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Abstract: Prediction of geochemical concentration values is essential in mineral exploration as it
plays a principal role in the economic section. In this paper, four regression machine learning (ML)
algorithms, such as K neighbor regressor (KNN), support vector regressor (SVR), gradient boosting
regressor (GBR), and random forest regressor (RFR), have been trained to build our proposed hybrid
ML (HML) model. Three metric measurements, including the correlation coefficient, mean absolute
error (MAE), and means squared error (MSE), have been selected for model prediction performance.
The final prediction of Pb and Zn grades is achieved using the HML model as they outperformed other
algorithms by inheriting the advantages of individual regression models. Although the introduced
regression algorithms can solve problems as single, non-complex, and robust regression models, the
hybrid techniques can be used for the ore grade estimation with better performance. The required
data are gathered from in situ soil. The objective of the recent study is to use the ML model’s
prediction to classify Pb and Zn anomalies by concentration-area fractal modeling in the study area.
Based on this fractal model results, there are five geochemical populations for both cases. These
elements’ main anomalous regions were correlated with mining activities and core drilling data. The
results indicate that our method is promising for predicting the ore elemental distribution.

Keywords: hybrid machine learning; geochemical anomaly detection; support vector regressor;
K neighbor regressor; ensemble regressor; fractal modeling

1. Introduction

Identification of geochemical anomalies and backgrounds is an essential task for min-
eral exploration. Prediction/interpolation of elemental concentrations in a study area is a
fundamental operation for designing advanced stages of mineral exploration [1]. There are
numerous classical models for geochemical anomaly detection such as probability plots,
spatial U statistics, and summation of mean and standard deviation [2–6]. Many mathemat-
ical processing techniques have been used for the detection of geochemical anomalies since
the 1990s, especially concentration-area fractal/multifractal modeling [7–16], spatial analy-
sis/geoinformatics [17], machine learning (ML) techniques such as neural networks [18–20]
and deep learning algorithms [21]. On the other hand, two branches exist for geochemical
mapping techniques, including structural (e.g., fractal and ML methods) and non-structural
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methods, especially classical statistics techniques. The traditional techniques for geochemi-
cal anomaly detection run in an unsupervised manner, and they are incapable of using the
prior information sufficiently for data processing. [22]. Since the 1980s, many intelligence
approaches, known as ML methods, have been introduced and improved [23–26]. Among
them, some of the algorithms such as K-nearest neighbor (KNN; [27]), support vector
machine (SVM; [28–30]), random forest regressor (RFR; [28–32]), and gradient boosting
regressor (GBR; [33]) have been applied in this field because of their robust performance.
Many ML regression and ensemble algorithms have been used in mineral exploration. For
instance, Bedard et al. [34] have tested Naive Bayes, KNN, and RF algorithms to determine
the best predictive classification algorithm for mineral exploration using the magnetite
geochemical composition. Kaplan and Topal [35] utilized a combination of the ANN and
KNN to estimate ore grades in a gold deposit. Besides, Gonbadi et al. [22] have applied
supervised algorithms, including SVM and RF, to build a classified map in the undrilled
area of their study area.

The ML methods employ theoretical knowledge for solving different problems using
large or complex datasets. It is a discipline that addresses the question of how to construct
computers to improve their performance automatically through experience [36]. The ML
approach is principally used to train and learn relationships from large datasets for complet-
ing tasks and involving decision-making where humans cannot have it [37–39]. In the last
few years, ML techniques have become an essential tool to advance different branches of
science and engineering, in particular, geochemical anomaly recognition [40–43]. In general,
the ML methods can be categorized based on the type and amount of supervision they
can have for training. Therefore, they can be divided into four main groups: supervised,
unsupervised, semi-supervised, and reinforcement learning [44–46]. In supervised learning,
which is one the most successful type of ML, the algorithm is built based on the inputs
and desired outputs [37]. Two main types of supervised machine learning algorithms are
regression and classification, while dimensionality reduction and clustering are the main
division of unsupervised learning [47].

The fractal methodology has been utilized for geochemical data interpretation, es-
pecially for classifying geochemical anomalies and zones [48–50]. The fractal models are
significant for separating different anomalous areas based on their concentrations and
occupied spaces. Many fractal methods were established and developed by other re-
searchers [51–56]. As a famous fractal model, the concentration-area (C-A) model was
proposed by Cheng et al. [7] for anomalous area delineation. Enhancing the accuracy of the
ML models has been the main objective of many types of research; however, employing
and comparing ML models have been overlooked [54].

In this paper, two individual regression models (KNN and SVM) and two robust
ensemble methods (RFR and GBR) have been utilized to predict ore grades (Pb and Zn) in
the Irankuh area of Central Iran. These models were selected as supervised ML algorithms
for their high efficiency and robustness in mineral exploration. The results of these models
have been compared based on different metrics such as correlations, MAE and MSE. This
study has indicated that GBR methods outperform other individual regression algorithms
for ore grade estimation. The fundamental achievement of this research is to build a hybrid
model that could exceed the results of ensemble algorithms. Therefore, two hybrid models
(SVM-KNN-RFR and SVM-KNN-GBR) have been introduced, and the results improved in
their performance compared to the individual ensemble algorithms. The selected results
were then categorized using the C-A fractal model. Finally, the main anomalies for Pb and
Zn were correlated with geological particulars and core drilling data.

2. Geological Setting

The Irankuh Mining District (IMD) is one of the most important sediment-hosted
Zn-Pb (Ag-Ba) deposits of Iran (Figure 1) formed within the back-arc extensional setting
during the Late Jurassic-Lower Cretaceous Age of Sanandaj-Sirjan Zone (SSZ). SSZ is part
of the NW-SE trending of the Zagros orogenic belt [57,58]. It is about 150–250 km wide,
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characterized by widespread Mesozoic volcanic and sedimentary rocks. The SSZ was a
magmatic arc during the Jurassic Age. It then changed to a back-arc basin during the Early
Cretaceous Age, where sedimentary rock units such as siltstone, sandstone, and carbonates
were deposited in the resulted sedimentary basin. This sedimentary basin hosts about
170 Middle to Upper Jurassic [59] and Lower Cretaceous sediment-hosted [60] Zn-Pb
deposits and occurrences constituting the Malayer-Esfahan Metallogenic Belt.
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Figure 1. Geological-structural map of Irankuh Mining District (IMD), generated considering [57].

