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ABSTRACT

lllegal and artisanal gold mining has negative consequences in the Hambol region. Cadmium
(Cd), with a contamination factor (CF) of 6.596, and mercury (Hg), with a contamination factor
(CF) of 93.237, are the metals with very high levels of contamination. Furthermore, the enrichment
factor (EF) for cadmium (36.644) which falls within the range of 20 to 40 indicates contamination
approaching extreme levels. As for mercury, it exhibits extreme contamination, as indicated by an EF
of 149.18, which is well above 40. Statistical analysis supported by the mercury geoaccumulation
index showed that this metal originates from an anthropogenic source. However, the Pollutant Load
Index (PLI) 1 indicates that metal contamination has not been confirmed, even though the mercury
and cadmium values remain higher than those of the continental crust (VCC). Land-use analysis
showed that this gold panning activity is impacting vegetation cover, with nearly 692.71 ha already
occupied.
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INTRODUCTION countries around the world. Africa, with an economy

heavily dependent on agricultural production,

Recent decades have been marked faces economic challenges due to fluctuations

by an explosion in mining activity across many in agricultural commodity prices. However, while
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some African countries have managed to sustain
their economies through industrialization, the same
cannot be said for those in sub-Saharan Africa
particularly Céte d’'Ivoire, where agriculture remains
the backbone of the economy (Soro, 2011; Akpo
et al.,, 2022). Consequently, rural populations who
depend solely on agriculture for their livelihoods
are forced to explore other sources of income, such
as small-scale gold mining. This activity, which
generates significant financial resources, contributes
approximately 1% to GDP (Yapi et al., 2014; Akpo
et al., 2022). In fact, according to a report by the
newspaper Le Monde Afrique published on July
6, 2021, more than 500,000 people are involved
in this activity. It has become an integral part of
the local economy (Kouassi and Yapo, 2021; Kone
et al., 2024). Despite the benefits associated with
this activity, it remains a major problem when it is
not properly regulated and controlled. lllegal gold
mining, also known as clandestine mining, causes
more harm than good to rural communities. Whether
industrial or artisanal, gold panning results in the
loss of arable land (Akpo et al., 2022). In addition
to actively contributing to the destruction of arable
land, illegal gold panning is one of the causes of
pollution in water sources near the sites where it
is practiced. Camps are set up to house the gold
panners. All these gold miners defecate in the open,
and some use motorized equipment. Furthermore,
washing the tailings to extract gold causes the water
to become highly turbid. Today, this activity affects
every community. Decisions to implement solutions
are being made, but remain insufficient to stop this
activity. Beyond the study area, this issue persists in
many localities across sub-Saharan Africa. However,
studies generally focus only on known gold mining
sites and overlook small villages. This is the case
for sites located between the villages of Pétionara,
Tiengala, and Serigbokaha. These villages, located
in the Hambol region, have all lost their economic
lifeblood to small-scale gold mining. 80 % of the
youth in these villages are involved in this activity.
However, certain chemicals, such as mercury, are
sometimes used when washing the ore. Given
the scale of this activity, which is on the verge of
causing a famine and a water crisis, a survey is
essential to limit the damage. With this in mind,
this study was initiated to examine the physical
and chemical characteristics of the water at a site
located northeast of Niakara and east of Pétionara.
The study also highlights the impact on land use.
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MATERIALS AND METHODS

Materials
Geographic Location

The artisanal gold mining site covered by
this study is located in the Hambol region, specifically
in the Niakara Department, east of Comoé National
Park. The backwaters and channels sampled
were selected within this same department, which
contains several clandestine artisanal gold mining
sites (Figure 1).

Land Use in the Pétionara Watershed

The goal was to develop an integrated
method combining Sentinel-1, Sentinel-2, and
Random Forest to map land use and automatically
detect artisanal gold mining sites.

Satellite Data
The characteristics of the satellite data
used are listed in Table 1.

Water Samples

The water samples were collected from
several sites. First, four sampling points were
identified along the Tchonrhon River. The first point
was selected upstream of the gold panning site, the
second at the washing site, the third in the dug pits,
and the fourth downstream of the gold panners’site.
Next, the samples that were not analyzed on site
were refrigerated and transported to the laboratory.
Finally, the samples were analyzed in the laboratory
according to the protocols provided by Rodier et al.
(2009).

