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 This paper elucidates a new idea and concept in order to estimate the gold content 
in cyanide leaching method. The cyanidation method is traditionally used for gold 
extraction. However, this method is laborious, time-consuming, costly, and depends 
upon the availability of the processing units. In this work, an attempt is made to 
upgrade the gold ore content by Monte Carlo based simulation. An excellent approach 
always requires a high quality of the datasets for a good model. A total of 48 
incomplete datasets are collected from the Shoghore district, Chitral area of Khyber 
Pakhtunkhwa, Pakistan. The cyanidation leaching test is carried out in order to 
measure the percentage of the gold ore content. In this work, the mean, median, mode, 
and successive iteration substitute methods are employed in such a way that they can 
compute the datasets with missing attributes. The multiple regression analysis is used 
to find a correlation between the potential of hydrogen ion concentration (pH), solid 
content (in %), NaCN concentration (in ppm), leaching time (in Hr), particle size (in 
µm), and measured percentage of gold recovery (in %). Moreover, the normal and 
exponential distributions are employed to forecast the uncertainty in the measured gold 
ores. The performance of the model reveals that the Monte Carlo approach is more 
authentic for the probability estimation of gold ore recovery. The sensitivity analysis 
reveals that pH is the most influential parameter in the estimation of the gold ore 
deposits. This stochastic approach can be considered as a foundation to foretell the 
probabilistic exploration of the new gold deposits. 
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1. Introduction 

The gold demand has reached an all-time high 
requirement over the last few decades, and has now 
gained a 4 Mt/year market [1, 2]. Due to its 
extraordinary physical and chemical properties, 
gold has a lot of applications in different 
enterprises including the medical, electronics, 
electrical, and chemical industries [3, 4]. However, 
from its first recommendation, it has been almost 
15 years that there is a serious decline in the 
exploration of new gold deposits, and there is a 
high demand about the time-saving, practical, 
profitable, and laborsaving exploration for new 
gold deposits [5 -6]. The chemistry and 
morphology of the sludge gold atoms and their 

appropriations are considered as the most 
important key performance attributes for the 
exposure of gold reserve mineralization, 
mineralization style, and latent of surrounding 
rocks [7-12]. The placer gold mining techniques 
have been used in order to assess the gold grain 
texture [13].  Many studies have been effectuated 
in the northern area of Pakistan, aiming to explore 
new gold ore deposits [14-20]. An integrated 
geophysical approach with fusion representation 
for the geological model has been proposed in 
order to improve the Makran subduction belt by 
employing a magnetic and gravity database [21]. 
The seismic reflection data has been practiced, 
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lying out a distinguished structures model and their 
ability to unfold the hydrocarbon reservoirs [22].  

Uncertainty has been commonly used in rock 
engineering during the analysis and design of 
various structures. The input attributes are greatly 
influenced by uncertainty as a random 
characteristic rather than a single value [23]. The 
Monte Carlo simulation uses a random number as 
a representative from a probability distribution, and 
a large enough number of trails are produced and 
employed in the computation so that the final value 
calculation will be massive [24]. Considerable 
copper populations have been established on the 
outcome of U-V and C–V 3D modeling and the 
most ubiquitous model of various types of rock 
[25]. A study has been implemented in order to 
compare the results of the minimum/maximum 
auto-correlation factor approach with some 

traditional approach for multivariate simulation in 
ore body evaluation [26]. 

The original contribution of this research work is 
to develop a methodology that utilizes the multiple 
regression analysis and Monte Carlo simulations 
on gold extraction from the rock deposits. First, the 
incomplete data was collected from different 
experiments on cyanide leaching, the required 
representative sample were compiled from 
Shoghore, in the district of Chitral, Pakistan. The 
missing values were replaced by various 
replacement methods. Then the multiple regression 
analysis and the Monte Carlo-based simulation 
were used in order to predict the model. Later on, 
the prognastic execution of every model was 
thoroughly examined and evaluated. A flowchart 
of the proposed research works is revealed in 
Figure 1. 

 
Figure 1. A flow chart of the work. 

