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Abstract: Geologic remote sensing studies often targets surface cover that is supposed to be invariant
or only changing on a geological timescale. In terms of surface material characteristics, this holds
for rocks and minerals, but only to a lesser degree for soils (including alluvium, colluvium, regolith
or weathered outcrop) and not for vegetation cover, for example. A view unobstructed by clouds,
vegetation or fire scars is essential for a persistent observation of surface mineralogy. Sensors with
a continuous multi-temporal operation (e.g., Landsat 8 OLI and Sentinel-2 MSI) can provide the
data volume needed to come to an optimal seasonal acquisition and the application of data fusion
approaches to create an unobstructed view. However, the acquisition environment always changes
over time, driven by seasonal changes, illumination changes and the weather. Consequently, the
creation of an unobstructed view does not necessarily lead to a repeatable measurement. In this paper,
we evaluate the influence of weather and resulting soil moisture conditions over a 3-year period,
with alternating dry and wet periods, on the variance of several “geological” spectral indices in a
semi-arid area. Sentinel-2 MSI data are chosen to calculate band ratios for green vegetation, ferric and
ferrous iron oxide mineralogy and hydroxyl bearing alteration (clay) mineralogy. The data were used
“as provided”, meaning that the performance of the atmospheric correction and geometric accuracy is
not changed. The results are shown as time-series for selected areas that include solid rock, beach
sand, bare soil and natural vegetation surfaces. Results show that spectral index values vary not
only between dry and wet periods, but also within dry periods longer than 45 days, as a result of
changing soil moisture conditions long after a last rain event has passed. In terms of repeatability
of measurements, an overall low soil-moisture level is more important for long-term stability of
spectral index values than the occurrence of minor rain events. In terms of creating an unobstructed
view, we found that thresholds for NDVI should not be higher than 0.1 when masking vegetation in
geological remote sensing, which is lower than what usually is indicated in literature. In conclusion,
multi-temporal data are not only important to study dynamic Earth processes, but also to improve
mapping of surfaces that are seemingly invariant. As this work is based on a few selected pixels, the
obtained results should be considered only indicative and not as a numerical truth. We conclude that
multi-temporal data can be used to create an unobstructed view, but also to select the data that give
the most repeatability of measurements. Images selection should not be based on a certain number
of days without rain in the days preceding data acquisition but aim for the lowest soil moisture
conditions. Consequently, weather data should be incorporated to come to an optimal selection of
remote sensing imagery, and also when analyzing multi-temporal data.

Keywords: geology; mineral; multi-temporal; weather; spectral index; repeatability; Sentinel-2 MSI

1. Introduction

Geologic remote sensing is based on spectral analysis of minerals and rocks, initially
investigated by Cooper et al. [1], Salisbury et al. [2] and Hunt [3]. At first, band ratio

Remote Sens. 2022, 14, 6303. https://doi.org/10.3390/rs14246303 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs14246303
https://doi.org/10.3390/rs14246303
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-2871-3913
https://orcid.org/0000-0002-8621-6624
https://orcid.org/0000-0002-1456-964X
https://orcid.org/0000-0003-4085-8725
https://doi.org/10.3390/rs14246303
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14246303?type=check_update&version=1


Remote Sens. 2022, 14, 6303 2 of 16

techniques and principal component analysis were used for mapping mineral assemblages.
For example, Goetz and Rowan [4] used Landsat MultiSpectral Scanner (MSS) to derive
iron oxide maps for the first time. Landsat Thematic Mapper (TM) allowed the use of
band ratios for separating clay materials (using bands 5/7) and mapping ferric and ferrous
oxides (using bands 3/1) [5]. The Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) [6–8] had multiple bands in the visible-near infrared, shortwave
infrared and thermal (mid) infrared. This allowed the production of mineral maps with
qualitative indications of the clay, sulphate, carbonate, magnesium hydroxide, iron oxide
and silica mineral groups.

