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Abstract

Spectral absorption feature parameters (SAFPs) derived from airborne hyperspectral
imaging (HSI) (396.0-2453.5 nm) were used to predict Pb contents in coalfield
overbank sediments. The derived SAFPs were associated with goethite (~500 nm)
and kaolinite (~1448 nm) in sediments. Sediment Pb contents correlated strongest
with goethite-related absorption-depth (r = 0.6). The calibration model had a R?
= 0.69 and standard error of estimation (SEE) = 3.97, after outlier removal. The
validation model had a R* = 0.65 and SEE = 3.90. Overall, the results suggest that
airborne HSI can complement conventional geochemical methods of detecting Pb

contents in overbank sediments.
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Introduction

Trace metal (TM) contamination of the
environment is one of the biggest challenges
related to acid mine drainage (AMD). TM
analysis of sediments via conventional
geochemical methods is often onerous,
particularly when undertaken at large
scales. Compared to conventional methods,
hyperspectral imaging (HSI) sensors offer
greater efficiency by rapidly measuring
hundreds of contiguous spectral bands
(Asadzadeh & de Souza Filho 2016), some
of which can be used to predict TM contents
in soils and sediments. The prediction of
TM contents is based on their adsorption to
minerals, such as Fe-oxides and clays in soils
(Wu et al. 2005). The adsorption of TMs to
these minerals can cause variations in the
number of O and OH sites on the mineral’s
surface (Zachara & Westall 1999). These
variations may cause changes in their spectral
absorption feature parameters (SAFPs),
namely absorption-peak depth, area, width
and asymmetry, which can be linked to TM
contents (Choe et al. 2008).

The city of Emalahleni is located in the
Witbank Coalfield in South Africa, which

has been mined for over a century (Hancox
& Gotz 2014). Thus, many rivers in the
area have been affected by AMD-related
TM contamination. There are limited
studies on the use of airborne HSI in the
vicinity of coal mines, none of which have
examined overbank sediments. Among
the TMs associated with coal mining, Pb
is considered one of the TMs that are most
hazardous to ecological and human health.
Pb accumulation in the study area is linked
largely to AMD related to coal mining and
industrial waste (Abrahams & Carranza
2025). Thus, there is a need to efficiently
monitor Pb content in the environment. This
study therefore endeavoured to (i) derive
SAFPs from airborne HSI for use as predictors
of Pb content in overbank sediments along
the Blesbokspruit River in Emalahleni,
(if) model Pb content in the study site by
applying regression analysis to the airborne
HSI data using GIS software and (iii) evaluate
the model’s predictive performance using the
goodness of fit (R2) and standard error of
estimation (SEE).
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Methods
Overbank sediment samples

Twelve overbank sediment samples were
collected at six different locations (i.e., two
samples spaced approx. 5 m apart at each
location), covering approx. 6 km of the
Blesbokspruit River (Fig. 1). Samples were
collected in this way because the spatial trends
of overbank deposition can be highly variable
(Simm & Walling 1998). Sample size was limited
largely due to water-saturated sediments in a
wetland along the stream (i.e., because high soil
moisture contents typically cause interferences
in spectral data) (Wu et al. 2005). For
mineralogical analysis, air-dried samples were
crushed and milled to < 75 pm and subjected to
X-ray diffraction (XRD). For chemical analysis,
air-dried samples were sieved (< 63 um), treated
with reverse aqua regia (3 HNO, : 1 HCI), which
does not digest the silicate fraction (Petrovi¢
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et al. 2022), and microwave digestion before
analysis via inductively coupled plasma atomic
emission  spectroscopy/mass  spectrometry
(ICP-AES/MS).