Analytical Equipment

The equipment used consisted of portable
devices, some of which were used to measure certain
parameters in situ and others in the laboratory.
For in situ analyses, a portable, microprocessor-
equipped multiparameter probe (pH/Cond 340i set
b, WTW, England) was used. Using this device,
parameters such as pH, temperature, electrical
conductivity, total dissolved solids (TDS), salinity, and
dissolved oxygen were measured. The remaining
chemical parameters were determined using a DR
2800 multifunction spectrophotometer (F HACH,
USA). Each parameter was measured using the
corresponding reagent kit. A wavelength scan
corresponding to each parameter was performed.
Thus, the concentration of each species was
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assessed in the water. Samples consisting of soil
sediments and water were collected exclusively
on-site for soil samples and from the nearby river
and depressions on the site for water samples. Soil
sediment samples were collected using a Van Veen
sampler at the river and a polyethylene spatula
along the riverbank, then placed in glass bottles
that had been previously washed and rinsed with
deionized water. Water samples were collected using
glass bottles that had been washed and rinsed with
deionized water. Metals, on the other hand, were
analyzed using X-ray fluorescence. This technique
is widely used for the analysis of trace elements in
geological materials, soils, and sludge prepared in
the form of pressed pellets. The SPECTRO XEPOS
(AMETEK model, France) is a benchtop XRF
spectrometer designed for multi-element analysis to
identify and quantify the chemical elements present
in a sample.

Methods
Land-Use Mapping Method

The methodology adopted combines
Sentinel-2 optical data, Sentinel-1 radar data, and a
Random Forest supervised classification algorithm.
This data set was used to map land cover and
detect artisanal gold mining sites (Belgiu & Dr gu,
2016; Maxwell et al., 2018) (Phiri, D. et al., 2020).
First, the Sentinel-2 images were preprocessed to
remove pixels affected by clouds and their shadows.
The Scene Classification Layer (SCL) was used
to perform this operation. A median composite
for January 2026 was then generated to reduce
the effects of residual atmospheric conditions and
outlier observations (Drusch et al., 2012). Next,
Sentinel-1 images were selected based on VV and
VH polarizations as well as the IW acquisition mode.
Finally, speckle noise reduction was performed using
spatial filtering (Torres et al., 2012) (Venter, 2021)
(Veloso et al., 2017). A median composite was then
calculated to obtain a representative radar image for
January 2026.

Calculation of Spectral Indices

Several indices were calculated using
Sentinel-2 data. These indices are used to
characterize the different types of land cover. Radar
data were then used to derive additional variables
describing the backscattering properties of surfaces.
Textural measures based on the gray-level co-
occurrence matrix (GLCM) were also extracted to
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better characterize the spatial heterogeneity of gold
mining areas (Haralick et al., 1973).

Data Fusion

All spectral bands, indices, radar variables,
textures, and topographic variables were then fused
into a single multidimensional image. This image
constitutes the set of explanatory variables used for
classification.

Training Data

This data was compiled from training
polygons. It represents the various land-use
classes identified in very high-resolution images
and validated through visual interpretation. The
samples were then randomly divided into two sets,
with 70% used for model training and 30% reserved
for independent validation.

Classification

Classification was performed using the
Random Forest algorithm. This algorithm is known
for its robustness with multidimensional data and
its ability to limit overfitting (Zhang et al. 2019). The
model was then evaluated using a confusion matrix
to calculate overall accuracy, the Kappa coefficient,
receiver operating characteristic (ROC) curves, and
the F1 score for each class.

Variables Used

All explanatory variables used to train the
Random Forest model are derived from Sentinel-2
optical data, Sentinel-1 radar data, spectral indices,
radar textures, and topographic variables (Figure
2). The methodology adopted combines Sentinel-2
optical data, Sentinel-1 radar data, and a supervised
Random Forest classification algorithm. The goal
is to map land cover and detect artisanal gold
mining sites (Belgiu & Dr gu, 2016; Maxwell et
al., 2018) (Phiri, D. et al., 2020). Six main classes
were identified: forests, savannas, croplands, bare
ground, water bodies, and artisanal gold mining
areas. Classification accuracy was assessed using
independent validation based on reference samples

Artisanal Method of Gold Detection

Artisanal gold panning remains widespread
in various areas of Céte d’lvoire. Photo 2 shows
how gold is extracted using artisanal methods after
stripping away the topsoil. The direct and visible
impact of this artisanal method is the change in the
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color of the surrounding surface waters. Photo 3
(Yassin Ciyow, 2021).

Impact of gold panning on surrounding rivers
Measurement of Chemical Parameters

The chemical and physical parameters at
the site were measured by immersing the probe of
the portable multiparameter meter into the samples
in situ. The readings were taken directly from the
device’s screen to provide quantitative values for
each chemical species.

