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 Accurate grade prediction is an important step in the mining planning process. 
Various methods, namely the Inverse Distance Method and Kriging, are widely 
used. The application of machine learning is a new development in the grade 
estimation technique. The present study focused on the application of XGBoost, 
Random Forests (RFs), Multi Layer Perceptron (MLP), and Gradient Boosting 
Regression (GBR) models to predict iron ore grades in an Indian mine. An 
ensemble model was also applied to obtain a more stable grade prediction in the 
deposit. Models were trained using 4,112 sample data, which have spatial 
coordinates (east, north, and altitude) and iron grades. The dataset was divided into 
two parts: 80% (3,289 samples) of the data was used for model training, and 20% 
(823 samples) was used for model testing. The performance of the models was 
assessed through the coefficient of determination (R²), Mean Squared Error (MSE), 
and Mean Absolute Percentage Error (MAPE). The results show that the XGBoost 
model performs better in the estimation process when compared with other 
methods, such as RFs, GBR, and MLP. The XGBoost model produced R² of 0.77, 
MSE of 2.87, and MAPE of 1.8%. The findings indicate that the XGBoost model is 
effective for predicting iron ore grades in this type of deposit. However, 
considering geological uncertainty, the application of an ensemble model may be 
beneficial for grade prediction in an iron deposit. 
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1. Introduction 

Mine production planning, scheduling, and 
financial analysis heavily rely on the block grade 
model [1-3]. Exploratory drilling is conducted in 
limited locations within the ore body where 
reserve estimation is to be performed. Therefore, 
a robust estimation technique is crucial for 
determining the potential reserve of the deposit. 
Accurate estimation is challenging as the 
formation of ore deposition is a complex process 
that is not always fully understood [4]. Most 
mine planning software utilizes conventional 
grade estimation techniques. For example, 
kriging is an established geostatistical method 

[5]. A geostatistical model operates on the 
deposit structure by calculating the variogram. 
However, due to limited sample points and the 
complexity of the deposit, structural analysis can 
be a difficult task. These methods require 
expertise, considerable time, and certain 
assumptions [6-7]. The Inverse Distance 
Weighting (IDW) method assigns weights to 
samples based on their distance, giving more 
influence to those closer to the point of interest 
[8]. 

With the rapid advancement of technology, 
the use of existing methods is continuously 
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questioned. Concurrently, mining method 
selection increasingly emphasizes the limitations 
and prediction accuracy of the estimation 
process. Nowadays, technological progress has 
yielded impressive results across diverse fields, 
ranging from mining to space exploration. The 
increasing power of computing systems has 
fueled the significant growth of soft 
computational techniques. Today, machine 
learning and artificial intelligence are rapidly 
becoming dominant forces across all fields [9-
11]. Consequently, research in a range of 
industries, including mining, is exploring the 
application of artificial intelligence (AI) and 
machine learning (ML) for solving engineering 
problems with nonlinear relationships [12-13]. 
Various machine learning models, popular 
among researchers, include random forests 
(RFs), multilayer perceptron (MLP), XGBoost, 
gradient boosting regression (GBR), and many 
others [14]. The abundance of opportunities has 
attracted many researchers to employ data-
driven approaches for precise prediction without 
any pre-assumptions. 

Previous research on the Darreh-Ziarat iron 
ore deposit incorporates auxiliary variables, such 
as magnetometry-derived susceptibility, into co-
kriging and co-simulation. This significantly 
reduces estimation error and improves mineral 
resource classification [15]. A recent study on 
the Madan Bozorg copper mine demonstrates 
that 3D geostatistical modeling of induced 
polarization and resistivity data, integrated with 
drilling, can reliably delineate mineralization 
zones and optimize drilling locations [16]. In the 
Dalli gold deposit, machine learning approaches 
such as SVM, BPNN (Back-Propagation Neural 
Network), and multivariate regression have been 
applied for grade prediction. In this study, SVM 
demonstrates the highest accuracy and reliability 
[17]. A case study at the Abassabad copper mine 
showed that integrating drilling with induced 
polarization and resistivity data through 
geostatistical methods improves resource 
estimation and allows optimization of borehole 
locations [18]. Geostatistical modeling of 
seismic velocity data in a carbonate oilfield of 
SW Iran has shown that integrating Vp–Vs 
cubes with acoustic impedance inversion 
improves pore pressure and fracture pressure 
estimation accuracy [19]. A three-dimensional 