Airborne HSI data

Airborne HSI data were collected by the
Council for Geoscience of South Africa over
the study site via an airplane (Fig. 1b). The
flight altitude was 2.35 km with solar zenith
angle of 29.4° and solar azimuth angle of
80.9°. The spatial resolution was 1 m by 1 m,
with 360 bands from 396.0 nm to 2453.5 nm
wavelength range. The spectra were smoothed
using Savitzky-Golay filtering to reduce noise
and CO, mitigation was applied. The HSI
data were corrected for atmospheric water
by applying the widely used ATCOR4 model
and transformed using continuum removal
analysis (Choe et al. 2008). Variations in
absorption-band position, depth(D), width
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Figure 1 The study site location in the Mpumalanga Province, South Africa, b) airborne HSI coverage over the
Blesbokspruit River area, c) continuum-removed reflectance data vs wavelength, and d) D and S parameters
(after Van der Meer 1999). The W, which is not illustrated, is calculated as: Area A + Area B/ 2D.
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(W) and asymmetry (S), were derived from
the most distinct SAFs at approx. 500 nm,
which is associated with surface hydroxyl
groups on goethite (Wu et al. 2005) and at
approx. 1440 nm, which is associated with
surface hydroxyl groups on kaolinite (Van der
Meer 2004). The D, W and S were calculated
according to Fig. 1d.

Statistical treatment and geochemical
mapping

Pb data were In-transformed to ensure that
the data approximate a normal distribution,
prior to correlation and regression analysis.
Spearman’s rank correlation analysis was
performed because of the small sample size
(n =10) and the uncertainty quantified based
on statistical significance. The minimum
number of observations necessary for a
single explanatory variable is n = 10 (Van
Voorhis & Morgan 2007). Thus, relationships
between Pb contents and the HSI data were
modeled using univariate regression analysis.
Although  predictive models typically
perform better using a large number of
samples, models based on smaller datasets
can still provide guidance for more in-depth
environmental analyses (Hernandez et al.
2006). To calculate ‘predicted’ Pb contents,
the regression equation generated by the
best calibration model was applied and the
derived In-contents were back-transformed
to compare with the measured Pb contents.
Regression models were evaluated in terms
of the R? SEE, root mean squared error of
prediction (RMSEP) calculated using leave-
one-out cross-validation (LOO-CV) and the
relative model stability assessed using the
Chow statistic. For the predictive map, HSI
data were subjected to NDVI (normalized

Table 1 Correlations (r) between In-transformed Pb contents and airborne-derived SAFPs. Also shown is the

difference  vegetation index) analysis
(Cherlinka 2019) and the regression equation
from the best calibration model applied to
bare soils using the raster calculator in QGIS
(QGIS.org 2023). Predictions were validated
using pXRF (portable x-ray fluorescence)
measurements collected in-situ.

Results and Discussion
Mineralogy and geochemistry

Overbank sediments in the study site
comprised mainly quartz (up to 95%) and
kaolinite (up to 5%). Thus, the overbank
sediment samples had a largely sandy texture,
which is supported by the findings of Bell
et al. (2002). Overbank sediments contained
considerable Al (median = 4.47%) and Fe
(median = 2.57%), with minor Si (median
= 0.346%). Lead contents in the study site’s
overbank sediments (median = 25.2 mg/kg)
appeared relatively consistent with those in
stream sediments in the Witbank Coalfield
(mean = 24.9 mg/kg) (Bell et al. 2002), the
Baixo Jacui coal mining region in Brazil
(median = 27 mg/kg) (Teixeira et al. 2001)
and the Jaintia Hills coal deposit in India
(mean = 27.5 mg/kg) (Sahoo et al. 2017).

Correlations, regression analysis and
geochemical mapping

Table 1 shows the correlations between In-
transformed Pb contents and the airborne-
derived SAFPs. Iron oxide and clay minerals
typically adsorb Pb in soils and sediments
(Moreno et al. 2006), thus, providing support
for the trends observed in subsequent
correlation and regression analysis. Lead
contents had the strongest correlation (r =
0.6) with Depth500 (the goethite-related D),

goodness-of-fit (R?) and the standard error of estimation (SEE) of the calibration models.