The other chemical parameters were
determined using their respective reagents in the
DR 2800 multifunction spectrophotometer. Each
parameter was measured at a specific wavelength
unique to that parameter. Thus, each parameter was
detected at its respective wavelength. The standards
used are listed in Table 3.

Trace Element Detection

The sample pellets were analyzed in the
XRF system at an X-ray tube voltage of 34.80 kV
and a current of 1 mA. A low-power X-ray tube was
used as the radiation source for the simultaneous
analysis of elements ranging from sodium to
uranium. Each complete analysis took approximately
15 minutes. The measurements were performed
using a SPECTRO XEPOS equipped with a 50-W
X-ray tube with a Pd end window. Forced-air cooling
was used for a high-resolution SDD, called VITUS,
and an 8-position target changer comprising a
Bragg monochromatic (HOPG) and a Barkla
polarizer. The resolution of the VITUS detector
was set to 149 eV (Mn K') with an input count rate
of 100,000 cps. The chamber was purged with
helium N 60 (99.9999%) prior to all measurements.
Furthermore, the concentration of each element was
determined using software (X-LabPro). The results
were processed using Spectraplus software. Metal
concentrations were expressed in mg/kg of dry
weight. The concentrations of the 10 trace metals
namely Zn, Cr, Ni, Pb, Cu, Cd, V, Mn, Fe, Al, and As
were determined (Oura et al., 2022).

Analysis of Soil Sediments

First, the collected sediments were dried at
room temperature (approximately 23°C) for several
days until they reached a constant weight. Next, 20
grams (20 g) of the samples were sieved to remove
gravel and coarse debris using a series of sieves
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with varying mesh sizes: 2 mm, 1 mm, 500 pm, and
250 pm. Subsequently, a vibratory ball mill (RETSCH
GmbH, Type MM400; 42781 Haan, Germany) was
used to grind and homogenize an aliquot of the
sample after sieving. The homogenized ground
material was sieved again to obtain an average grain
size of approximately 60 pm. Finally, four grams (4 g)
of the ground sample material were taken and mixed
with 1 g of binder (Fluxana BM-0002-1-CEROX).
The mixture was then compressed into an aluminum
cartridge using a 15-metric-ton press (Specac; Atlas
TM manual 15Ton (Oura et al., 2022).

Determination of Indices for Assessing Pollution
and Its Source

The extent of anthropogenic impacts
on sediment quality was assessed by calculating
three (3) parameters: the enrichment factor (EF),
the contamination factor (CF), and the pollutant
load index (PLI). The calculation method used is
that applied by Feng et al. (2011) and Oura et al.
(2021) for CF and PLI (Equations 1 and 2). As for
the enrichment factor (EF), the calculation method
used is that of Sutherland et al. (2004) and Oura et
al. (2021) (Equation 3). Since aluminum is a good
tracer and a major constituent of clay minerals, it
was considered the reference metal for measuring
the concentrations of other metals (Oura et al.,
2021). Given the high concentration of aluminum
in the sediments, its artificial enrichment is unlikely.
For this reason, Karaouzas et al. (2021) and Oura
et al. (2021) selected it as an index for assessing
anthropogenic influences on the sediments.

CF = Cmetal (1)
C'referenr:e
PLI = CF; X CFy X CF3 X CFy ... ... .. CEYn  ..(2)
(@)
EF = 2 sample ..(3)

(@)

For Equation 3

Where Cm = concentration of the metal in
the sediments and Cx = concentration of aluminum
(Al) in the sediments.

background

The results were interpreted with reference
to Sutherland et al. (2004). According to these
authors, if: EF < 2: minimal contamination; 2 < EF <
5: moderate contamination; 5 < EF < 20: significant
contamination; 20 < EF < 40: high contamination; and
EF > 40: extreme contamination. For the quantitative
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assessment, the CF factor was taken into account.
Thus, if CF < 1, this indicates low contamination; 1 <
CF < 3 corresponds to moderate contamination; 3 <
CF < 6 corresponds to considerable contamination;
and CF > 6 corresponds to very high contamination
(Oura et al., 2021). Based on CF, Thomson (1980)
introduced the pollution load index. If PLI > 1,
metal pollution is confirmed; otherwise, if PLI <
1, metal pollution remains uncertain. Finally, the
geoaccumulation index proposed by Muller [28] and
Kim et al. (2018) was calculated using the following
equations:

Igeo = log, (1,::3,1) ~(4)

Cn
Igeo (1,5><(I;jll )Sample

Al )background

...(5)

Where Cn corresponds to the measured concentration
of the metal (n) in the sediments,

Bn to the geochemical background
concentration of the metal (n), and 1.5 to the
correction factor introduced to minimize any effects
of variations in background values that could be
attributed to variations in sediment lithology (Xu et
al., 2020) The results were interpreted taking into
account the ranges listed in the table (Barbieri,
Maurizio, 2016; Kim et al., 2018).