stope layout optimization framework is 
developed that explicitly incorporates grade 
variability through geostatistical simulation, 
thereby enabling more robust and risk-informed 
design decisions in comparison to conventional 
kriging-based approaches [20]. Sequential 
Gaussian Simulation (SGS) better captures ore 
grade uncertainty than Ordinary Kriging (OK), 
resulting in more reliable mine plans and a 
higher net present value. Sequential Gaussian 
conditional simulation outperforms kriging in 
grade estimation for the Sungun copper deposit. 
It increases mineable ore and improves net 
present value by 40% [21, 22]. Gaussian copulas 
provide more accurate and precise copper grade 
estimates than ordinary and indicator kriging in 
the Sungun deposit by accounting for both 
distance and sample values [23]. 

A probabilistic model for grade reconciliation 
in open pit mining demonstrates that systematic 
uncertainty and random variability are the 
primary causes of discrepancies between 
estimated and actual grades [24]. A correction-
factor model is proposed by addressing 
systematic, inherent, and statistical uncertainties 
in grade estimation, which improved 
reconciliation from 10% to 50% in an Iranian 
iron ore open-pit mine [25]. A hybrid extreme 
learning machine–particle swarm optimization 
method effectively improves iron ore grade 
estimation using borehole data from the 
Choghart deposit in Iran [26]. AI techniques 
using Python to optimize borehole drilling and 
iron grade estimation in the Choghart deposit 
achieved over 91% accuracy with low prediction 
errors [27]. 

In this study, iron ore grade estimation using 
XGBoost was compared with traditional kriging 
on drillhole composites. The study found that 
XGBoost produced a wider grade range and 
partially reduced the smoothing effect relative to 
kriging, although both methods still yielded 
smoother results than the original samples. This 
approach is effective, but it remains a single-
model approach. In the Singhbhum-Keonjhar-
Bonai iron ore belt, Fe grade variability in BIF-
hosted deposits was modeled using ordinary 
kriging (OK) and sequential Gaussian simulation 
(SGS). The study confirmed lognormal grade 
distributions with spherical variogram structures, 
where OK provided conditionally unbiased 
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estimates and SGS generated multiple 
realizations that reproduced the variability of the 
original data [28]. 

While most literature describes machine 
learning models with conventional geostatistical 
techniques, the present study introduces a 
rigorous spatial framework and leverages 
ensemble models. It also delivers a direct 
comparison with the conventional reserve 
estimation technique, kriging. Considering the 
limited research on Indian iron ore deposits, this 
study will add significant value to the Indian 
iron mining context. 

In this study, various ML models are 
developed for predicting the iron ore grade of a 
mine. The prediction model utilizes X, Y, and Z 
coordinates for grade estimation. The study 
primarily focuses on the estimation of iron ore 
(Fe) grade utilizing various ML models, as well 
as ensemble models. Python programming is 
used for the development of ML models. 

2. Materials and Methods 
2.1. Geological Parameters of Deposit 

The borehole data was collected from the 
eastern portion of the Bonai-Keonjhar (BK) 
deposit in the Indian state of Odisha. The main 
rock formations in the region consist of 
metamorphosed sandy and clay-rich sediments, 
with occasional lens-shaped calcareous bands. 
The iron ore-bearing and associated rocks in the 
area belong to a Precambrian sedimentary 
sequence that hosts diverse iron ore types, 
including banded iron formation (BIF), banded 
hematite jasper (BHJ), detrital iron deposits 
(DID), and brecciated iron deposits (BID) [29]. 
The dominant iron oxides are hematite, 
magnetite, martite, and specularite, while silica 
occurs mainly as quartz, jasper, and chert. 
Structurally, the strata display a synclinorial 
pattern trending NNE–SSE with a gentle plunge 
towards the NNE. The mineralization is largely 
confined to BHJ on the northern, western, and 
southern margins, whereas the eastern part is 
mostly overlain by laterite. 