ASTER imagery was used to create the first continental-wide seamless maps of surface
composition [9,10]. Sensors with a continuous multi-temporal operation (e.g., Landsat 8 OLI
and Sentinel-2 MSI) [11,12] enable continuous monitoring, an optimal seasonal acquisi-
tion [13] and can provide the data volume needed for continental-scale mapping. Roberts
et al. [12] recently used thirty years of archive Landsat data in a single mosaic covering
Australia. The potential of the operational Sentinel-2 Multi-Spectral Instrument (MSI) for
geological applications and mineral mapping, particularly iron oxides, has been studied
extensively [14–18] and was eventually demonstrated by Wilford and Roberts [19].

Lithological mapping is often performed in areas with “good exposure” [20], which
typically refers to arid and semi-arid areas. However, when mapping on a regional or
continental scale, geological remote sensing has to deal with phenomena that are dynamic
in space and time [6,21,22]. While data acquired at a single moment might suffice for
small-scale studies, monitoring of large areas and particularly temperate, seasonally vege-
tated and cultivated areas of regions need multi-temporal acquisitions [23]. Langford [24]
lists clouds, smoke, fire scars, flooding and intensive agriculture as issues that could be
addressed by temporal merging of data.

Langford [24] also cites multiple publications in which multi-temporal Landsat data
were used to improve mapping results. Some studies used multi-year data to study a
dynamic process, and some came to a better average value by image fusion approaches
and averaging bands over time. The recent mosaics [12,19] showing Australia “in a least-
vegetated state” is a result of selecting the least vegetated pixels from a stack of images,
reportedly leading to “noise-reduced, cloud-free and robust estimate of the spectral re-
sponse of the continent at the barest state” [12].

In geologic remote sensing, the targeted surface cover is often considered invariant
or only changing on a geological timescale. In terms of surface material characteristics,
this holds for rocks and minerals, but only to a lesser degree for soils (including alluvium,
colluvium, regolith or weathered outcrop) and not for vegetation cover. What always
changes over time is the acquisition environment, driven by seasonal and illumination
changes and the weather.

An unobstructed view is essential for observing surface mineralogy. However, this
still does not necessarily lead to an invariant or repeatable measurement, which would
be needed for monitoring over time. A question that remains is what environmental
factors, such as illumination, soil moisture and the state of the atmosphere, influence
spectral indices for supposedly stable surface covers most. A wet surface creates less
albedo and water absorption features could obscure mineral absorption features. Therefore,
the criterion “in a dry period with no clouds” is a common approach for data selection.
This is, however, not a standardized or repeatable acquisition strategy.

The aim of this study is to test the repeatability of spectral indices to allow for
continental-scale mineral mapping using multiple stacked and mosaicked images. We
evaluate the influence of precipitation and soil moisture conditions obtained from a weather
re-analysis model on the variance of several “geological” spectral indices over time. The
temporal variation in these indices is assessed over a semi-arid area in southern Spain and
compared to changing weather and seasonal conditions. Multi-spectral remote sensing
data were acquired over a 3-year period with alternating dry and wet periods that resulted
in different levels of soil moisture content and vegetation cover density.
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2. Materials and Methods

The Google Earth Engine (GEE) [25] was used to collect and process the meteorological
and remote sensing data, covering 3 consecutive years (January 2018 to January 2021).

Meteorological data were taken from the Global Land Data Assimilation System
(GLDAS 2.1), which comes at hourly intervals in 27.83 km grid cells [26,27]. The parameters
used in this study were “daily total precipitation”, “daily average soil moisture” (data
of 0–10 cm depth interval used), and “downward short-wave radiation flux” (averaged
per day) to observe illumination change over the year. The precipitation data are used to
select long dry periods of at least 45 days to study the impact a gradual drying surface
has on spectral indices. These data were first cross-checked with a meteostation of the
nearby airport of Almeria and subsequently cross-checked against ERA 5 climate data of
the European Centre for Medium-Range Weather Forecasts (ECMWF) [28,29]; the latter
source was not used further after high similarity was found.