Statistical Analysis

The statistical analysis was performed
using XLSTAT software (version 2017). This analysis
identified the group of parameters responsible for
diffuse pollution as well as the anthropogenic source
of copper. A difference was considered significant
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at p < 0.05. This analysis also revealed correlations
between physical and chemical parameters and
heavy metals.

RESULTS AND DISCUSSION

Classification Performance

Supervised classification based on the
Random Forest algorithm made it possible to
distinguish six land-use classes: forest, savanna,
cropland, bare soil, water, and artisanal gold mining
sites. Independent validation produced a confusion
matrix from which the overall accuracy, Kappa
coefficient, and F1 score were calculated. With
an overall accuracy of 96%, the model correctly
classifies the vast majority of pixels. The Kappa
coefficient, equal to 0.95, confirms the model’s
robustness and the reliability of its predictions.

Confusion Matrix

The model’s overall performance is good.
The values on the diagonal (in bold) are very high
(Table 5). This confirms the good accuracy (0.96)
and Kappa (0.95) scores. Most pixels are correctly

Table 1: Characteristics of the images
used for land cover analysis

Sentinel-2 Sentinel-1

Bande Resolution \AY%

B2 10m VH

B3 10m VV-VH

B4 10m VV/VH

B8 10m DEM

B11 20 m Copernicus
DEM 30 m

B12 20m Elevation

Table 2: Variable characteristics

Category Variables

Optical bands (Sentinel-2)
(SWIR2)

Spectral indices

Radar variables (Sentinel-1)

GLCM texture

B2 (Blue), B3 (Green), B4 (Red), B8 (Near-Infrared), B11 (SWIR1), B12

NDVI, BSI, MNDWI, NDBI, NDRE, SAVI, NDTI, TURBIDITY, NBR2
VV, VH, VV-VH, VV/VH
VV Contrast, VV Entropy, VV Homogeneity (IDM), VH Contrast, VH Entropy,

VH Homogeneity (IDM)

Topographic variables

Elevation (Copernicus DEM)
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Table 3: Methods for Analyzing Chemical and Physical Parameters

Physical and Chemical
Properties of Water

Equipment Standards

Temperature (°C)

Hydrogen lon Concentration (pH)
Electrical Conductivity (EC)

Portable Multi-Parameter AFNOR NF T90-008
Sensor, pH/Cond 340i Set B
AFNOR NF ISO 10523

AFNOR NF EN 27888

Total Dissolved Solids (TDS)

Salinity (%o)

Dissolved Oxygen (DO)

Nitrates (NO3-)

Nitrites (NO2-)

Ammonium (NH4+)

Orthophosphate (PO43-)

Total Phosphorus

Sulfates (SO42-)

Biochemical Oxygen Demand (BOD5)

AFNOR NF EN 25813
DR 2800

AFNOR ISO 7890-3
AFNOR ISO 6778
AFNOR NF T90-023
AFNOR ISO 6878
AFNOR (T90-040)
AFNOR NF EN 1899

AFNOR ISO 7890-3

Table 4: Igeo Categories

class value Soil dust quality

0 Igeo <0 Uncontaminated

1 0<lgeo<1 Uncontaminated to
moderately contaminated

2 1 lgeo<2  Moderately contaminated

3 2 Igeo <3  Moderately to heavily
contaminated

4 3 Igeo <4  Heavily contaminated

5 4 Igeo <5  Heavily to extremely
contaminated

6 Igeo > 5 Extremely contaminated

classified. The “gold panning” class is well classified
(887 pixels), but a few pixels are misclassified as
water (10 pixels) and forest (9 pixels). This could be
due to the presence of puddles and vegetation at
the mining sites.

Land-Use Mapping

Savanna and forest cover 72% of the area,
confirming that the dominant vegetation type is
wooded savanna. The categories “Bare and Built-up
Land” (4.16%) and “Gold Panning” (3.99%) account
for similar proportions, reflecting significant pressure
from gold panning activities. The presence of this
activity calls for increased monitoring, as it can cause
soil degradation and watercourse alteration.