The IMD contains several economic deposits, such as Tappehsorkh, Gushfil, Rowmar-
mar, and Kolahdarvazeh, which are now active. Mineralization occurred as stratiform and
stratabound bodies of sulfide and non-sulfide ores within Lower Cretaceous dolostone,
siltstone, and crystal lithic tuff. Jurassic shale, sandstone, and siltstone are the oldest
rocks unconformably covered by Lower Cretaceous volcano-sedimentary rock units. Vol-
canic rocks are dominated by crystal lithic tuff, andesitic rocks intersected by the dacitic
dome. Lower Cretaceous sedimentary rocks include conglomerate, siltstone, dolostone,
and limestone. One of the essential features in the IMD is the WNW-ESE trending Gushfil-
Baghabrisham fault, which was common in the Lower Cretaceous (contemporaneous with
the formation of a back-arc basin and sulfide deposition) but changed to reverse fault due
to inversion tectonic of Late Cretaceous compression tectonism [61]. Based on [62–64], this
fault is the main conduit controlling the movement of ore-bearing fluids that deposited
economic stratiform and stratabound sulfide minerals in the proximal host rocks.

Based on the geology, tectonic setting, mineralogy, ore texture, geochemical, and isotopic
analytical results, the IMD and included ore deposits have been classified as sub-seafloor
diagenetic replacement SEDEX-type deposits [62–64]. Karimpour and Sadeghi [65,66], based
on the deposition of sulfide minerals within or close to dolostone and shale-siltstone units
and replacement and open space filling textures of ore minerals, suggested this deposit
occurred as an MVT-type deposit. The Gushfil ore deposit was extracted as an open pit,
but since 2006 it has been mined as underground. The Tappehsorkh deposit is mined as
an open pit in Tappehsorkh I and Tappehsorkh II. Mining activities at the Kolahdarvazeh
deposit are also carried out as open-pit activities. At the Rowmarmar deposit, the ore is
extracted by underground activities within dolostone host rocks. All the deposits in IMD
now have 13.9 Mt ore in total with an average grade of 0.95% Pb, 5.5% Zn, and 700 g/t
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Ag at the Gushfil deposit, 2.2% Pb, 4.3% Zn at Tappehsorkh deposit, 1.1% Pb, 9.9% Zn at
Kolahdarvazeh deposit, and 1.55% Pb and 4.35% Zn at Rowmarmar deposit [67].

3. Material and Methods
3.1. Dataset

All the models have been trained using Scikit-learn as one of the most common Python
packages for ML algorithms [68]. For this study, the dataset compromised 804 in situ
samples. A rectangular grid with about 40-m intervals and 200-m length has been designed
at the northern part of IMD for Pb-Zn geochemical exploration. Then, 804 samples were
selected from in situ soil samples in this grid for further geochemical analyses. Three to
five samples located within the 5 to 10-m range were chosen as one individual specimen
to send to the laboratory. All samples were taken from the B horizon at a depth varying
from 20 to 30 cm to avoid the possible effects of contamination, such as mining activities
or human pollution. The sampling lines were designed to intersect with the site, mining
activities, mineralization zones, open pits, faults, fracture zones, and tailing sites. After
sampling, all the samples were submitted to ALS Chemex in Canada for 35 elements
analysis by ICP-MS conducting microwave digestion with a 1:1 nitric-hydrochloric acid
mixture. The precision varied from ±0.1% to ±10% at the 95% confidence level. The
statistical parameters summary of the datasets is shown in Table 1.

Table 1. Statistical properties of Pb and Zn for all instances [unit: %].

Elements Count Mean Std. 1 Minimum 25% 50% 75% Maximum

Pb 804 0.01008 1672 0.0047 0.0279 0.0487 0.0912 1

Zn 804 0.147 1343 0.0134 0.0725 0.1092 0.1703 1
1 Standard Deviation.

The histograms for Pb and Zn are represented in Figure 2. Both Pb and Zn grade
values have positive skewness. Few spots are rich in Pb or Zn. In geochemical exploration,
the determination of multiple cell dimensions within the 2D model is substantial. For this
purpose, a general approach has been proposed for the operation according to the sampling
models and ore deposit type. Accordingly, cell sizes are equal to 40 m × 40 m for X and Y,
respectively [69].

Another step in geochemical exploration studies is outlier identification, an essential
task in the statistical analysis of geochemical data, especially the separation of anomalies
from the background. The outliers are the abnormal data that deviate from the usual
data range. Outliers often are indications for mineral deposit explorations because high
anomalies were shown [70]. Thus, recognition and decisions for correcting or removing
them are significant during preprocessing data. Many methods have been proposed for the
signification of the outlier data. The Dorffel method is used to distinguish the outlier data
in which appropriate data replaced the outlier data.

3.2. K-Nearest Neighbor (KNN)

The KNN model is one of the most efficient and straightforward ML algorithms. This
technique has been used in different regression and classification models ever since Cover
and Hart [71] have proposed this method. The KNN model has some strengths, such as
performing well without needing many adjustments; therefore, it can be a good baseline as
it is an understandable method before employing advanced and complex techniques [72,73].
The main idea of this method is to use the neighborhood between the independent variable
of the predictors and calculate this variable in the historical dataset to obtain the best
estimators for the predictor [74]. The algorithm finds out the nearest neighbors’ point in
the training dataset for the given dataset. Therefore, the KNN algorithm mainly depends
on the distance and voting function of the selected optimal value of K [75].
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For the KNN algorithm, a large and small k-value could result in overfitting and noise,
respectively [76]. Therefore, the hyperparameters such as n-neighbor, leaf-size, and metrics
have been adjusted to obtain the best performance of the KNN model in this study, and the
optimal hyperparameters for this technique have been shown in (Table 2). The Chebyshev,
Euclidean, Manhattan, and Minkowski have been tested for length metric. The Euclidean
metric has shown the best result among other parameters. To find the optimal value for
n-neighbor and leaf-size, the grid search method has been applied.