The image data consist of Sentinel-2 MSI surface reflectance (level 2A, bottom of
atmosphere) data. The Sentinel-2 MSI instruments have 13 super-spectral bands of 10–60 m
spatial resolution, covering the Visible and Near InfraRed (VNIR) and ShortWave InfraRed
(SWIR) wavelengths with [30]. Sentinel-2 MSI lacks the multiple relatively narrow bands
in the shortwave infrared that enable e.g., the ASTER sensor to cover a wider variety
of mineral groups, as shown in e.g., [10]. However, the sensor design purposely allows
mimicking of band ratios originally developed for Landsat [15,31] as well as some of the
indices originally developed for ASTER [10,17,18]. In addition, the multiple relatively
narrow bands in the visible and near-infrared wavelengths make Sentinel-2 suited for
mapping iron oxide mineralogy [16]. With a 290 km swath width and currently two systems
operational, the revisit time at the equator is ±5 days [32]. This high repeat interval makes
this sensor an optimal choice for avoiding cloud cover, and all characteristics together allow
worldwide coverage at a relatively high spatial resolution.

Sentinel-2 MSI data were therefore chosen to calculate spectral indices (band ratios) for
green vegetation, ferric and ferrous iron oxide mineralogy and hydroxyl bearing alteration
(clay) mineralogy. Table 1 shows, after van der Werff and van der Meer [15], the spectral
indices used in this study: the “normalized difference vegetation index” (NDVI, [33]) for
observing green vegetation; three indices for geological mapping defined for Landsat TM
by Sabins [31], and three indices for mapping ferric (Fe3+) and ferrous (Fe2+) iron oxide
mineral groups defined for ASTER by Cudahy [10].

Table 1. Sentinel-2 MSI spectral indices used in this paper. The Sentinel-2 MSI indices bands are
created after indices originally developed for Landsat TM [31] and ASTER [10] as proxies for mapping
mineralogy, using bands equivalent to the ASTER and LANDSAT TM bands. A comparison of these
indices between Sentinel-2, Landsat TM and ASTER bands can be found in van der Werff and van
der Meer [15].

Feature Source ASTER Landsat TM Sentinel-2

NDVI Huete [33] (3−2)/(3+2) (4−3)/(4+3) (8−4)/(8+4)

Hydroxyl bearing alteration
Sabins [31]

5/7 11/12
All iron oxides 3/1 4/2
Ferrous iron oxides 3/5 4/11

Ferric oxide contents, Fe3+

Cudahy [10]
4/3 11/8

Ferric oxide composition, Fe3+ 2/1 4/3
Ferrous iron index, Fe2+ 5/4 12/11

The long-term spatial accuracy is reported to be “±8 m (at 95% circular-error confi-
dence) in terms of absolute geolocation accuracy and ±5 m (at 95% circular-error confidence)
multi-temporal co-registration accuracy between product pairs sharing the same relative
orbit” [34]. To reduce the influence of factors other than weather and illumination, the selec-
tion criteria for this image collection are “sensor 2A” (thus disregarding data from sensor 2B
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to reduce the influence from sensor differences), “orbit 51” (thus ignoring data from any
other orbit to reduce the influence of angled views), and <50% cloud cover reported in
the metadata of the level 1C image. This selection leaves 109 usable out of 434 available
Sentinel-2 images. Masking of individual pixels in the 109 images, those with surface cover
other than bare soil or vegetation, is achieved with bands available in the Sentinel-2 MSI
level 2A (surface reflectance) data product: Pixels covered by clouds or cloud shadows are
identified and masked with the “cloud mask (QA60)” band, by selecting a threshold of
20% in the “cloud probability map (named MSK_CLDPRB)”, and by masking pixels with
a reflectance < 1% in the blue band. Further masking of pixels is carried out by selecting
only pixels classified as “bare soil” and “vegetation” in the “scene classification layer (SCL)”
band that comes with the Sentinel-2 level 2A product [35].

Not taken into account is the performance of atmospheric correction: While this
has been studied before, e.g., [36,37], it seems not feasible to go beyond the automated
atmospheric correction performed by data suppliers when the purpose is to map on a
continental or global scale. Therefore, we take supplied Sentinel-2 MSI data as produced by
the “Sen2Cor” processor [38] and apply only commonly established processing methods to
focus primarily on data selection in order to achieve repeatable measurements.