Spatial Distribution of Mining Sites

Artisanal gold mining sites are mainly
concentrated along the river system around the
Kiohan River, northeast of Pétionara and southeast
of Angolokaha (Figure 4). Mining activities are
also observed along the river to the west of the
Kipelekaha settlement. This distribution illustrates
the dependence of artisanal mining operations on
alluvial gold deposits.

Determination of the CF, EF, Igeo, and PLI
indices for sediments

Continental crust values (VCC) are
considered background values (Gao and Chen,
2012; Hu et al., 2013; Rudnick et al., 2003; Oura et
al., 2021). By comparing the average trace metal
concentrations in the sediments with those of the
continental crust, we can already identify toxic metals
in the study area (Table 7). The table shows that
metals such as iron (Fe), arsenic (As), and mercury
(Hg) have higher average concentrations than those
in the continental crust. According to Hu et al. (2013)
and Oura et al. (2021), these metals (Fe, As, and
Hg) are toxic to the areas surrounding artisanal gold
mining sites. The high concentration of mercury in
the baffon sediments and the areas surrounding the
artisanal gold mining sites is likely the result of runoff
and seepage (Hue et al., 2020; Bohbo et al., 2017;
Chevrillon-Guibert et al., 2019; Keita, 2017; Tahirou
et al., 2024). Indeed, during the rainy season, the
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Table 5: Confusion matrix

Actual Crops Forests Savannas Water Bare Orpaillage Total
Classes \ Predicted ground Predicted
Crops 2835 25 24 0 0 0 2884
Forests 63 1039 75 5 0 0 1182
Savannas 78 23 1523 0 0 0 1624
Water 0 10 0 1787 0 1 1798
Bare Soil 9 1 0 0 8 1 19
Gold Panning 1 9 0 10 0 887 907
Total Predicted 2986 1107 1622 1802 8 889 8414

Table 6: Area Occupied by Different
Land-Use Categories

river overflows and floods the surrounding alluvial
fans. According to the CF values in the table, metals
such as Al, Zn, Cr, Ni, Pb, Cu, Fe, and As cause

Class Surface (ha) % only low levels of contamination in the sediments
of the study area, as their CF values are less than
Forest 4991.05 28.72 1 (Qural et al., 2021). However, cadmium (Cd) and
Savanna 7593.38 43.70 mercury (Hg), with CF values of 6.596 and 93.237,
Cultivated Land 3376.52 19.43 respectively both greater than 6 exhibit very high
Bare Ground 722.91 4.16 levels of contamination. In addition to CF values,
Water 0.682 0.0039 EF values were used to assess the pollution levels
Gold Panning 692.71 3.99 of each metal. Thus, the sediments exhibit minimal
Table 7: Trace metals and their factors and indices
Locations Al Zn Cr Ni Pb Cu Cd Fe As Hg
Bafon 1 185 18.25 83.42 11.52 4.65 7.33 3.22 230.17 2.93 8.83
Bafon 2 188.5 16.92 14.82 10.75 3.35 5.62 3.80 21833 2.13 8.23
Bafon 3 197.5 14.22 33.68 10.40 1.63 5.88 3.38 232 275 1245
Bafon 4 169.5 8.57 546  13.68 3.43 5.07 3.37 22983 2.68 1028
Bafon 5 187 6.77 57.92 9.77 3.40 5.43 3.60 279.98 220 822
Champ 1 141 3.72 39.6 7.78 1.43 3.13 3.78 22233 3.10 1241
Champ 2 130 4.20 1492 420 1.70 4.20 267 22282 522 262
Champ 3 152.5 6,55 1042 242 1.12 4.92 3.88 230 6.43 2.83
Champ 4 163.75 4.92 57.65 4.67 1.40 3.65 233 20433 425 485
Champ 5 129.25 4.25 32.97 4.7 1.30 4.55 295 210.67 447 3.87
Average 164.4 8.837 40 7.989 2.341 4.98 3.298 228.05 3.62 7.46
uccC 83 100 67 92 47 17 28 0,09 39200 5 0,05
VRM 8-8.13% 50-70 35-100 20-47 10a15 25-28 0,1-0,2 3,5-563 1,5-5 0,02
mg/Kg
VDS 80000 50-70 50 15-40 10a20 15-30 0,1-0,5 50000 5a15
mg/Kg
CF 0.002 0.126 0.8 0.199 0.117 0.166 6.596 0.004 0.241 93237
EF 0.002 0.132 0.435 0.169 0.138 0.178 36.644 0.006 0.723 14918
Igeo2 -6.816  -2.832 -0.965 -2.016 -2.551 -2.712 2397 3.078 -0.219 4823