The effectiveness of machine learning 
models in predicting iron ore grades is strongly 
influenced by the geological characteristics of 
the deposit. Deposits that are stratified and 

uniform in mineralogy, such as those hosted in 
Banded Iron Formation (BIF), generally provide 
better predictive outcomes owing to their spatial 
continuity and stable grade distribution. In 
contrast, deposits with structural complexity, 
diverse mineralogy, irregular gangue content, or 
skewed grade patterns create higher levels of 
uncertainty in model performance. Additional 
factors, including sampling density, weathering 
variations with depth, and overall data quality, 
also affect reliability, highlighting the 
importance of advanced modeling techniques 
and geologically informed feature selection. 

2.2. Data Collection and General Parameters 

This study analyzes iron ore grade data 
obtained from seventy-one (71) exploratory drill 
holes. The depth of the holes varies from 7 m to 
125 meters, and the average depth is 63 meters. 
The exploratory borehole data is given in Figure 
1, and the plan view of the drill hole data in the 
X-Y plane (for z = 798.5) is shown in Figure 2.  

2.3. Data Processing 
2.3.1. Outlier detection and treatment  

Outliers were identified using statistical 
methods such as boxplots and interquartile range 
(IQR) analysis as shown in Figure 3. The 
extreme values that did not represent geological 
or sampling reality were capped using the upper 
quartile (95%) and lower quartile (5%) to 
minimize their influence on model training. 

2.3.2. Handling of missing data 

The datasets were examined to identify 
missing data or incomplete records. There were 
only a few missing data points found, and these 
data points were removed. 

2.3.3. Final data quality check 

After preprocessing, statistical summaries, 
correlation matrices, and visualizations were 
used to confirm data integrity. The cleaned and 
transformed datasets were split into training and 
testing subsets for performing a machine 
learning model. 
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Figure 1. Drill holes data in three dimensions Figure 2. Plan view of drill holes (at z = 798.5) 

  
(a)  (b) 

Figure 3. Box plot of (a) iron grade, and (b) coordinates 

2.4. Machine Learning Models 

Machine learning models are employed for 
predicting ore grades due to several key 
advantages they hold over conventional 
methods. These include their ability to manage 
complex, non-linear relationships, improved 
prediction accuracy, the capability to handle 
large and heterogeneous datasets, adaptation to 
new data, and ultimately reduced exploration 
costs. In this study, ML models such as 
XGBoost, RFs, GBR, and MLP have been 
utilized for ore grade prediction. 

2.4.1. Random forests (RFs) 

RFs are a widely used ensemble learning 
method offering high prediction accuracy and 
robustness due to their reliance on bagging and 
random subspace methods [30]. This approach 

mitigates overfitting by aggregating predictions 
from multiple samples and considering random 
features at each split. Random forests effectively 
handle high dimensionality, provide feature 
importance measures, and are readily 
implemented using various libraries [31]. The 
key steps for regression using RF are as follows: 

1. Bootstrap Sampling: It is used to create 
several datasets (D) by randomly sampling 
from the original dataset with replacement. 
For each bootstrap sample of size n, number 
of bootstrap samples is generated by selecting 
random samples with replacement. 

2. Tree Construction: For each bootstrap 
sample, a regression tree is generated by 
recursively splitting the nodes. At each split, 
a random selection of m features is made 
from the total p features  to identify the best 
possible split. 
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3. Aggregation: The final prediction is 
determined by combining predictions from all 
number of trees using equation 1.  

ŷ =
1
ܤ

෍ ܶ(௕)(ݔ)
஻

௕ୀଵ

 (1) 

Where are: 
ŷ – final predicted value, 

 ,number of bootstrap samples – ܤ

ܶ(௕) – regression tree.  

2.4.2. Extreme Gradient Boosting (XGBoost)  

XGBoost efficiently minimizes the loss 
function iteratively with the help of gradient 
boosting [32]. It combines trees in a sequence, 
where trees improve the errors. The loss function 
and iterative prediction update are given in 
equations 2 and 3. 