2. Case study 
The studied area is located in Khyber 

Pakhtunkhwa, Pakistan, and is accessed through 

the Karakoram highway from Islamabad, the 
capital city of Pakistan. Shoghore is an 
administrative authority recongnized as Union 
Council of the Chitral district, Pakistan as, shown 
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in Figure 2. Its geographical coordinates are 
35.8461° North, 71.7858° East, while having an 
altitude of  1,100 m (3,600 ft). The samples are 
arranged succeding two phases, namely crushing 
and milling. During this work, as a leaching agent, 

sodium cyanide was used. Furthermore, in order to 
sustain the potential of hydrogen ion concentration 
(pH) at the targetted attribute during leaching, 
Ca(OH)2 was employed as a pH modifier.   

 
Figure 2. Geological map of the case study area [27]. 

3. Cyanide leaching 
The experiments were conducted in a beaker at 

normal room temperature under various range 
states of pH of 10.22–12.3, concentration of 
sodium cyanide of 1000–10000 ppm, solid content 
of 25–50%, size of the particle of 63–106 µm, and 
leaching time of 0–39 h. For every trial 15 ppm, an 
illustrative sample was chosen. Firstly, the pulp 
was formed in the beaker, and the pH was modified 
using Ca(OH)2 for the targeted attributes; later on, 
the sodium cyanide was combined with the pulp 
and was stirred. The pulp was filtered following 
each trial, the pulp was separated, and the liquid 
stage was examined for the extraction. Various 
parameters in the literature were used for cyanide 
leaching [28-31]. Based on the literature, five 
parameters were used in this work, i.e. potential of 
hydrogen (pH), solid content (in %), NaCN 
concentration (in ppm), leaching time (in Hr), and 
particle size (in µm) in order to predict the gold ore 
deposit. 

4. Methodology 
Data pre-processing is one of the major steps in 

the analysis of incomplete datasets preceding 
further data analysis [32]. Various methods are 
utilized to treat the incomplete data [33-38]. The 
mean, median, and mode methods [39] and the 
successive iteration techniques [38] are utilized in 
order to complete the data.  

4.1. Replacement of missing values 
Succeed the missing values by any one of the 
missing value replacement methods (mean, median, 
mode or successive iteration). 

i) Mean method 
First, calculate the mean (average) value  for the 
feature. (This feature contains the missing values.) 
Secondly, replace all the missing values of this 
feature with this mean value. 
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ii) Median method  
First, calculate the median (middle attribute) for the 
feature. (This feature contains the missing values.)  
Secondly, replace all the missing values of this 
feature with this median value. 

iii) Mode method  
First, calculate the highest value for the feature. 
(This feature contains the missing values.)  
Secondly, replace all the missing values of this 
feature with this highest value.  

iv) Successive iteration method  
First, find the mean value for the feature. (This 
feature contain the missing values.) Secondly, 
succeed this mean for the initial missing value. 
Repeatedly, compute the mean for the entire feature. 
If the new mean and old mean are matching, then 
replace this mean value for all the missing values and 
stop the iteration; otherwise, repeat the process. The 
measured average and range of mean, median, mode, 
and successive iteration are given in Table 1. 

Table1. Measured average and range of substitute methods. 
 Mean method 

measured Au (%) 
Median method 

measured Au (%) 
Mode method 

measured Au (%) 
Successive iteration method 

measured Au (%) 
Average 3.7181 3.7342 3.7336 3.7181 
Range 0.1397-4.58585 0.1397-4.58585 0.1397-4.58585 0.1397 - 4.58585 

 

4.2. Prediction models performance indicators 
The key role in attaining an ore reserve genetic 

illustration is the primary geometrical model of a 
complete deposit attribute database. Consequently, 
significant time and effort are required in order to 
establish a large amount of database that 
incorporates the data characterized by all mines 
from the whole world. The petrological and 
geological data is employed in order to explain the 
model construction of reserve genetic 
representation [40]. The prediction models are 
implemented to build a genuine correlation 
between the various input attributes for the 
estimation of gold traps. The various prediction 
models performance is computed using the index 
i.e the squared coefficient of correlation between 
the measured and predicted attributes [41-43]. The 
formulas for calculating the 푅  is given by Eq. (1). 

푅 =   1−  
∑ (푍 − 푍 )
∑ (푍 − 푍")

 (1) 

where Z is the measured value, Z′ is the predicted 
calue, and  Z′′ is the mean value; N represents the 
total number of the dataset. For R2 = 100%, the 
predictive model is defined as a perfect model. 