PLI=0.236
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contamination for the metals Al, Zn, Cr, Ni, Pb, Cu,
Fe, and As. As for Cd, with an EF ranging from 20 to
40, it constitutes a high level of contamination in the
sediments. Mercury, with an EF of 149.18, remains
the most heavily contaminated metal. Once again,
the geoaccumulation indices show that none of the
metals are contaminating the sediments studied.
However, cadmium, with a GeoAccumulation Index
(Igeo) of 3.078 which falls between 3 and 4 indicates
high contamination. Copper, on the other hand, tends
toward extreme contamination of the sediments.
Indeed, its geoaccumulation index of 4.823 falls
within the range of 4 to 5 (Barbieri, Maurizio, 2016;

Table 8: Selection of factors based on
eigenvalues of physical and chemical

parameters

Variables Fact.1 Fact.2 Fact.3
N (mg/L)) -0.902 -0.400 -0.159
NO2- (mg/L)) -0.942 0.167 -0.289
NO3- (mg/L) -0.932 0.082 -0.351
NH4+ (mg/L) -0.843 0.514 -0.158
Turbidité (NTU) -0.523 -0.767 0.370
PO43- (mg/L) -0.689 -0.721 0.063
S042-(mg/L) 0.584 -0.207 -0.847
DBOS5 (mg/L) -0.827  0.491 0.275
T (°C) 0.235 0.962 0.137
pH 0.952 -0.306 0.013
Equity 6.019 2.872 1.109
% of Total Variance 60.186 28.722 11.091
Cumulative Equity 6.019 8.891 10

Cumulative % 60.186 88.909 100
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Kim et al., 2018). Given the GeoAccumulation
Indices (lgeo) for cadmium and mercury, these
metals may originate from anthropogenic activities
such as gold panning. According to the Pollutant
Load Index (PLI), which is 0.236 1, metal pollution
is uncertain (Oural et al., 2021).

Statistical Analysis of Physical and Chemical
Parameters and Metals
Selection of Factors

Factor analysis of the chemical and physical
data from the samples led to the selection of three
factors (F1, F2, and F3) (Table 8), based on their
respective eigenvalues of 6.018, 2.872, and 1.109.
Indeed, a factor is considered significant if its
eigenvalue is greater than or equal to 1 (Koné et al.,
2022; Kouakou et al., 20216). In addition, the three
factors collectively explain 100% of the total variance.
Furthermore, the sum of the eigenvalues is equal
to the number of initial variables, which is 10. The
parameters are correlated with the different factors
F1, F2, and F3, accounting for 60.2%, 28.7%, and
11.1% of the variance, respectively (Table 1). Factor
F1, which involves organic and nitrogen pollution
or mineralization, encompasses nearly all of the
organic and nutrient contamination parameters.
In fact, strong negative correlations for NO (r =
—0.94), NO (r=-0.93), NT (r =-0.90), NH (r=
—0.84), BODS5 (r=-0.83), and PO43- (r =-0.69) were
observed with F1. Unlike the other parameters, pH
(r=0.95) shows a strong positive correlation. Given
the negative correlations, this factor is associated
with waters that are heavily loaded with nitrogen,
organic matter (BOD5), and phosphate.

Table 9: Correlation between chemical and physical parameters

Variables ~ NT  NO2- NO3- NH4+ Turbiditt PO43- S042- DBO5 T pH
(mglL)) (mg/L) (mgl)  (NTU) (mgl) (mglL) (mgl) (°C)

NT 1

NO2- 0.83 1

NO3- 0.86  0.99 1

NH4+ 058 093  0.88 1

Turbidity 072 026 029  -0.01 1

PO43- 091 051 056 020 0.94 1

SO42- -0.32 -035 -028  -0.47 -044  -0.30 1

DBO5 050 078  0.71 0.90 0.16 023  -0.80 1

T -061 -0.10 -0.18 027 -081  -085  -017 031 1

pH -0?74 -0.95 -092  -0.96 -025  -043  06&  -093 -0.07 1
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Table 10: Selection of factors based
on the eigenvalues of the metals