ܮ = ෍ ݈(
௡

௜ୀଵ

௜ݕ , ŷ௜) + ෍ Ω( ௞݂)
௄

௞ୀଵ

 (2) 

Where are: 
݈ – loss (e.g., squared error for regression), 

Ω( ௞݂) – penalizes model complexity. 

ŷ௜
(௧) = ŷ௜

(௧ିଵ) + ߟ ௧݂(ݔ௜) (3) 

Where are: 
 ,learning rate – ߟ

௧݂  .௧௛ treeݐ output of the – (௜ݔ)

2.4.3. Gradient Boosting Regression (GBR) 

GBR is an iterative ensemble method that 
builds trees in a sequence to minimize the 
residual of the previous tree using gradient 
descent. GBR's strength is in modeling non-
linear relations and flexibility in optimizing 
custom loss functions, making it a robust choice 
for regression tasks. The loss function and 
negative gradient of loss functions are captured 
by equations 4 and 5. 

ܮ = ෍ ݈(
௡

௜ୀଵ

௜ݕ , ŷ௜) (4) 

Where are: 
݈ – loss (e.g., squared error for regression), 

 ,௜ – true valueݕ

ŷ௜ – predicted value. 

௜݃ = −
௜ݕ)݈߲ , ŷ௜)

߲ŷ௜
 (5) 

Where are: 
 ,௜ – true valueݕ

ŷ௜ – predicted value, 

݃௜ – gradient. 

2.4.4. Multi-Layer Perceptron (MLP) 

MLP plays a foundational role in machine 
learning. It is a universal approximator, capable 
of modeling complex non-linear functions, 
making them versatile for tasks like 
classification, regression, and time-series 
prediction. However, they require careful 
regularization and hyperparameter tuning to 
avoid overfitting. MLPs are composed of one 
input layer, one or more hidden layers, and one 
output layer [33]. Each layer consists of neurons, 
and the connections between them are associated 
with weights. The input x is transformed as it 
propagates through the network using weights W 
and biases b, followed by activation functions. 
Mathematically, the transformation for a layer is 
given by: 

ݖ = ݔܹ + ܾ (6) 

Where are: 
 ,pre-activation values – ݖ

ܹ – network weights, 

ܾ – network biases. 

ܽ =  (7) (ݖ)ߪ

Where are: 
ܽ – activation output, 

.)ߪ )  – activation function (e.g., ReLU or 
sigmoid), 

 .pre-activation values – ݖ

The output layer provides predictions by 
minimizing a loss function during the training of 
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the model. Training is performed using 
backpropagation and gradient descent, 
iteratively updating weights as in equation 8. 

௡ܹ௘௪ = ܹ −  (8) ܮ∇ߟ

Where are: 
ܹ – network weights, 

  .learning rate – ߟ

2.4.5. Ordinary Kriging Method 

Geostatistical estimation typically involves 
three main steps: examining spatial continuity, 
constructing a variogram model, and carrying 
out kriging estimation. Spatial continuity 
describes how sample values are correlated as 
the distance between them varies. This can be 
illustrated through scatter or h-scatter plots. The 
semivariogram serves as a mathematical tool to 
quantify this continuity within an orebody and is 
derived using Equation (9). 

γ(h)  =  
1

2N(h) ෍ (௜ݑ)ܼ) − ௜ݑ)ܼ + ℎ))ଶ 
ே(௛)

௜ୀଵ

 (9) 

Where are: 
γ(h) – semivariogram value, 

Z(uᵢ) – grade observed at location uᵢ, 

h  – represents the separation (lag) distance 
between two points, 

N(h)  – indicates the number of data pairs 
available at that lag 

Based on these calculations, an experimental 
semivariogram is generated. To obtain a smooth 
and continuous representation, a theoretical 
model such as spherical, Gaussian, or 
exponential is fitted to the experimental curve 
[34]. A representative semivariogram is 
illustrated in Figure 4. The key parameters 
derived from the semivariogram are the nugget, 
sill, and range. 
 