Predictor r R? SEE
Depth500 0.6 0.39 0.26
Asym500 -0.4 0.30 0.28
Width500 -0.5 0.20 0.30
Depth1448 0.5 0.25 0.29
Asym1448 0.5 0.27 0.29
Width1448 -0.5 0.29 0.28
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although it was not statistically significant.
Strong correlation with goethite is consistent
with findings by Covelo et al. (2007) that
Fe-oxide adsorbed and retained greater
concentrations of Pb, compared to kaolinite.
Results are also consistent with the findings of
Kemper and Sommer (2002) that Pb contents
in soils could be estimated using correlations
with iron oxide contents and the findings
of Zhao et al. (2022) that spectral bands at
approx. 500 nm had strong correlation with
Pb contents in soils. Stronger correlation
with the goethite- related D, compared to the
W and S, is likely because the D requires a
simpler calculation compared to the W and
S and, thus, calculations for W and S may be
prone to greater error (Van der Meer 2004).
The R* and SEE of the calibration
regression models were consistent with the
correlation analysis and showed that the best
predictive model was obtained for Depth500.
Based on the Chow statistic (0.095), the
LOO-CV method yielded stable (ie., p >
0.05) regression coeflicients for airborne-
predicted Pb contents. When the RMSEP
(6.6 mg/kg) was evaluated in terms of the
concentration range of Pb, it represented
~20% of the concentration range. Fig. 2
shows the measured vs airborne-predicted Pb
contents in overbank sediments in the study
site. In general, the airborne-derived SAFPs
showed a tendency to ‘under’-predict higher
Pb concentrations and slightly ‘over’-predict
lower Pb concentrations (Fig. 2a). This is
consistent with the findings of Tan et al.
(2020, 2021). The regression line and R?* (red
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dotted line in Fig. 2a) were notably influenced
by the high concentration outliers. Outliers
(red dots) were detected using the median +-
median absolute deviation (MAD) (Reimann
et al. 2005) and were removed. Following
outlier removal, the R? improved markedly
from 0.28 to 0.69 (blue dotted line in Fig. 2a),
which is consistent with Kemper & Sommer
(2003), who noted a similar improvement to
the R? when outliers were removed.

Fig. 3 shows airborne-predicted Pb
contents in overbank sediments in the study
site. Airborne-predicted Pb contents was
calculated using the following regression
equation: y = 2.96x + 2.40 (where x is
Depth500). According to Fig. 3, the overbank
sediments appeared largely dominated by Pb
concentrations of 7-10 mg/kg and higher.

Predictions according to the validation
model (Fig. 2b) were generally lower than
measured pXRF contents. Kemper &
Sommer (2003) suggested that the ‘under’-
prediction of higher metal concentrations
is likely attributed to averaging across the
area of one pixel, which can reduce higher
concentrations to lower concentrations and
incorporate it into the final measurement.
Although the predictions were lower than the
measured Pb contents and the goodness-of-
fit of the validation model was only moderate
(R? = 0.65), Choe et al. (2009) suggested
that this technique is still useful because it
provides a simple and rapid approximation
of TM contents prior to performing more
precise geochemical analysis.
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Figure 2 a) Calibration models showing airborne HSI-predicted Pb content vs measured content in overbank
sediments along the Blesbokspruit River, South Africa (the red dotted line represents the model including outliers,
the blue dotted line represents the model excluding outliers and the black solid line represents the 1:1 trend line);
and b) the validation model showing in-situ measured Pb contents vs. airborne HSI-predicted contents (the
black dotted line represents the regression line).
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Figure 3 a) Airborne HSI data coverage over the study area, b) NDVI and c) airborne-predicted Pb contents
in exposed overbank sediments in the study site. Red dots represent ICP-MS sample sites (used in model
calibration) and grey dots represent pXRF sample sites (used in model validation). The red rectangle in b) and

¢) highlights acid ponds in the study site.

Conclusions

This study found that the most prominent
TM-predicting SAFs were associated with
goethite (at approx. 500 nm) and kaolinite
(at approx. 1448 nm) in overbank sediments.
Pb data correlated strongest with Depth500
(goethite-related D). The calibration model
had a R* of 0.28 and SEE of 0.26. Outlier
removal markedly improved the R?* of the
calibration model from 0.28 to 0.69. The
corresponding validation model had a R?
of 0.65 and SEE of 3.90. The results suggest
that Depth500 may serve as a proxy for Pb
contents in overbank sediments. Due to the
small dataset (n = 10) and strong influence
of outliers on the regression analysis, further
research using a larger dataset is necessary to
improve the calibration models. When more
data are added and the models are improved,
airborne HSI may be useful as a rapid

screening method for detecting TM contents
related to coal mining in overbank sediments
prior to more intensive data collection and
geochemical analysis.
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