Variables Fact.1 Fact.2 Fact.3
Al (mg/kg) -0.291  -0.931  0.221
Zn (mg/kg) -0.867  0.497 -0.045
Cr (ug/kg) -0.907 0.288 0.305
Ni (mg/kg) -0.714  0.662  -0.228
Pb (ug/kg) -0.844 0.320  -0.429
Cu (mg/kg) -0.786  -0.504 -0.358
Cd (mg/kg) -0.675 -0.608 -0.418
Fe (mg/kg) -0.540 -0.837 0.082
As (mg/kg) -0.925 0.085 0.369
Hg -0.448  0.035 0.893
Equity 5.303 3.072 1.625
% of Total Variance 53.029 30.718 16.252
Cumulative Equity =~ 5.303 8.375 10.000
Cumulative % 53.029 83.748 100.000
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These pollutants cause contamination that may
originate from domestic sources, agriculture, or
wastewater treatment (sewage discharge, fertilizer
runoff), resulting in water with higher mineral content
and a higher pH. Factor 1 can be considered the
primary driver of water quality degradation based
on the analyzed parameters. It alone encompasses
all the classic parameters of eutrophication and
organic pollution (nitrogen in its three forms,
phosphate, and BODS5). Yang et al. (2020) made a
similar observation in their study on the use of PCA
to determine spatiotemporal changes in surface
water. As for factor F2, which accounts for 28.7%
of the variance, it is a factor related to temperature
and particulate load. Temperature is the dominant
parameter of this factor (r = 0.96). However, factor
F2 is negatively correlated with turbidity (r = -0.77)
and with orthophosphates (r = -0.72). Given the
parameters with which this factor is correlated, it

Table 11: Correlation among the various metals

Variables Al Zn Cr Ni Pb Cu Cd Fe As Hg
Al 1

Zn -0.22 1

Cr 0.06 0.91 1

Ni -0.46  0.96 0.77 1

Pb -0.15  0.91 0.73 0.91 1

Cu 0.62 0.45 0.46 0.31 0.65 1

Cd 0.67 0.30 0.31 0.17 0.55 0.99 1

Fe 0.95 0.05 0.27 -0.19 0.15 0.82 0.84 1

As 0.27 0.83 0.98 0.63 0.65 0.55 0.42 0.46 1

Hg 0.29 0.36 0.69 0.14 0.01 0.01 -0.09 0.28 0.75 1

likely reflects a seasonal effect. High temperatures
would indicate a dry season accompanied by
reduced turbidity and phosphate inputs. In contrast
to the dry period, rainfall accompanied by runoff
increases turbidity and phosphorus inputs. This factor
therefore reflects hydro-climatic variation rather than
a specific source of pollution. This correlation of the
parameters (T, turbidity, and orthophosphates) with
factor 2 corroborates the study by Yang et al. (2020)
on watersheds.

Like factors 1 and 2, factor 3, which
accounts for 11.1% of the variance, is specific to
sulfate (r = -0.78). The isolation of sulfates into a
distinct factor suggests a source separate from the

first two axes. This source could potentially be linked
to the oxidation of certain sulfide minerals (acid mine
drainage) or to rock of geological origin that has
undergone specific anthropogenic impacts related
to gold panning.

In fact, the weathering of sulfides associated
with gold deposits can lead to significant inputs of
sulfates into surface waters. This is supported by
Gomes & Valente (2024), who demonstrated that
high sulfate concentrations, followed by a marked
decrease in pH, result from water affected by acid
mine drainage stemming from the oxidation of sulfide
minerals (Gomes & Valente, 2024)
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Fig. 1: Study Area

Fig. 2: Artisanal gold mining

Fig. 4: Land-use maps of the
Pétionara watershed

Analysis of Correlation Matrices between
Parameters

The correlation tables in Table 9, associated
with the correlation circles, reveal three clusters. One
of the clusters, identified as the nitrogen and organic
pollution cluster, shows several correlations (Figure
5). Within this cluster, NO and NO are strongly
correlated (r = 0.99). These two parameters are also
correlated with ammonium (NH ), with correlations
of r=0.93 and r = 0.88, respectively. As for BOD ,
correlations of r=0.78 and r=0.71 are observed with
NO and NO , respectively. The strong correlations
observed between nitrogen compounds and organic
matter corroborate the findings of Yang et al. (2020).
Indeed, according to these authors, when nitrogen
compounds and organic matter change in tandem,
this suggests pollution from agricultural runoff or
wastewater. The second cluster observed in the
correlation table of physical and chemical water
parameters is that of turbidity and phosphates. It