Ordinary Kriging (OK) is a geostatistical 
interpolation method that relies on 
semivariogram information to predict values at 
unsampled locations. By limiting the assumption 
of stationarity to a local neighbourhood of 
samples, OK accounts for variations in the local 

mean [35]. Instead of requiring prior knowledge 
of the global mean, it enforces an unbiasedness 
condition, ensuring that the sum of the assigned 
weights equals 1. A distinguishing characteristic 
of kriging is that it not only produces an 
estimated value of the variable but also provides 
the corresponding estimation variance, thereby 
quantifying the reliability of the prediction at 
each location [36]. The estimation process and 
the expression for minimum variance in OK are 
given by Equations (10) and (11). 

(଴ݑ)∗ܼ =  ෍ ௜ߣ

௡

௜ୀଵ

. ෍ ;   (௜ݑ)ܼ ௜ߣ

௡

௜ୀଵ

= 1 (10) 

Where are: 
(଴ݑ)∗ܼ  – estimated grade at the unsampled 
location ݑ଴, 

 ,௜ݑ grade at the location – (௜ݑ)ܼ

[ߣ]  – weighting factors obtained from the 
variogram model. 

௨బߪ
ଶ =  ෍ ௜ߣ

௡

௜ୀଵ

௨೔,௨೚ߛ ∗ +  (11) ߤ 

Where are: 
௨బߪ

ଶ  – estimation variance at that point at ݑ଴, 

[ߣ]  – weighting factors obtained from the 
variogram model, 

ߤ  – Lagrange multiplier used in the kriging 
system, 

௨೔,௨೚ߛ  – covariance between the sample location at 
 .଴ݑ ௜ and the estimation pointݑ

3. Results and Interpretation 

In this study, the dataset was carefully 
divided, with 20% allocated for testing purposes 
and the remaining 80% for model training. 
Random Forest (RFs), XGBoost, Multilayer 
Perceptron (MLP), and Gradient Boosting 
Regression (GBR) models were explored 
considering the less correlation between input 
and output variables. Kaplan et al. and Atalay et 
al. [37–38] discussed the spatial correlation 
between the X, Y, Z coordinates and the Au/Fe 
grades. 
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Figure 4. Semi-variogram plot showing 
experimental and theoretical variogram 

3.1. Model Training 

In the first step, the training dataset was used 
to train the models. Error minimization was 
performed through hyperparameter tuning using 
the grid search method. The optimal number of 
estimators and mean squared error (MSE) for 
RFs, XGBoost, GBR, and MLP trained models 
were (700, 3.09), (2750, 4.5), (14000, 2.87), and 
(1500, 4.67), respectively. Hyperparameter 
tuning plots are shown in Figure 5, and the 
optimal values of hyperparameters for different 
ML models are given in Table 1. Computation 
details for various models are captured in Table 
2. 

Table 1. Optimal value of the hyper parameters for various ML models 
Name of the Model Name of the Hyper Parameters Hyper Parameters Value Description of the Hyper Parameters 

Random Forests (RFs) 
Estimators 700 Number of trees 
Maximum depth 35 Maximum depth of the tree 
Minimum samples in leaf node 2 Minimum number of data point in each leaf node 

Extreme Gradient 
Boosting (XGBoost) 

Estimators 2750 Number of trees 
Learning rate 0.02 Learning rate 
Objective linear Linear regression with squared error 

Gradient Boosting 
Regression (GBR) 

Estimators 4210 Number of trees 
Learning rate 0.02 Learning rate 

Multilayer Perceptron 
(MLP) 

Neurons in hidden layer 400 Number of neurons in the hidden layer 
Activation function Logistic Activation function used to get the final output 
Maximum iterations 15000 Maximum number of iterations to train the model 

Table 2. Computation details for various Models 
Name of the Model Training time (mins) Prediction time (mins) Memory use (%) 

Random Forests (RFs) 20 4 11% 
Extreme Gradient Boosting (XGBoost) 15 3 9% 
Gradient Boosting Regression (GBR) 12 2 8% 
Multilayer Perceptron (MLP) 25 5 15% 
Kriging 120 10 47% 
Ensemble  5 5% 
 