3.3. Support Vector Machine (SVM)

This technique has become a popular approach for solving classification, regression,
and anomaly detection problems [77]. The methodology of the SVM has been proposed
by Cortes and Vapnik [78]. The SVM method is designed for classification, and the sparse
solution and reasonable generalization of SVM lend themselves to adaption to regression.
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The SVM is called support vector regression (SVR) for application in regression analysis [79].
The optimal value of kernel, gamma, and C (Table 2) for the SVR model was estimated
through the grid method [80]. For more explanation about the SVM model, readers are
referred to the literature [81,82].

Table 2. Optimal hyperparameters for the applied ML models.

Model Hyperparameters Model Parameters

KNN

N_neighbor 11

Leaf_size 10

Metric ‘Euclidean’

SVM

Kernel ‘sigmoid’

Gamma ‘scale’

C 1

GBR

N_estimator 500

Max_depth 5

Learning_rate 0.1

RFR

N_estimator 400

Max_depth 10

Max_features log2

3.4. Random Forest (RF)

The RF technique was initially introduced by Ho [83] and developed by Breiman [84]
around twenty years ago. Currently, it is among the most popular existing supervised
methods of ML research [85] and is very effective for most regression analyses. The method
connects the concept of bagging, which was introduced by [84], and random feature
selection, which was first proposed by [83]. The RF method is principally a gathering of
multiple decision tree predictors, where each tree is unique and dissimilar to the others.
The total number of predictors and trees are used to control the node split between the
model, which affects the complexity of the model [86]. Because of building many trees, the
results have been calculated as the average value of all the regression trees [79]. The aim of
RF is to collect the computed results from different trees as a “weak learner” and build the
algorithm; for this purpose, many decision trees are required. The other steps of random
forest have been explained in detail by [87]. The random forest gets its name by implanting
randomness in the trees to make sure each one of them is unique and different [37]. In
addition, the rigorous mathematics relative to this technique can be found in [84–88].

This method has various advantages such as its use for both numerical and categorical
datasets, adaptability to both regression and classification problems, and its capability of
handling non-linear variables [89–92]. It does not require any specific assumptions for the
statistical distribution of the data. Hyperparameters for this algorithm (Table 2) include
n_estimator as the number of trees in the forest, max_features, which is splitting the nodes,
and max_depth as the pre-pruning parameter [79–91]. As the other technique, the optimal
hyperparameters have been obtained using the grid search method.

3.5. Gradient Boosting Regression (GBR)

The GBR is an efficient and accurate model, which can use for both regression and
classification. In this technique, adding different trees is required to obtain an optimal
model; however, weak generalization can occur when the model is trained too well on the
input training data [93]. The error or residual can be defined as the loss function in the ML
terminology [94]. The main framework of this technique is boosting, and the fundamental
aim is minimizing the loss function. In the gradient boosting algorithm, different loss
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functions can be defined based on the problem [95,96]. The primary point of employing the
GBR is its ability to use fewer computational resources for the objective function [93–97].

The steps involved in this algorithm are as follows [95–98]:

• A loss function is required, and it should be differentiable; therefore, the entire pro-
cessing can be focused on minimizing this function.

• Generating the decision tree as the weak learner for predicting values.
• To add the weak learners and minimize the loss function, an addictive model is required.

In principle, the GBR model’s hyperparameters (Table 2) are identical to the RF model,
which are n_estimator, max_depth, and learning_rate, and these are not present in the RF
model [99]. A detailed mathematical explanation of this method for further study can be
found in the related literature [100–102].

3.6. Hybrid Regression Models

This study developed two hybrid regression models SVM-KNN-RFR(SKR) and SVM-
KNN-GBR(SKG) to improve the ore grade prediction. As indicated in the introduction,
the individual regression methods are good and popular for ore grade predictions and
mineral exploration. However, these techniques do not perform efficiently enough when
the dataset is small [103]. Therefore, a hybrid model that combines both methods has been
developed to overcome this obstacle and improve the model performance. The result of
this hybrid model can be expressed as follows [79]:

µ(X) =
1
N

N

∑
n=1

ωnPn(X) (1)

where µ(X) is the weighted average result of the model,ωn is the weight assigned to the
nth regressor, Pn(X) is the prediction related to the nth model, and X is the sample data.
This hybrid model can enhance the results by controlling the variance considering the
tiny dataset and avoiding the generalization error [104]. The workflow of the models is
illustrated in Figure 3.

3.7. Concentration-Area (C-A) Fractal Method

The C-A is based on a reverse relationship between ore elemental concentrations and
their occupied areas proposed by Cheng et al. (1994) for the first time [7]. This method
has been used to interpret geochemical data and classify geochemical anomalies based
on stream sediments, rock samples, and in situ soil samples [50,105,106]. This model is
based on gridding interpolation data derived via geostatistical estimation/simulation.
The C-A log-log plot is essential to define geochemical background and anomalies, and
mineralized zones in different case studies. A reverse relationship between ore grades
and their cumulative occupied areas can provide a better interpretation for geochemical
populations [14,107,108]. Operation of this model is related to the interpolation model
because it is essential and effective in detecting boundaries between different anomalies.
General estimation methods such as (inverse distance weighted) IDW and kriging package
are used for in situ rock and soil samples [109].
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4. Results

The selected hyperparameters for each ML model are listed in Table 2. Moreover, the
selected models have been compared by different metrics, including correlation coefficients,
mean absolute error, and mean squared error, and the final results are shown in Table 3.
The correlation plot for the SKG hybrid model for Pb and Zn is shown in Figure 4.

Table 3. Comparison between estimated and raw data based on the ML models by
correlation coefficient.

Elements Metrics KNN SVM GBR RFR Hybrid (SKG) Hybrid (SKR)

Pb

Correlation
Coefficient +0.65% +0.56% +0.73% +0.66 0.74 0.71

Mean
Absolute

Error
607.10 508.30 395.20 580.70 338.90 380.10

Mean
Squared

Error
1039.20 1130.80 766.80 992.40 754.70 760.50

Zn

Correlation
Coefficient +0.60 +0.45 +0.65 +0.62 +0.66 +0.63

Mean
Absolute

Error
487.20 589.50 470.10 475.10 451.40 472.50

Mean
Squared

Error
797.50 920.10 768.90 722.20 667.40 716.80
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The C-A log-log plots, generated for Pb and Zn, are based on the results obtained by
the SKG hybrid model, as depicted in Figure 5. There are five populations for Zn and Pb,
and the multifractal nature exists in the output plots, and lastly, the anomaly distribution
was all generated by GIS, as shown in Figure 6.
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very strong anomaly, and extremely anomalous in case we have more than five classes like A.
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Figure 6. The geochemical anomalies for Pb (A) and Zn (B) derived via the C-A fractal method
in the IMD resulting from fractal analysis of soil samples (numbers are ore deposits and indices
throughout IMD).