Fig. 3: Impact of gold panning
on surrounding rivers

appears that turbidity and phosphates are very
strongly correlated (r = 0.94), and both have a
negative correlation with temperature (r = -0.81
and -0.85). Unlike the other factors, pH is strongly
and negatively correlated with all pollution indicator
parameters, such as NH,* (r = -0.96), NO,™ (r =
-0.95), BOD (r=-0.93), NO;™ (r=-0.92), and NT (r
=-0.74) . Given that the higher the concentration of
nitrogen and organic matter in the water, the more
the pH tends to decrease, the pH effect observed
in this study is consistent. The distinct behavior of
sulfates at factor 3 is confirmed by observations of
generally negative correlations with indicators of
organic pollution (r = -0.80 with BOD5). According
to Esdaile & Chalker (2018), this type of behavior
indicates a source of mining-related pollution linked
to the fragmentation of a geological structure.
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Selection of factors for the statistical analysis
of metals in water

Factors F1, F2, and F3, with respective
eigenvalues of 5.302955, 3.071839, and 1.625205
all of which are greater than 1 are considered valid,
as stipulated by the researchers Kaiser (1960),
Kouakou et al. (2016), and Koné et al. (2022) (Table
10). In addition, their variances are 53.02955,
30.71839, and 16.25205, which together total 100%.
Factor F1 is correlated with the metals As (r=-0.93),
Cr (r=-0.91), Zn (r = -0.87), Pb (r = -0.84), Cu (r
=-0.79), Ni (r = -0.71), and Cd (r = -0.67). Given
the metals correlated with factor F1, this is likely to
be diffuse pollution linked to mining residues and
tailings, as well as to the erosion of disturbed soils.
This finding is consistent with the work of Barde et al.
(2024) conducted at other West African gold panning
sites. Indeed, these authors observed a close
association between Pb, Cd, Zn, and As originating
from a common source linked to artisanal mining
(Barde et al., 2024). The fact that mercury stands
alone, showing only a weak correlation with the other

Projectondes variables s ule planfactoriel( 1x 2)

Projction des varisbles s fe planfactoriel( 1x 3)
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metals, is telling. Furthermore, mercury stands out as
the primary indicator of contamination linked to gold
panning. In short, mercury is considered a tracer of
amalgamation. Its geochemical behavior is generally
largely independent of other trace metals of mineral
origin (Esdaile & Chalker, 2018). This independence
has, however, been reported in soils from gold mining
sites in West Africa by Fagbenro et al. (2021). Like
mercury, arsenic differs from the main polymetallic
assemblage (Fagbenro et al., 2021).

Correlation Study of Metals

Just like the correlation matrix for physical
and chemical parameters, the correlation matrix for
metals confirms and refines the three-factor structure
(Table 11) and (Figure 6). A group comprising metals
such as Zn, Ni, Cr, and Pb is strongly intercorrelated
(Zn-Nir=0.96; Zn-Crr=0.91;Zn-Pb r=0.91; Ni-Pb
r=0.91).n addition to these, arsenic joins this group,
showing strong correlations with Cr (r=0.98) and Zn
(r = 0.83). This cluster points to a common source
of pollution for these five elements, which is diffuse

Frofotion des varisbles sur le planfactoriel{ 2x 3)

Fact2 :28,72%
Fact.3 :1108%

05 i

Fact.3 :1108%

Fact. 1 :80,19%

o0 05 0 4

Fact1 :60.19%

Fig. 5: Correlation circles for the physical and chemical parameters of water
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Frcjedtiondes variables sus ke plan fadkoriel { 1x 2)
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Fig. 6: Correlation circles for metals and chemicals in water
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mining activity. One example illustrating the impact
of gold panning on surface waters is the presence
of iron and aluminum, which form a geogenic group.
Indeed, Al and Fe are highly correlated (r = 0.95), as
are Cu and Cd (r=0.99). Just like cadmium (Cd) and
copper (Cu), Fe (Fe-Cur=0.82; Fe-Cd r = 0.84) is
also positively correlated. This Al-Fe-Cu-Cd cluster
could suggest that Cu and Cd exhibit geochemical
behavior more characteristic of the clay-iron fraction
than of diffuse mining pollution. The fact that mercury
stands apart, with a correlation of r = 0.75 with
arsenic, indicates that it originates from a specific,
point source of pollution.
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CONCLUSION

Artisanal gold mining remains a threat to
aquatic life and to the communities that practice it.
In addition to negatively impacting vegetation cover,
gold mining causes both metallic and chemical
pollution. Given the high CF, Igeo, and EF indices
for mercury and cadmium, illegal and artisanal gold
mining must be halted in this part of the Hambol
region to ensure a future for coming generations.
Effective awareness-raising efforts, accompanied by
rigorous measures, must be implemented to mitigate
the disaster that this situation could cause if the
activity continues. At the very least, the government
must better regulate this activity in the region and
restrict the areas where gold mining is permitted.
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