FibStdev and 

then the standardized values should be changed to 

primary raw data by using average and standard 

deviation of the primary raw data. The breakpoints 

in the diagram (Figure 10) are the different 

thresholds for separating anomaly. Based on the 

result of Fibonacci transformation method, 

anomaly from background is separated at 130 ppb 

of gold. This value is a Fibo-Transformed value 

and must be transformed backward to its equivalent 

in raw dataset. To reach the threshold value (non 

Fibo-Transformed), the value is firstly 

standardized by equation 1 using gold FibAve 

(107.369) and FidStdev (134.556). Then the 

standardized value is multiplied by Standard 

deviation of raw data (136.775) and the average of 

raw data (86.053) was added and resulted in 109 

ppb as background threshold. This procedure 

changes Fibo-Transformed data back to their raw 

form. The same procedure is applied for Moderate 

and strong anomalies thresholds and resulted in 

170 ppb and 335 ppb of gold for the mentioned 

thresholds respectively. 

Drawing raw data and Fibo-Transformed data 

versus the intervals defined by the method (Figure 

11) clarifies how Fibo-Transformation method 

rescales data points. Based on figure 11, the Fibo-

Transformed data are more similar to the reference 

diagrams (Figure 7). This diagram could be used to 

evaluate the first defined Fibonacci feature too. It 

would be a descriptive evaluation like when 

normality of a histogram is compared to the bell-

shaped pattern. In other words, the Fibo-

Transformed data series in figure 11 are more 

similar to the reference diagrams (Figure 7) than 

the raw data series. The more similarity between 

the reference diagrams and the diagram of Fibo-

Transformed data versus cumulative sum of the 

variable shows that the dataset has higher levels of 

Fibonacci features. 

 

 
 

Figure 10. The diagram of cumulative values of Au 

versus the intervals 
Figure 11. Raw data versus Fibo-Transformed data 

 

3.3.2. U-statistics method  

As a way to separate gold anomalies by means 

of U-statistics method, radius and its increase rate 

must be set. In this study, the initial radius was 

selected as the minimum sampling distance (1.5m) 

with an increase rate of 1 meter. U values for all 

samples were calculated by 3D U-statistics method 

and frequency distribution for U values was plotted 

(Figure 12). U = 0 was selected for detecting 

background threshold. Probable and absolute 

anomalies were separated using U + 2S and U +

3S respectively. Based on the U and S values, 105, 

193 and 320 ppb were defined as background, 

probable and absolute anomalies thresholds for 

gold respectively. 
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Figure 12. Frequency distribution graph of U values for gold 

3.3.3 Concentration volume fractal 

To better understand the accuracy of the 

method, the results were compared with 

concentration volume fractal too. The volume 

calculation for different grades is essential for C-V 

fractal modeling. In this study Rockworks 14 

software was employed for 3D block modeling and 

volume calculations. After volume calculation, 

log-log plot of volume versus Au was drawn as 

figure 13. 

Fibonacci Transformation method suggests 

109, 170 and 337 ppb of gold (figure 8 breakpoints) 

as thresholds for separating background, moderate 

and strong anomalies respectively. U-statistics 

method is a structural approach for delineating 

anomalies meaning that the locations of samples 

directly affect the results. The outcome of U-

statistics method revealed that 105, 193 and 320 

ppb are the background, moderate and strong 

anomalies respectively. The C-V fractal modeling 

results are 87, 169 and 288 ppb for the mentioned 

thresholds. 

For making a better comparison between the 

methods, 3D model (deposit shape) is provided 

(Figure.14) and misclassification error for 

separation of background, moderate and strong 

anomalies are estimated. The 3D model is created 

with RockWorks/14 software. Figure14-A is the 

deposit shape resulted from the Fibonacci 

Transformation method. Figure14-B and Figure14-

C are the deposit shape based on U-Statistics and 

C-V fractal methods respectively. These models 

depict the recognized anomalous blocks (deposit 

shape) from background by each method. Based on 

figure 14A to C, the Fibonacci Transformation 

method has detected the background threshold and 

the ore shape almost the same as U-statistic did. 

These 3D models are created based on the 

background thresholds defined by the methods. 