Concerning the determination of capability of the 
various Monte Carlo simuation models, the 
computed performance attribute of the generated 
database was enumerated. 

4.3. Multiple regression analysis (MRA) 
MRA has been conventionally utilized in order to 

foretell the real-world problems in numerous 
engineering fields [44]. In regression, a correlation 
is established between one or more input and 
output datasets [45]. In this contribution, Excel 
2007 was employed in order to compute a multiple 
regression analysis between the input and output 
datasets. The output values were implemented in 
their logarithmic form. After computing the 
logarithm of the feature, it does not alter the 
relationship of the datasets but it only flattens the 
dimension of the variable and lowers the absolute 
desirability of the dataset [46]. Table 2, 3, 4 and 5 
represents the statistical characteristics from MRA 
mean, median, mode and successive iteration 
respectively. As can be seen from the results, the 
coefficient of correlation is relatively low for all 
the models because the dataset is unbalanced and 
is relatively small. Hence a MC simulation has 
been adopted in this research to establish a 
stochastic model for the gold reserve estimation. 

Table 2. Statistical characteristics obtained from MRA mean method. 
 Coefficients Standard error t Stat P-value Statistical parameters  

Constant -4.3789 10.4993 0.4170 0.6787 Multiple R 0.4393 
Potential of hydrogen (pH) 0.5866 0.9611 0.6103 0.5448 푅  0.1929 
Solid content (%) 0.0077 0.0132 0.5807 0.5644 Adjusted R square 0.0969 
NaCN concentration (ppm) 1.52E-05 6.55E-05 0.2313 0.8181 Standard error 0.9037 
Retention time (Hr) 0.02937 0.01379 2.1288 0.0391 Total trials 48 
Particle size (µm) 0.01125 0.0077 1.4607 0.1515   
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Table 3. Statistical characteristics obtained from MRA median method. 
 Coefficients Standard error t Stat P-value Statistical parameters 

Constant -7.2755 11.2554 -0.6464 0.5215 Multiple R 0.4203 
Potential of hydrogen (pH) 0.8701 1.0307 0.8441 0.4033 푅  0.1766 
Solid content (%) -0.00026 0.0155 -0.0164 0.9869 Adjusted R Square 0.0786 
NaCN concentration (ppm) 1.43E-05 6.63E-05 0.2151 0.8307 Standard error 0.9183 
Leaching time (Hr) 0.0309 0.0148 2.0894 0.0427 Total trials 48 
Particle size (µm) 0.0143 0.0077 1.8623 0.0695   

Table 4. Statistical characteristics obtained from MRA mode method. 
 Coefficients Standard error t Stat P-value Statistical parameters 

Constant -4.1688 10.1891 -0.40915 0.6845 Multiple R 0.4248 
Potential of hydrogen (pH) 0.5760 0.9306 0.6189 0.5392 푅  0.1805 
Solid content (%) -0.00208 0.0154 -0.1349 0.8933 Adjusted R Square 0.0829 
NaCN concentration (ppm) 4.59E-05 5.87E-05 0.7819 0.4386 Standard error 0.9159 
Leaching time (Hr) 0.0281 0.0133 2.1055 0.0412 Total trials 48 
Particle size (µm) 0.0146 0.0076 1.9052 0.0636   

Table 5. Statistical characteristics obtained from MRA successive replacement method. 
 Coefficients Standard error t Stat P-value Statistical parameters 

Constant -3.5395 10.4578 -0.3384 0.736702 Multiple R 0.4318 
Potential of hydrogen (pH) 0.5264 0.9594 0.5486 0.586132 푅  0.1865 
Solid content (%) 0.000603 0.0154 0.0391 0.968973 Adjusted R Square 0.0896 
NaCN concentration (ppm) 6.14E-06 6.67E-05 0.0919 0.927139 Standard error 0.9073 
Leaching time (Hr) 0.0288 0.0138 2.0874 0.042951 Total trials 48 
Particle size (µm) 0.01298 0.0075 1.7216 0.092483   

 