To show the relationship between the Pb and Zn data predicted by the machine
learning method and the results of borehole studies, the two plot diagrams between these
data have been drawn in the next step. For this reason, each borehole data is compared
with the near cell predicted by the ML method (Figure 7). As observed, there are positive
correlations, +0.34 and +0.46 for Pb and Zn, respectively. These results indicate a proper
statistical validation for this methodology.
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Figure 7. Correlation plots of predicted and boreholes data for Pb and Zn.

5. Discussion
5.1. Machine Learning

In total, 4116 cells were estimated by the final selected method. In this study, the two
hybrid regression models have been built, and the outputs have been compared with four
regression ML techniques. The ML models have been employed to predict the ore grade of
Pb and Zn in the IMD, Central Iran. In this model, 80% of the data has been considered for
the training and validation process, and the remaining 20% has been used for the model
testing. Optimal hyperparameters are required to make an accurate and robust model,
greatly depending on the specific dataset [110,111]. For this purpose, the k-fold (K-10)
cross-validation methodology has been set in the proposed algorithms; thus, there are ten
different training set portions [112]. Moreover, the performance of each model is computed
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on the testing dataset. To evaluate the performance of each model, means square error
(MSE), mean absolute error (MAE), and the correlation coefficient were chosen.

The results demonstrate that the GBR has the most accurate outcomes among the
individual regression models (Table 3). Both hybrid models outperform all other regression
models and provide acceptable results. However, the SKG hybrid model depicts the best
performance among all other models with the correlation coefficient values of 0.74 and 0.66
for Pb and Zn, respectively, as shown in Figure 4. Consequently, the results were derived
via this hybrid model selected for fractal modeling. SVM has the worst performance
among all the applied models, with the lowest correlation coefficient of 0.56 and 0.45 for
Pb and Zn. In this study, four different ML regression and two hybrid models have been
utilized to estimate the concentrations of Pb and Zn. The testing dataset has evaluated the
performance of each model. Consequently, the predictive potential of the Hybrid regression
models was examined, and the results were compared with the other models’ analysis
based on the different metric values.

5.2. Fractal Modeling

The log-log plots (Figure 5) have been generated by the output results of the SKG
hybrid model for both Pb and Zn. Based on the resulted fractal domains, the anomaly
distribution maps of these elements were generated at GIS (Figure 6). The lowest Pb values
vary from 0.0076 to 0.013 %, demonstrating the background population, as observed in
Figure 6. Next populations have 0.014 to 0.038 % (upper background) and 0.039 to 0.15 %
(third class anomaly), respectively. The highest Pb values with 0.16 to 0.4 % domain show
the first-class anomaly in the IMD.

The Zn populations commence with 0.023 to 0.071 % for background values (Figure 6).
It is followed by 0.072 to 0.12 % (upper background) and 0.13 to 0.14 % (third class anomaly).
The next group ranges from 0.15 to 0.37 %, the second-class Zn anomaly. The highest Zn
grades with 0.38 to 0.42 % are considered a first-class Zn anomaly at the IMD. Thus, it is
concluded that the main Pb and Zn begin from 0.64% and 0.48%, respectively. Furthermore,
backgrounds for Pb and Zn are lower than 0.013% and 0.0234%, correspondingly, based on
these log-log plots. Major Pb anomalies occur in the north west, central and southern parts
of this area (Figure 6). In addition, high extensive anomalous parts of Zn (First and second
class) occur in the NW-SE trending at IMD (Figure 6).

5.3. Validation by Core Drilling Data

The outputs were compared with mining activities’ location and borehole Pb-Zn
averages to evaluate results derived via the ML and fractal methods. The Pb anomalies
in the IMD are classified into four groups based on the values taken from the C-A fractal
analysis (Figure 6). These results of Pb values could be considered a first-class anomaly
(0.16–0.4 %). Pb anomalies are located on the sulfide orebodies from the Tappehsorkh
deposit to the Rowmarmar deposit, which are now under mining, as depicted in Figure 6.
One accumulation of Pb anomaly was placed in an area between Rowmarmar and Gushfil
deposits, which could be essential for later exploration planning. It should be noted that
the second class of Pb anomaly with about 0.039 to 0.15 % is also important due to the
high values of Pb (greater than background values). This anomaly class is distributed
at almost the whole area between mining exploration sites, which emphasizes that the
amount of Pb is higher than the background grades in these regions. Zn concentrations
are classified into five groups based on the fractal analysis. The first and second classes
of anomalies are compiled with 0.38 to 0.42 % and 0.15 to 0.37 %, respectively. The Zn
anomalies are well distributed where the Tappehsorkh, Rowmarmar and Gushfil deposits
are getting mined now (Figure 8). Other Zn anomalies are located where whole deposits
and occurrences formed. It is spatially extending among and around the mining site, which
confirms high Zn distribution values in soil sampling from this area. It could also be due
to Zn mobilization affinity in the rock unit and later redistribution. It is necessary to note
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that major anomalies of Pb and Zn are located in the regionally dolomitized K3l orbitolina
limestone, which is called as the K3d dolostone unit (Figure 1).
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Figure 8. Correlation between Pb (A) and Zn (B) anomalies resulting from fractal analysis of soil
samples and core drilling in the IMD (numbers are ore deposits and indices throughout IMD).