The misclassification errors are calculated 

based on the statements bellow [77]: 

 

𝑒1 =
number of samples from anomaly classified as background

total number of samples in anomaly
 

And 

𝑒2 =
number of samples from background classified as anomaly

total number of samples in background
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Figure 13. Concentration-Volume log-log plot 

  
(a) Deposit shape based on the Fibonacci Transformation 

method 
(b) Deposit shape based on the U-Statistics 

 

(c) Deposit shape based on the C-V fractal 
Figure 14. Deposit shape based on the Fibonacci Transformation method (A), U-Statistics (B) and C-V fractal 

(C) 

These statements are frequently used for 

appraising performance of a method by using a 

known dataset (a dataset with known anomaly and 

background samples). The results of the 3D U-

statistics and concentration volume fractal are 

assumed as the real and correct thresholds (real 
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data) and so the misclassification errors of the 

Fibonacci-Transformation method could be 
estimated. The results of 𝑒1 and 𝑒2 estimations are 

shown in table 4. 

Table 4. Misclassification errors of Fibonacci Transformation 

 Error 
In comparison to 

C-V fractal 

In comparison to 

U-statistics 

Background separation 
𝑒1 0.13 0.03 

𝑒2 0 0 

Moderate anomaly separation 
𝑒1 0.01 0 

𝑒2 0 0.01 

Strong anomaly separation 
𝑒1 0.07 0.03 

𝑒2 0 0 

 

The results of error estimations show that the 

Fibonacci Transformation method performs very 

well with an average total error of 0.023. This 

method in background and absolute anomalies 

detecting, performs more similar to U-statistics 

method while for moderate threshold recognition 

has more tendency to concentration volume fractal. 

The C-V fractal modeling calculates the volume 

based on the grade cutoff so the result is not 

sensitive to the location of samples while the U 

value in U-statistics method is devoted to the 

samples not only based on the variable value but 

also in accordance to the location of the sample. So, 

in case of absolute anomaly separating, higher 

regularity and less dispersion is achieved by U-

statistics in comparison to C-V fractal modeling. 

This difference makes U-statistics method more 

reliable in detection of absolute anomalies. 

This method uses cumulative values of a 

transformed variable for intervals that are defined 

by means of the Fibonacci sequence. This 

technique induces the feature of the Fibonacci 

numbers to the dataset only if the dataset follows 

Fibonacci features intrinsically. The FI (FI =
FibStdev

Stdev
) is an index or criterion to recognize such 

feature. Since the Fibonacci feature is a naturally 

created feature, variables with more correlation are 

expected to have closer Fibonacci indexes in multi-

elemental datasets. Because the relation between 

different elements in exploration areas depends on 

the mineralization type and geological processes, 

the correlations between elements are interpreted 

and linked to the genetic of the mineralization. 

Based on this approach and referring to this fact 

that Fibonacci feature occurrence is a natural 

phenomenon, it is expected to see similar 

Fibonacci indexes for highly correlated elements. 

In order to evaluate this assumption, Fibonacci 

indexes (FI) of 10 elements in our dataset were 

plotted with their correlation scores with gold (Au) 

(Figure 15). The correlation scores and FI values in 

figure 15 testify that the assumption was true and 

elements with higher correlation scores between 

them would have closer FI values too. This 

observation allows us to interpret Fibonacci 

features to investigate mineralization and 

geological processes too. Since it is the beginning 

of the way, more detailed studies are expected to 

take place in near future.  

 

 
Figure 15. Correlation scores of 10 elements with 

Au and their FI values 

4. Conclusions 

One of the key steps of explorational 

geochemistry is separating anomalies from 

background. For aiming this goal, several types of 

methods are available in literature. These methods, 

especially the statistic approaches, do not consider 

the intrinsic features of geochemical datasets 

beyond the statistics. In other words, these methods 

were firstly designed for numerical calculations 

and statistical studies and then have been used by 

mining experts as tools for anomaly detection. 

Fibonacci features are intrinsic features that are 

seen in many natural phenomena and processes and 

the existence of Fibonacci ratios among many 

naturally grown flower components to even human 

body parts have been observed and proved. These 
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features have been introduced in this study for the 

first time as a possible feature of geochemical 

datasets. To evaluate this claim, a procedure named 

as Fibonacci Transformation method was 

established in this study. Based on the ratios among 

the well-known Fibonacci sequence numbers and 

the cumulative sum of the values of the favorable 

variable (gold in this study) this new method was 

introduced and evaluated by comparison to U-

statistics and C-V fractal modeling.  