4.4. Monte Carlo (MC) simulation 

The MC simulation is employed as a uncertainity 
simulation in a variety of real-world issues [47-48]. 
This simulation is utilized as a computerized 
calculation for recognization of the abundant 
complications including the impact of uncerainty 
and the risk of different models including 
assessment, prediction, appraisal, and evalution in 
different engineering sectors including finance, 
project management, decision making, etc. In order 
to attain the probabilistic estimation of a 
mathematical equation, the MC simulation is 
employed on monotonous indiscriminate sampling 
[49-50]. Each model that forecasts the 
consequences requires an investigative set of 
hypotheses correlated with the real-world problems 
and evaluation of the expected values proceeding 
the data [49] 

MC simulation has two foremost intentions. First 
is the numerical testing of dissimilarities and 
uncertainties, and the second is the attribute 
investigation affecting uncertainty, variation, and 
their proportion [51]. In contrast to the 
conventional established methods, the MC 
simulation utilizes an array of evaluated attributes 

as an input, and afterward, the simulations give an 
exent of the output values for a whole data. Hence, 
in the MC simulation, a more practical picture of a 
simulation model can be generated. In this 
approach, a random attribute is taken for each input 
attribute on the basis of the range of output value, 
and then the output datasets are evaluated 
depending on these random values. Subsequently, 
the consequences of the MC simulation are noted, 
and this method is continuously replicated using 
various random numbers. The simulation 
technique is reciprocated over 1000 times. After 
evaluation and prediction of the simulation 
technique, various outcomes are obtained as an 
output, which can be utilized in order to 
rademonstrate the product [52-56]. 

The prediction probabilistic model of gold 
reserve estimation was constructed based on five 
parameters: potential of hydrogen (pH), solid 
content (in %), NaCN concentration (in ppm), 
leaching time (in Hr), and particle size (in µm). 
RISK SOLVER APP was used as the MC 
simulator in this approach. The calculation model 
for the prediction of gold estimation is given as: 
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퐺 = 푡(퐴) (2) 

where G is the gold estimation prediction value 
and t(A) is the calculation model of gold estimation 
prediction. 

Considering that A is a random set of attribute, B 
is also a random attribute. Hence, the estimation 
probability Pf is given as: 

푃 = 푃(퐵 ≤ 퐵 ) 
(3) 

퐼(푡(퐴) ≤ 퐵 )푓 (퐴)푑푥 

where: 

퐼(푡(퐴) ≤  퐵 = 1              푡(퐴)  ≤  퐵
 0              푡(퐴)  >  퐵   (4) 

where Bcri is the critical prediction value of gold 
ore deposit estimation. 

On the basis of Eq. (2), it is very laborious to 
execute a direct combination. Hence, the 
probability of prediction Pf is used in order to 
predict the gold ore deposit estimation of Eq. (2). 
Eq. 5 can also be generated by the MC simulation: 

푃 =  
1
푁

 퐼(푡(퐴) ≤ 퐵 , ) (5) 

where N is the total number of represntation of 
the MC simulation, Ai is the i-th attribute set of A, 
and Bi,cri is Bcri corresponding to the Ai. 
Consquently, as long as Eq. (5) is acquired, the 
probability Pf of gold reserve estimation can be 
obtained. The calculation steps are as follow: 

1. The attribute values of the certain number of 
times were executed using  five attributes. 

2. The acquired attribute values are replaced into 
Eq. (2) in order to compute the anologous gold 
deposit estimation value. 

3. Finally, the prediction values of gold reserve 
estimation are computed by the stochastic 
approach, and the uncertainity and distribution 
function of gold deposit estimation are acquired. 
Later on, the prediction grade probability is 
calculated using Eq. (4). 

It is also practicable to compute the prediction 
number less than the critical value gold reserve 
estimation, and Eq. (5) could be used to compute 
the occurrence probability of the gold deposit 
estimation. The spareman’s correlation between 
various input attributes is shown in Table 6. 