3.2. Model Validation 

Once hyperparameter tuning was completed 
and models were finalized, the iron ore grade of 
the test data was predicted using the trained 
models. Then, the predicted grade was compared 
with the actual value through R2, MSE, and 
mean absolute percentage error (MAPE). The 
XGboost model performed best out of the four 
models, with an R2 of 0.77, an MSE of 2.87, and 

a MAPE of 1.8%. However, other models (RFs, 
MLP) also performed well. Figures 6 display the 
grade predictions of the selected models 
compared to the actual values for the training 
and testing datasets. It also shows that prediction 
at a lower grade point (54%) is not stable and 
provides a wide range of predicted values both 
for training and testing. The detailed accuracy 
metrics of all four models are given in Table 3. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 5. Hyper parameter tuning plots of (a) RFs Training, (b) RFs Testing, (c)  XGBoost Training, (d) 
XGBoost Testing, (e) MLP Training, and (f) MLP Testing 
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(a) (b) 

  
(c) (d) 

  

(e) (f) 
Figure 6. Actual vs Predicted plot of (a) RFs Training model, (b) RFs Testing model, (c) XGBoost Training 
model, (d) XGBoost Testing model, (e) MLP Training model, (f) MLP Testing model, (g) Kriging Training 

model, and (h) Kriging Testing model 

R = 0.94  R = 0.87 

R = 0.97 R = 0.89 

R = 0.81 R = 0.79 
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(g) (h) 
Continuous of Figure 6. Actual vs Predicted plot of (a) RFs Training model, (b) RFs Testing model, (c) 

XGBoost Training model, (d) XGBoost Testing model, (e) MLP Training model, (f) MLP Testing model, (g) 
Kriging Training model, and (h) Kriging Testing model 

Table 3. Accuracy metrics for various models 
Method R² MSE MAPE 

Randon Forest (RFs) 0.75 3.09 1.9% 
Extreme Gradient Boosting (XGBoost) 0.77 2.87 1.8% 
Gradient Boosting Regression (GBR) 0.57 5.31 2.7% 
Multilayer Perceptron (MLP) 0.62 4.67 2.5% 
Kriging 0.71 3.24 2.2% 
Ensemble Model 0.76 2.95 1.9% 

 
K-fold cross-validation was also conducted to 

check the bias of the training and testing results. 
For this exercise, the two best-performing 
models, XGBoost and RFs, were used. A 5-fold 
cross-validation exercise was performed. The 

model performance results are given in Table 4. 
Since the cross-validation output is close to the 
results of the train-test model, the ML model is 
performing efficiently in predicting the ore 
grade. 

Table 4. Accuracy metrics for k-fold cross validation models 
Method Individual MSE scores for each fold Average MSE across all folds 

Randon Forest (RFs) 2.95, 3.39, 3.23, 3.48, 3.41 3.29 
Extreme Gradient Boosting (XGBoost) 2.94, 2.96, 3.10, 2.85, 3.05 2.98 

 
3.3. Ensemble models 

From individual model performance, it was 
observed that three models were performing 
with decent accuracy. Ensemble models are 
constructed to reduce prediction uncertainty, 
reduce overfitting, and enhance robustness. They 
leverage the strengths of different models to 
create more reliable and generalized predictions 
[39]. Out of various ensemble models, the 
weighted average ensemble model was used to 

determine the final prediction from the 
individual model predictions. The ensemble 
model's R2 was 0.76, MSE was 2.95, and MAPE 
was 1.9%. Although the R2 of the ensemble 
model was reduced by 0.01, the ensemble model 
may produce more stable and reliable 
predictions (Figure 7) when compared with the 
individual model. Comparative predictions from 
machine learning models and the conventional 
method kriging are given in Figure 8. 
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Figure 7. Actual vs Predicted plot for ensemble 
out for testing data 