The comparison of the results for anomaly 

detection (ore shape) revealed very high 

consistency between the results of the new method 

and the results obtained from U-statistics. The U-

statistics is a robust structural approach that 

overcomes the challenges of anomaly detection in 

complex geological settings. The results of the 

Fibonacci Transformation method and U-statistics 

are in very high correlation in delimiting the 

background and strong anomaly thresholds. The 

concentration volume fractal and the Fibonacci 

Transformation methods surprisingly revealed 

almost the same results for moderate anomaly 

threshold (169ppb and 170ppb for gold 

respectively). To evaluate the overall performance 

of the Fibonacci method, the average total 

misclassification error was calculated and the 

outcome was 0.023 which is acceptable and quite 

reasonable since the methods are fundamentally 

different.  

The second Fibonacci feature, FI ≤ 1, is defined 

to determine dataset’s Fibonacci feature. Datasets 

with FI ≥ 1 do not contain Fibonacci characteristics 

and as a result the method should not be applied for 

them. The comparison of FI for different elements 

in the dataset of this study exhibits that element 

pairs with higher correlation scores do have closer 

FI values for the elements. This means that as long 

as the experts utilize correlation coefficient as a 

genetic factor for geochemical studies and ore 

evolution researches, they could use FI factor for 

the same purpose with this difference that FI comes 

from the natural features of the dataset and is not 

just a statistical measurement. 

Appendix 

“fibo_data_mining.m”, Mendeley Data, V1, doi: 

10.17632/sxbnxm4tt9.1 
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ناهنجاری و تلاش به جدایش  بیشتر  اکتشافی،  به عنوان یک روش مفید  اکتشافی  های مرتبط  ژئوشیمی 

اند. هدف این  های شناسایی ناهنجاری را پیشنهاد کرده پردازد. بسیاری از کارشناسان انواع مختلفی از روش می

اساس اعداد فیبوناچی برای    های ژئوشیمیایی برمطالعه معرفی یک روش جدید به منظور جداسازی ناهنجاری

ها شرح داده و روش معرفی شد و برای مطالعه یک مجموعه  مجموعه داده  های فیبوناچیباشد. ویژگیاولین بار می

های گمانه معدن طلای هیرد واقع در خراسان جنوبی به کار گرفته شد. نتیجه اصلی این مطالعه  داده از نمونه

ود.  ش های ژئوشیمیایی میایجاد موفق یک روش مبتنی بر اعداد فیبوناچی است که منجر به جداسازی ناهنجاری

حجم مقایسه شد. ارزیابی نتایج سازگاری  -و فرکتال عیار   Uای تعیین شده توسط این روش با آماره  حدود آستانه

ای جدایش زمینه از ناهنجاری برای طلا  دهد. حد آستانهها را نشان میبالایی بین خروجی حاصل از این روش 

تعیین شد. این روش جدید برای    ppb105 و توسط روش تبدیل فیبوناچی   ppb109برابر با    Uتوسط آماره  

 ppb169 حجم  - را مشخص کرد که این عدد در روش فرکتال عیار  ppb170ای  ناهنجاری متوسط طلا حد آستانه

بندی مورد ارزیابی قرار گرفت.  تعیین شد که تقریبا برابر هستند. عملکرد این روش جدید با محاسبه خطای طبقه

ها به طور  بود که این عدد قابل قبول است و با توجه به این که روش  0.023بندی کل  میانگین خطای طبقه

ی دیگر از نتایج اصلی این روش، اثبات شد که یکی  باشد. به عنوان یک باشند کاملا منطقی میبنیادین متفاوت می

ویژگی فیبوناچی  از  عنوان شاخص  که تحت  فیبوناچی  نوسان    (FI)های  گونه  عناصر همان  بین  تعریف شده، 

تواند به عنوان یک فاکتور کند. شاخص فیبوناچی میکند که ضریب همبستگی بین جفت عناصر عمل میمی

 ژنتیکی در مطالعات ژئوشیمیایی و تحقیقات تکامل منابع و ذخایر معدنی در نظر گرفته شود.  
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