Table 6. Spareman’s correlation coefficient for various input attributes. 
 pH Solid 

content (%) 
NaCN concentration 

(ppm) 
Leaching time 

(Hr) 
Particle size 

(µm) 
Potential of hydrogen (pH) 1     
Solid content (%) -0.04472 1    
NaCN concentration (ppm) 0.168338 0.155135 1   
Leaching time (Hr) -0.66512 -0.01357 -0.067457 1  
Particle size (µm) -0.27857 0.316228 -0.235922 -0.00429 1 

 
4.5. Univariate probability distribution in 
estimating gold reserve 

By utilizing five attributes including potential of 
hydrogen (pH), solid content (in %), NaCN 
concentration (in ppm), leaching time (in Hr), and 
particle size (in µm) of gold ore reserve estimation, 
different normal probability distributions were 
obtained for the mean, median, mode, and 
successive iteration methods, as shown in Figure 3. 
Firstly, the distinguieshed univariate normal 
distribution was determined. Secondly, the joint 
normal probability distribution function was 

executed by the MC simulation technique on the 
mean, median, mode, and successive iteration. 
Various functions were employed to perform the 
MC simulation, and the 1,000×5-dimensional 
random attributes generated were stored in the 
attributes datasets. The generally employed normal 
distribution model of various attributes is always 
not suitable to get the optimal probability 
distribution model that specifies the respective 
anotomies encompassed for different attributes 
[57]. The range and average obtained by the normal 
probability distribution are given in Table 7. 

Table 7. Predicted normal distribution average, range of mean, median, mode, and successive iteration. 
 Mean method measured 

Au (%) 
Median method 

measured Au (%) 
Mode method 

measured Au (%) 
Successive iteration method 

measured Au (%) 
Average 3.7176 3.7345 3.7336 3.7183 
Range 0.4232-6.6605 0.1915-7.4665 0.5204-6.8914 0.6258-6.8515 
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Figure 3. Probability density function of Au (%) obtained by MC simulation; (a) Mean replacement; (b) Median 

replacement; (c) Mode replacement; (d) Succesive iteration replacement Au (%). 

For different functions, there are different 
correlations between the attributes, and have 
various different structures of correlation. The 
normal univariate probability distribution can only 
explain the positive relationship between the 
attributes. Therefore, the exponential probability 
distribution function distrbution were further 

acquired to narrate the correlation between the five 
attributes influecing gold deposit estimation of 
mean, median, mode and successive mean iteration 
replacement (Figure 4). Table 8 shows the 
predicted exponential distribution of all the 
replacement methods. 

Table 8. Predicted exponential distribution average, range of mean, median, mode, and successive iteration. 
 Mean method 

measured Au (%) 
Median method 

measured Au (%) 
Mode method 

measured Au (%) 
Successive iteration 

method measured A (%) 
Average 3.7162 3.7329 3.7408 3.7217 
Range 0.0017-28.3231 0.0022-26.9374 0.0002-32.2795 0.0032-31.8126 
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Figure 4. Exponential distribution of probability of Au (%): (a) Mean replacement Au; (b) Median replacement 

Au (%); (c) mode replacement; (d) successive itteration replacement Au (%). 

With the aim to affirm, all the possible 
correlation is presented in a stochastic aspect. A 
1000 iterations were investigated during this work, 
meaning that 1000*5-dimensional simulations 
between the input parameters were employed 
during the MC simulation. The normal and 
exponential simulations were implemented in order 
to achieve a statistical illustration of the gold ore 
data. The maximum likelihood method for both the 
normal and exponential MC Simulation was 
employed in order to compute the parameter of the 
model. The values in Tables 1, 7, and 8 were 
compared, showing that the predicted exponential 
mode Au percentage with 3.7408% was higher 

than all the predicted models with the range of 
0.000233–35.27975%. Hence, all the possible 
situations were investigated by the MC simulation. 
A comparison of the normal and exponential 
distributions of the MC simulation is shown in 
Figure 5. Hence, this stochastic approach could be 
applied to probabilistic analysis of Au estimation 
in gold deposit estimation. 

5. Sensitivity analysis 

In order to analyze the sensitivity of gold reserve 
estimation to the input parameters, a sensitivity 
analysis was carried out using the most accurate 
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model. In order to study the sensitivity of gold 
reserve prediction, a sensitivity analysis was 
realized using the mode exponential distribution 
model. From Figure 6, it is clear that the potential 
of hydrogen (pH), solid content (in %), NaCN 
concentration (in (ppm), and leaching time (in Hr) 

are positively correlated, and the particle size (µm) 
is negatively correlated with the gold reserve 
percentage. Hence, the potential of hydrogen pH, 
solid content, and particle size are the most 
influential attributes to the estimation of gold ore 
deposits. 

 
Figure 5. Comparison of normal and exponent 

cumulative relative frequency distribution Au (%). 