There are many exploratory boreholes in the IMD investigating the trend of sulfide
orebodies throughout the exploration area. As shown in Figure 8, some of them were
drilled on the Pb and Zn anomalies resulting from the fractal analysis. Some of the drilled
boreholes are well located at the first and second classes resulting in Zn and Pb anomalies.
As demonstrated in Table A1 Pb has an average of 0.03 to 9.48% in Pb fractal anomaly
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domains, whereas the Zn average ranged from 0.07 to 9.89% in this domain. Maximum
values of Pb and Zn in this anomaly are about 50% in the TS04 borehole and 35.6% in the
TS101 borehole (Table A1). The mean values of Pb and Zn located in the Zn anomaly area
are about 0.045 to 4.48% and 0.1 to 9.89%, respectively (Table A2). The highest amount of
Pb is about 40.6 % in the TS-100 borehole, and the highest value of Zn is about 35.6% in the
TS-101 borehole (Table A2). Based on this correlation, the highest Pb and Zn grades are
developed on the highest degrees of Pb and Zn anomaly resulting from the fractal analysis.
Based on this correlation, it could be concluded that other Pb and Zn anomalies derived
from fractal analysis, and especially those located between the Rowmarmar and Gushfil
and Gushfil-e-Bala mining areas (Figure 8) could be suggested as prospects for detailed
exploration in the IMD.

6. Conclusions

Precise grade estimation is substantial in geochemical exploration projects, affecting
decision-making progress. In the present study, the analysis is carried out to determine if
the combination of regression and ensemble models can improve the performance to build
a more precise ore grade estimation. Therefore, two hybrid approaches (SKG and SKR)
have been introduced. Three metrics have been selected to evaluate models, including
correlation coefficients, MAE, and MSE. Although the introduced regression algorithms
can solve problems as single, non-complex, and robust regression models, the hybrid
technique can be used for the ore grade estimation with better performance. Our proposed
hybrid regression model performed as the best ML model among all other introduced
regression and ensemble models. The results are used to classify Pb and Zn anomalies
by the C-A fractal model. This hybrid model based on ML and fractal modeling can be
used in many geochemical exploration cases especially based on in situ rock and soil
samples. In this case, a combination of fractal analysis of soil samples (surface sampling)
and boreholes samples correlates with the location of mining activities in IMD. It could also
have proposed potential targets for further exploration in future specially at the location
between Rowmaramr and Gushfil mines (Figures 6 and 8). The ML methods can be
prepared suitable input for fractal models, especially the C-A fractal model. Considering
the potential of ML techniques, integrating these methods and geostatistical simulation
would be interesting for future research with more available data.
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Appendix A

Table A1. Pb and Zn grades of boreholes correlated with the Pb fractal analysis results.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

1 G-10 0.00 0.02 0.10 1.50 0.05 0.14 0.06 0.02
2 RM14 0.04 0.08 9.80 1.77 0.77 0.72 0.38 0.67
3 RM15 0.02 0.06 13.60 13.00 0.56 1.63 0.12 0.79
4 RM16 0.02 0.05 10.00 9.00 0.12 0.39 0.12 0.39
5 RM17 0.02 0.07 31.00 8.10 2.70 1.00 0.16 0.32
6 RM18 0.02 0.06 7.24 33.00 0.41 2.50 0.14 1.26
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Table A1. Cont.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

7 RM19 0.02 0.07 12.00 30.00 0.43 1.77 0.12 0.55
8 RM21 0.02 0.08 6.00 23.50 0.24 1.42 0.08 0.55
9 RM27 0.02 0.02 0.16 0.15 0.10 0.08 0.11 0.07

10 RM29 0.02 0.06 14.60 8.10 0.38 0.73 0.10 0.41
11 RM38 0.04 0.06 24.00 6.50 0.98 0.54 0.20 0.29
12 RM47 0.02 0.03 18.00 8.00 0.36 0.65 0.04 0.36
13 TS1 0.02 0.02 1.36 22.50 0.13 0.85 0.04 0.17
14 TS3 0.04 0.02 22.00 18.50 1.82 1.73 0.36 0.38
15 TS4 0.02 0.05 50.00 11.00 2.97 1.07 0.40 0.40
16 TS5 0.04 0.02 35.00 24.25 0.30 0.63 0.30 0.63
17 TS6 0.02 0.02 12.40 21.20 0.63 0.81 0.10 0.20
18 TS21 0.02 0.05 1.88 18.50 0.24 1.11 0.14 0.50
19 TS23 0.02 0.05 18.40 3.40 0.33 0.34 0.08 0.21
20 TS26 0.02 0.07 5.70 5.25 0.51 0.47 0.14 0.20
21 TS28 0.04 0.04 2.60 12.50 0.16 0.64 0.04 0.11
22 TS29 0.02 0.03 4.10 1.50 0.25 0.38 0.04 0.27
23 TS30 0.04 0.04 5.70 3.50 0.97 0.45 0.16 0.18
24 TS37 0.02 0.05 26.00 8.00 0.62 0.88 0.12 0.25
25 TS59 0.08 0.05 25.60 10.50 6.55 0.85 2.24 0.20
26 TS60 0.04 0.02 0.52 1.01 0.15 0.15 0.08 0.04
27 TS63 0.08 0.02 46.10 2.93 9.49 0.35 0.70 0.08
28 TS65 0.04 0.07 0.16 0.44 0.08 0.21 0.08 0.16
29 TS70 0.02 0.03 14.80 16.35 0.61 0.69 0.04 0.08
30 TS71 0.08 0.05 0.20 0.50 0.11 0.24 0.09 0.16
31 TS72 0.02 0.03 22.00 5.50 0.99 0.83 0.12 0.20
32 TS80 0.04 0.07 35.60 2.00 2.57 0.64 0.14 0.61
33 TS81 0.04 0.04 23.60 1.52 2.03 0.51 0.10 0.30
34 TS96 0.02 0.19 0.16 1.15 0.06 0.59 0.04 0.53
35 TS97 0.02 0.01 17.00 21.00 0.40 1.54 0.04 0.12
36 TS98 0.02 0.03 26.00 2.35 1.42 0.29 0.04 0.16
37 TS99 0.02 0.02 4.44 8.90 0.52 0.72 0.06 0.15
38 TS101 0.14 0.12 11.20 35.60 3.30 9.89 2.45 5.35
39 TS102 0.02 0.04 18.40 22.00 3.30 4.82 1.72 0.97
40 TS103 0.02 0.01 5.60 9.15 0.33 0.78 0.04 0.11
41 TS104 0.02 0.01 20.40 5.50 1.02 0.43 0.08 0.19
42 G1-32 0.02 0.01 7.30 0.84 0.63 0.13 0.08 0.08
43 G1-33 0.01 0.01 3.04 6.85 0.12 0.35 0.02 0.08
44 G1-34 0.02 0.08 6.70 8.30 0.43 0.48 0.12 0.23
45 G1-35 0.02 0.01 1.34 4.30 0.26 0.20 0.16 0.15
46 RS-1012 0.02 0.09 6.68 1.59 1.27 0.33 0.18 0.21
47 RS-1013 0.06 0.02 1.34 1.95 0.33 0.38 0.14 0.13
48 RS-1014 0.14 0.08 4.50 1.75 0.92 0.57 0.31 0.33
49 RS-1015 0.02 0.08 1.56 0.68 0.29 0.28 0.16 0.27
50 RS-1016 0.02 0.08 6.34 1.65 0.88 0.47 0.20 0.26
51 RS-1017 0.24 0.10 9.00 0.68 1.95 0.31 1.50 0.30
52 RS-1018 0.04 0.04 5.10 0.41 1.00 0.16 0.66 0.14
53 RS-1019 0.02 0.08 5.00 0.44 0.65 0.18 0.16 0.16
54 RS-1020 0.10 0.03 4.40 0.70 0.75 0.25 0.40 0.21
55 RS-1021 0.02 0.03 0.38 0.41 0.13 0.12 0.12 0.09
56 RS-1022 0.02 0.06 0.46 0.66 0.07 0.15 0.04 0.11
57 RS-1023 0.02 0.03 1.86 0.96 0.35 0.26 0.14 0.19
58 RS-1024 0.02 0.04 0.22 0.42 0.10 0.13 0.06 0.08
59 RS-1025 0.02 0.09 2.40 0.91 0.26 0.30 0.07 0.23
60 RS-1026 0.10 0.06 2.12 0.54 0.33 0.22 0.16 0.14
61 RS-1027 0.06 0.17 2.44 1.27 0.32 0.38 0.14 0.31
62 RS-1028 0.04 0.08 2.70 2.30 0.49 0.50 0.12 0.29
63 RS-1029 0.02 0.09 3.76 0.77 0.40 0.23 0.10 0.16
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Table A1. Cont.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