Figure 8. Comparative Predicted value from 
various models for testing data 

 
4. Conclusions 

The present study focuses on the usage of 
various machine learning (ML) models for 
estimating the iron ore grade in Indian deposits. 
Among various ML models, four models—
namely, random forests (RFs), XGBoost, 
gradient boosting regression (GBR), and multi-
layer perceptron (MLP)—were trained to predict 
the iron ore grade in unsampled locations. 
Rigorous hyperparameter tuning was also 
performed to achieve the best model accuracy. 
An ensemble model was developed to obtain a 
stable prediction with minimum uncertainty. 
This study shows that RFs, XGBoost, and MLP 
models produce good accuracy. However, the 
XGBoost model was found to be superior, 
having an R² of 0.77, a mean squared error 
(MSE) of 2.87, and a mean absolute percentage 
error (MAPE) of 1.8%. The ensemble model 
shows an R² of 0.76, an MSE of 2.95, and a 
MAPE of 1.9%. Although the ensemble model 
shows moderately lower accuracy than the RFs 
model, considering geological uncertainty, this 
ensemble model will be very useful for 
prediction in unknown locations. Future studies 
should explore the integration of other 
geotechnical features, as these models relied 
solely on coordinates. Incorporating features 
such as alteration patterns along with 
conventional methods is also suggested for 
future investigation. 
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قابل  مقادیر  پورفیري  مس  می استخراج  تولید  باطله  و  توجهی  اسید  تولید  در  توانایی  دلیل  به  که  کند 
مخاطرات جدي زیست بالقوه سمی،  عناصر  این  آزادسازي  در  به همراه دارد.  انسان  براي  بهداشتی  و  محیطی 

یکپارچه ارزیابی  ریسکمطالعه،  از  زیستاي  باطلههاي  از  ناشی  انسانی  سلامت  و  مس  محیطی  معدن  هاي 
سونگون در شمال  میان پورفیري  و  رویکردي جامع  منظور،  بدین  است.  ارائه شده  ایران  کار رشتهغرب  به  اي 

کانی  فیزیکوشیمیایی،  آنالیزهاي  ترکیب  شامل  که  شد  روشگرفته  با  ژئوشیمیایی  و  بود.  شناسی  آماري  هاي 
شده پیشنهادي دفتر مرجع جامعه اروپا انجام شد؛ روشی  بندي شیمیایی عناصر با استفاده از روش اصلاح گونه 

پذیري عناصر به کار رفته است. هدف اصلی  که در مطالعات متعدد براي ارزیابی تفکیک ژئوشیمیایی و تحرك 
ارزی سوي  به  عناصر  کل  غلظت  صرف  تحلیل  از  گذار  پژوهش،  دقیق این  بر  ابی  مبتنی  ریسک  تر 

بهرهدسترسزیست با  محیط پذیري،  سازمان حفاظت  از چارچوب  و  گیري  کودکان  براي  متحده  ایالات  زیست 
بررسی  بود.  کانی بزرگسالان  باطله هاي  که  داد  نشان  هستند،  شناسی  اسید  تولید  خالص  پتانسیل  داراي  ها 

  2کننده اصلی، یعنی کلسیت (حدود  درصد) معمولاً بیش از کانی خنثی  4اي که مقدار پیریت (حدود  گونه به
شدگی توجه مس و مولیبدن و همچنین غنی شدگی قابل درصد)، است. نتایج آنالیزهاي ژئوشیمیایی بیانگر غنی 

باطله در  کبالت  و  آرسنیک  ترتیب  متوسط  به  تحرك  بیشترین ضرایب  بررسی،  مورد  عناصر  میان  در  بود.  ها 
 ) مس  به  () ٪81٫49متعلق  سرب   ،76٫71٪ () روي   ،71٫65٪  ( ) مولیبدن  خطر )  ٪59٫27و  شاخص  بود. 

وانادیم  به  2٫04زایی براي کودکان برابر با  غیرسرطان  این میان،  و در  ایمنی فراتر است  دست آمد که از حد 
بهدسترسزیست یافتهپذیر  این  شناسایی شد.  عامل اصلی ریسک  میعنوان  نشان  بر ها  اتکاي صرف  که  دهد 

پذیري هاي مبتنی بر گونهکننده باشد و بر ضرورت انجام ارزیابیتواند گمراه غلظت کل عناصر بالقوه سمی می 
  کند. هاي معدنی تأکید می محیطی و مخاطرات سلامت ناشی از باطلهشیمیایی براي توصیف دقیق رفتار زیست 

    کلمات کلیدي 

ML 
  نگ یجیکر

XGBoost 
  ی تصادف  يهاجنگل 

  ن یتخم

  

  
 
 
 