 
Figure 6. Sensitivity analysis effects of input 

variable on Au recovery (%). 

6. Conclusions 
Placer mining is a technique used traditionally in 
order to assess the gold grain texture. This 
methodology is employed to calculate the 
proportion of the extracted gold ore reserve. 
However, this technique is usually laborious, time-
consuming, and associated with the availability of 
exploratory tool. The main objective of this work 
was to elucidate an extraction strategy for the 
probabilistic proportion model of gold content in 
cyanidation leaching. The cyanidation leaching 
tests were carried out at the laboratory, and 48 
incomplete datasets were collected from numerous 
experiments. First, the incomplete data was 
accomplished by different replacement methods. 
Then the data was analyzed by the MC normal and 
exponential distribution functions in order to 
predict the probability of the measured distribution 
of gold ore deposits.  
The conclusions of the current work are as follow:  

i) The constructed mean, median, mode, and 
successive data replacement methods show 
that they can process the datasets in a better 
way. 

ii) The performance of the exponential mode 
model shows that the MC approach is more 
authentic and reliable for probabilistic 
estimation of gold ore recovery. As it can be 
seen in Table 8, the predicted exponential 
mode Au percentage is in the range of 
0.000233–35.27975%, demonstrating that the 
proposed MC simulation executes the gold 
content distribution with a wide range.  

iii) The maximum likelihood method was 
employed in order to compute the parameter of 
the model. 

iv) Sensitivity analysis shows that pH is one of the 
most influential parameters in estimating the 
gold reserve content.  

v) In order to tackle the other alternative gold ore 
reserve estimation projects, this stochastic 
approach can be considered as a keystone. 
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  چکیده:

یاستخراج طال استفاده م يبرا یبه طور سنت ونیداسیانی. روش سکندیروشن م دیانیس نگیچیطال در روش ل زانیبرآورد م يرا برا يدیو مفهوم جد دهیمقاله ا نیا
 هیبا شب شودیکار، تالش م نیا دردارد.  یبستگ یپردازش يواحدها ییاست و به در دسترس بودن و توانا نهیو پرهز ریگروش پر زحمت، وقت نیحال ا نیشود. با ا

 مدل خوب دارد. در کی يها برامجموعه داده يباال تیفیبه ک ازین شهیهم یعال کردیرو کیسنگ طال ارتقا داده شود.  يبر روش مونت کارلو، محتوا یمبتن يساز
ظور به من ونیداسیانیس يشستشو شیشده است. آزما يپختونخوا در پاکستان جمع آور بریدر خ ترالیمجموعه داده ناقص از منطقه شوغور، منطقه چ 48مجموع 

که  رندیگیمورد استفاده قرار م يابه گونه یدر پ یمد و تکرار پ انه،یم ن،یانگیم نیگزیجا يکار روشها نیشود. در ایسنگ طال انجام م يدرصد محتوا يریگاندازه
 دروژنیه ونیغلظت  لیپتانس نیارتباط ب افتنی يچندگانه برا ونیرگرس لیو تحل هیکنند. از تجز اسبهاز دست رفته مح يهایژگیها را با وبتوانند مجموعه داده

)pHمحتوا ،(جامد (در درصد)، غلظت  يNaCN  در)ppm طال (در درصد)  یابیباز يری) و درصد اندازه گکرومتریساعت)، اندازه ذرات (در م)، زمان شستشو (در
دهد که روش مونت یدر سنگ معدن طال استفاده شد. عملکرد مدل نشان م تیعدم قطع ینیب شیپ يبرا زین ییو نما يعاد عیتوز زا ن،یاستفاده شد. عالوه بر ا

 نیسنگ طال است. ا ریپارامتر در برآورد ذخا نیمهمتر pHکه  دهدینشان م تیحساس لیو تحل هیسنگ طال معتبرتر است. تجز یابیاحتمال باز نیتخم يکارلو برا
 . طال در نظر گرفت دیجد ریذخا یاکتشاف احتمال ینیب شیپ يبرا ياهیتوان به عنوان پایرا م یکرد تصادفیرو

  .تیحساس زانیم لیو تحل هیتجز، مونت کارلو يساز هیشب، طال، اکتشاف، ونیداسیانیس ندیفرا کلمات کلیدي:
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