64 RS-1030 0.08 0.16 11.00 2.50 1.36 0.85 0.79 0.69
65 RS-1031 0.02 0.10 4.28 0.81 0.73 0.27 0.14 0.21
66 RS-1032 0.10 0.15 3.90 1.10 0.71 0.49 0.20 0.49
67 RS-1033 0.04 0.15 3.46 0.36 0.53 0.23 0.28 0.22
68 RS-1034 0.08 0.05 4.40 0.60 0.52 0.18 0.20 0.13
69 RS-1035 0.02 0.11 10.20 0.95 0.79 0.33 0.20 0.27
70 RS-1036 0.02 0.11 1.86 0.69 0.17 0.34 0.04 0.36
71 RS-1037 0.02 0.09 1.28 0.95 0.15 0.22 0.06 0.15
72 RS-1038 0.02 0.11 3.12 2.49 0.65 0.72 0.18 0.63
73 RS-1039 0.06 0.10 4.06 1.68 0.46 0.50 0.22 0.32
74 RS-1040 0.06 0.09 2.44 2.77 0.44 0.67 0.26 0.39
75 RS-1041 0.08 0.17 3.46 1.50 0.59 0.45 0.30 0.35
76 RS-1042 0.02 0.10 1.66 0.86 0.25 0.28 0.10 0.21
77 RS-1043 0.02 0.08 0.60 0.83 0.15 0.26 0.14 0.15
78 RS-1044 0.10 0.23 1.24 0.54 0.53 0.36 0.28 0.28
79 RS-1045 0.06 0.23 5.40 1.76 0.87 0.62 0.56 0.59
80 RS-1046 0.02 0.18 0.32 2.00 0.15 1.04 0.16 1.20
81 RS-1047 0.02 0.20 1.40 1.80 0.20 0.49 0.12 0.41
82 RS-1048 0.02 0.11 4.00 0.90 0.81 0.38 0.30 0.34
83 RS-1049 0.02 0.03 0.40 0.62 0.13 0.16 0.08 0.15
84 RS-1050 0.30 0.36 12.80 0.91 3.48 0.66 1.44 0.75
85 RS-1051 0.02 0.06 1.08 0.65 0.21 0.26 0.08 0.17
86 RS-1052 0.02 0.07 2.72 1.41 0.55 0.32 0.08 0.21
87 RS-1053 0.02 0.05 0.52 0.42 0.10 0.16 0.04 0.13
88 RS-1054 0.02 0.04 1.34 0.91 0.18 0.21 0.04 0.16
89 RS-1055 0.06 0.07 1.60 0.88 0.48 0.36 0.35 0.25
90 RS-1056 0.02 0.10 0.36 0.70 0.08 0.20 0.04 0.13
91 RS-1057 0.02 0.02 0.16 0.45 0.05 0.12 0.04 0.09
92 RS-1058 0.02 0.02 0.10 0.61 0.05 0.16 0.04 0.15
93 RS-1059 0.02 0.03 0.30 0.28 0.09 0.11 0.06 0.08
94 RS-1060 0.02 0.05 0.84 0.28 0.08 0.14 0.04 0.13
95 RS-1062 0.08 0.21 2.00 1.15 0.39 0.57 0.22 0.49
96 RS-1063 0.02 0.13 1.56 1.57 0.23 0.44 0.10 0.34
97 RS-1064 0.02 0.05 0.72 1.16 0.11 0.36 0.06 0.32
98 RS-1069 0.02 0.04 2.16 0.93 0.25 0.24 0.04 0.16
99 RS-1070 0.02 0.05 0.48 2.22 0.12 0.34 0.06 0.11

100 RS-1071 0.02 0.07 3.04 1.50 0.30 0.29 0.14 0.23
101 RS-1072 0.02 0.07 3.04 1.50 0.30 0.29 0.14 0.23
102 RS-1074 0.02 0.03 0.52 0.83 0.15 0.24 0.10 0.21
103 RS-1075 0.02 0.07 0.68 2.00 0.16 0.39 0.08 0.23
104 RS-1081 0.12 0.05 4.76 0.73 0.60 0.27 0.32 0.20
105 RS-1085 0.08 0.05 2.14 0.51 0.74 0.27 0.70 0.25
106 RS-1086 0.12 0.05 0.60 0.42 0.25 0.22 0.23 0.22
107 RS-1087 0.08 0.14 2.00 0.52 0.61 0.29 0.46 0.30
108 RS-1088 0.04 0.07 1.52 0.55 0.33 0.26 0.18 0.26
109 RS-1089 0.10 0.12 0.90 0.57 0.49 0.32 0.47 0.35
110 RS-1090 0.02 0.09 1.70 0.46 0.19 0.26 0.10 0.24
111 RS-1091 0.20 0.30 1.14 0.70 0.45 0.43 0.37 0.37
112 RS-1092 0.02 0.09 3.32 0.63 0.48 0.21 1.00 0.38
113 RS-1093 0.10 0.22 1.72 0.55 0.43 0.34 0.28 0.32
114 RS-1094 0.06 0.11 2.96 0.54 0.54 0.23 0.25 0.21
115 RS-1095 0.10 0.13 1.60 0.65 0.58 0.35 0.56 0.30
116 RS-1096 0.04 0.11 1.96 0.56 0.48 0.32 0.40 0.31
117 RS-1097 0.08 0.11 1.16 0.66 0.44 0.30 0.37 0.29
118 RS-1098 0.06 0.08 1.72 0.61 0.45 0.33 0.48 0.31
119 RS-1099 0.04 0.30 0.44 0.45 0.25 0.37 0.26 0.37
120 RS-1100 0.16 0.20 4.06 0.81 1.16 0.37 0.84 0.32
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Table A1. Cont.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

121 RS-1101 0.16 0.16 0.72 0.57 0.36 0.31 0.32 0.29
122 RS-1102 0.10 0.17 0.88 0.43 0.34 0.28 0.30 0.27
123 RS-1103 0.02 0.08 0.16 0.47 0.05 0.25 0.04 0.24
124 RS-1104 0.16 0.10 1.24 0.45 0.47 0.29 0.40 0.28
125 RS-1105 0.02 0.18 0.58 0.63 0.26 0.33 0.26 0.32
126 RS-1107 0.02 0.07 0.16 0.70 0.07 0.15 0.08 0.11
127 RS-1108 0.02 0.10 0.08 0.33 0.04 0.19 0.04 0.17
128 RS-1109 0.02 0.07 1.06 0.92 0.15 0.25 0.04 0.22
129 RS-1110 0.08 0.07 1.06 0.38 0.60 0.24 0.64 0.27
130 RS-1112 0.02 0.07 0.16 0.32 0.06 0.15 0.06 0.14
131 RS-1114 0.10 0.02 0.48 0.26 0.27 0.12 0.28 0.10
132 RS-1116 0.06 0.08 1.08 0.36 0.22 0.18 0.14 0.19
133 RS-1118 0.06 0.02 0.96 0.41 0.28 0.16 0.15 0.16
134 RS-1120 0.04 0.01 1.64 0.67 0.25 0.22 0.12 0.23
135 RS-1122 0.12 0.02 2.56 0.46 0.62 0.20 0.36 0.23
136 RS-1163 0.02 0.08 6.88 1.41 0.61 0.46 0.22 0.44
137 RS-1166 0.08 0.39 1.40 0.85 0.37 0.69 0.24 0.70
138 RS-1177 0.02 0.13 1.04 1.22 0.34 0.67 0.20 0.61
139 RS-1179 0.02 0.15 0.60 1.18 0.20 0.48 0.18 0.42
140 RS-1181 0.02 0.04 0.50 0.96 0.16 0.23 0.10 0.17

Table A2. Pb and Zn grades of boreholes correlated based on the Zn fractal analysis results.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

1 TS1 0.02 0.02 1.36 22.50 0.13 0.85 0.04 0.17
2 TS26 0.02 0.07 5.70 5.25 0.51 0.47 0.14 0.20
3 TS29 0.02 0.03 4.10 1.50 0.25 0.38 0.04 0.27
4 TS30 0.04 0.04 5.70 3.50 0.97 0.45 0.16 0.18
5 TS96 0.02 0.19 0.16 1.15 0.06 0.59 0.04 0.53
6 TS97 0.02 0.01 17.00 21.00 0.40 1.54 0.04 0.12
7 TS98 0.02 0.03 26.00 2.35 1.42 0.29 0.04 0.16
8 TS99 0.02 0.02 4.44 8.90 0.52 0.72 0.06 0.15
9 TS100 0.02 0.01 40.60 32.70 3.46 1.56 0.10 0.12

10 TS101 0.14 0.12 11.20 35.60 3.30 9.89 2.45 5.35
11 TS102 0.02 0.04 18.40 22.00 3.30 4.82 1.72 0.97
12 TS103 0.02 0.01 5.60 9.15 0.33 0.78 0.04 0.11
13 TS104 0.02 0.01 20.40 5.50 1.02 0.43 0.08 0.19
14 TS105 0.02 0.05 28.80 26.00 1.53 2.55 0.15 0.38
15 G1-01 0.02 0.05 2.00 14.00 0.35 1.86 0.20 1.27
16 G1-03 0.01 0.10 1.00 20.75 0.12 1.00 0.08 0.60
17 G1-04 0.02 0.11 1.56 1.87 0.17 0.77 0.12 0.69
18 G1-07 0.06 0.19 2.16 23.30 0.35 3.15 0.16 1.48
19 G3 0.01 0.10 1.00 20.75 0.12 1.00 0.08 0.60
20 G22 0.04 0.06 6.72 32.00 0.66 2.41 0.26 1.22
21 G37 0.01 0.01 30.00 3.75 4.48 1.90 2.25 2.70
22 G67 0.04 0.10 3.70 12.50 0.50 2.38 0.20 0.90
23 G68 0.01 0.01 1.60 3.50 0.08 0.37 0.04 0.25
24 G88 0.01 0.01 3.60 19.40 0.55 3.70 0.21 1.07
25 G89 0.01 0.01 13.20 22.40 1.45 4.31 0.16 0.82
26 G90 0.01 0.01 0.10 0.80 0.05 0.25 0.04 0.10
27 G91 0.08 0.37 19.00 23.30 3.40 7.53 1.50 2.76
28 G92 0.02 0.08 6.60 13.70 0.80 3.27 0.08 0.95
29 G93 0.01 0.01 4.96 15.60 1.01 3.69 0.40 2.23
30 RS-1012 0.02 0.09 6.68 1.59 1.27 0.33 0.18 0.21
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Table A2. Cont.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

31 RS-1013 0.06 0.02 1.34 1.95 0.33 0.38 0.14 0.13
32 RS-1014 0.14 0.08 4.50 1.75 0.92 0.57 0.31 0.33
33 RS-1015 0.02 0.08 1.56 0.68 0.29 0.28 0.16 0.27
34 RS-1016 0.02 0.08 6.34 1.65 0.88 0.47 0.20 0.26
35 RS-1017 0.24 0.10 9.00 0.68 1.95 0.31 1.50 0.30
36 RS-1018 0.04 0.04 5.10 0.41 1.00 0.16 0.66 0.14
37 RS-1019 0.02 0.08 5.00 0.44 0.65 0.18 0.16 0.16
38 RS-1020 0.10 0.03 4.40 0.70 0.75 0.25 0.40 0.21
39 RS-1021 0.02 0.03 0.38 0.41 0.13 0.12 0.12 0.09
40 RS-1022 0.02 0.06 0.46 0.66 0.07 0.15 0.04 0.11
41 RS-1023 0.02 0.03 1.86 0.96 0.35 0.26 0.14 0.19
42 RS-1024 0.02 0.04 0.22 0.42 0.10 0.13 0.06 0.08
43 RS-1025 0.02 0.09 2.40 0.91 0.26 0.30 0.07 0.23
44 RS-1026 0.10 0.06 2.12 0.54 0.33 0.22 0.16 0.14
45 RS-1027 0.06 0.17 2.44 1.27 0.32 0.38 0.14 0.31
46 RS-1028 0.04 0.08 2.70 2.30 0.49 0.50 0.12 0.29
47 RS-1029 0.02 0.09 3.76 0.77 0.40 0.23 0.10 0.16
48 RS-1030 0.08 0.16 11.00 2.50 1.36 0.85 0.79 0.69
49 RS-1031 0.02 0.10 4.28 0.81 0.73 0.27 0.14 0.21
50 RS-1032 0.10 0.15 3.90 1.10 0.71 0.49 0.20 0.49
51 RS-1033 0.04 0.15 3.46 0.36 0.53 0.23 0.28 0.22
52 RS-1034 0.08 0.05 4.40 0.60 0.52 0.18 0.20 0.13
53 RS-1035 0.02 0.11 10.20 0.95 0.79 0.33 0.20 0.27
54 RS-1036 0.02 0.11 1.86 0.69 0.17 0.34 0.04 0.36
55 RS-1037 0.02 0.09 1.28 0.95 0.15 0.22 0.06 0.15
56 RS-1038 0.02 0.11 3.12 2.49 0.65 0.72 0.18 0.63
57 RS-1039 0.06 0.10 4.06 1.68 0.46 0.50 0.22 0.32
58 RS-1040 0.06 0.09 2.44 2.77 0.44 0.67 0.26 0.39
59 RS-1041 0.08 0.17 3.46 1.50 0.59 0.45 0.30 0.35
60 RS-1042 0.02 0.10 1.66 0.86 0.25 0.28 0.10 0.21
61 RS-1043 0.02 0.08 0.60 0.83 0.15 0.26 0.14 0.15
62 RS-1044 0.10 0.23 1.24 0.54 0.53 0.36 0.28 0.28
63 RS-1045 0.06 0.23 5.40 1.76 0.87 0.62 0.56 0.59
64 RS-1046 0.02 0.18 0.32 2.00 0.15 1.04 0.16 1.20
65 RS-1047 0.02 0.20 1.40 1.80 0.20 0.49 0.12 0.41
66 RS-1048 0.02 0.11 4.00 0.90 0.81 0.38 0.30 0.34
67 RS-1049 0.02 0.03 0.40 0.62 0.13 0.16 0.08 0.15
68 RS-1050 0.30 0.36 12.80 0.91 3.48 0.66 1.44 0.75
69 RS-1051 0.02 0.06 1.08 0.65 0.21 0.26 0.08 0.17
70 RS-1052 0.02 0.07 2.72 1.41 0.55 0.32 0.08 0.21
71 RS-1053 0.02 0.05 0.52 0.42 0.10 0.16 0.04 0.13
72 RS-1054 0.02 0.04 1.34 0.91 0.18 0.21 0.04 0.16
73 RS-1055 0.06 0.07 1.60 0.88 0.48 0.36 0.35 0.25
74 RS-1056 0.02 0.10 0.36 0.70 0.08 0.20 0.04 0.13
75 RS-1057 0.02 0.02 0.16 0.45 0.05 0.12 0.04 0.09
76 RS-1058 0.02 0.02 0.10 0.61 0.05 0.16 0.04 0.15
77 RS-1059 0.02 0.03 0.30 0.28 0.09 0.11 0.06 0.08
78 RS-1060 0.02 0.05 0.84 0.28 0.08 0.14 0.04 0.13
79 RS-1061 0.10 0.08 1.30 0.80 0.43 0.35 0.32 0.25
80 RS-1062 0.08 0.21 2.00 1.15 0.39 0.57 0.22 0.49
81 RS-1063 0.02 0.13 1.56 1.57 0.23 0.44 0.10 0.34
82 RS-1064 0.02 0.05 0.72 1.16 0.11 0.36 0.06 0.32
83 RS-1065 0.02 0.03 0.60 0.50 0.06 0.21 0.02 0.20
84 RS-1066 0.04 0.04 0.60 1.46 0.16 0.37 0.12 0.25
85 RS-1067 0.02 0.07 1.70 0.94 0.23 0.22 0.08 0.18
86 RS-1068 0.04 0.06 0.80 1.22 0.18 0.34 0.12 0.24
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Table A2. Cont.

Row BHs Name
Min Max Mean Median

Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn Total Pb Total Zn

87 RS-1069 0.02 0.04 2.16 0.93 0.25 0.24 0.04 0.16
88 RS-1070 0.02 0.05 0.48 2.22 0.12 0.34 0.06 0.11
89 RS-1100 0.16 0.20 4.06 0.81 1.16 0.37 0.84 0.32
90 RS-1110 0.08 0.07 1.06 0.38 0.60 0.24 0.64 0.27
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