The study was performed in the area surrounding the town of Rodalquilar (36.847N,
2.043W), located in the Cabo de Gata National Park, Southern Spain (Figure 1). The semi-
arid nature of this area and the variety of spectrally active minerals at the surface make
this area popular for geological remote sensing case studies [16]. Using prior knowledge of
the area, four locations were selected for monitoring the temporal behaviour of spectral
indices: bare soil, a sandy beach, an area with natural vegetation and rock surface in an
abandoned quarry (Table 2). The polygons were kept small to keep the land cover as
homogeneous as possible. In particular, the polygon defined to capture natural vegetation
mixed with soil was 20 × 20 m. to obtain a representative sample, while the other polygons
were 10 × 10 m. Depending on the 8 m. absolute and 5 m. multi-temporal overall spatial
accuracy of Sentinel-2, the spatial coverage of each polygon should be one but could
be multiple 20 × 20 m. image pixels. A geological map after Arribas et al. [39] and a
Worldview-3 image covering the VNIR and SWIR wavelengths with 16 bands acquired
over the Rodalquilar area on 13 September 2017 (Figure 1) were used for visual verification
of image processing results.

(a) Location and geology of the study area.
Figure 1. Cont.
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(b) Worldview true color composite.
Figure 1. (a) shows the location of the Cabo de Gata area in Spain and the spatial extent of the images
used in this research (indicated by the red box). These data overlie a geological map modified after
Arribas et al. [39] showing lithologic units around the town of Rodalquilar. (b) shows a Worldview-3
true colour composite (R: 660 nm, G: 547 nm, B: 482 nm) acquired on 13 September 2017 with natural
vegetation in greenish tones, bare soil and rock in white & reddish tones, and water bodies and the
Mediterranean sea in dark tones.

Table 2. The four regions of interest in the Rodalquilar area and their characteristics. The images
consist of a high-spatial-resolution Google Earth backdrop (Dated 16 July 2018) overlaid with a
semi-transparent NDVI image created with 20 m. pixels of the Sentinel-2 MSI sensor. The 10 × 10 and
20 × 20 m. polygons sampled are shown as red boxes in each image. The polygons do not appear as
an exact square as these were defined in the EPSG:3857 geographic coordinate system used in the
Google Earth Engine. The geographic coordinates indicate the centre of each polygon.

Bare soil Beach sand

2.07455E, 36.86685N 2.00555E, 36.85900N
10 × 10 m. dirt road
crossing, disturbed by
infrequent traffic and
therefore mostly kept
bare.

10 × 10 m. beach
at a stream mouth,
therefore occasionally
wet and possibly dis-
turbed by sunbathers.

Quarry floor Natural vegetation

2.06125E, 36.85800N 2.06239E, 36.86840N

10 × 10 m. mix of
rock, dirt and an oc-
casional shrub. Un-
likely to be disturbed
over time but there
may be shadows.

20 × 20 m. mix of
vegetation and nat-
ural soil. Unlikely
to be disturbed over
time but shows sea-
sonal change.
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3. Results
3.1. Observed Weather Conditions

The GLDAS 2.1 meteorological data are shown in Figure 2. From 2018 to 2021, the daily
precipitation data (Figure 2a) show rain events that match periods of drying and wetting
of the topsoil (Figure 2b). The fluctuations in the downward short-wave radiation data
(Figure 2c) correspond with rain events Figure 2a. The fluctuations in the downward short-
wave radiation data (Figure 2c) correspond with rainfall events (in Figure 2a). The years
2018 and 2020 both had a single dry period in the summer (period I (June–August) and V
(June–September)), after a relatively wet spring (Figure 2a). The year 2019 lacked a relatively
long dry period in summer, with two shorter dry periods, in spring (February–March) and
in early summer (April–June) (Figure 2a). All three years had a relatively wet autumn
(Figure 2b). In all years, the radiation flux was in spring (March–April) generally lower than
in the following summer (June–August) (Figure 2c). This implies that elevated soil moisture
levels in spring are not only caused by precipitation, but also by less evapotranspiration
due to clouds blocking the sun. Following the criteria defined above, there appeared to
be five dry periods that show gradual drying of the topsoil (Table 3), with at least 45 days
of no or little precipitation. The long periods I and V fall typically in the summer, while
periods II and IV fall within early spring and period III in late spring. Periods I–IV have
completely no rain, and period V is interrupted by a couple of minor rain events.
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Figure 2. Meteorological parameters (a) daily total precipitation; (b) daily average soil moisture
(0–10 cm depth) and (c) average downward SWIR radiation flux [26,27]. Five dry periods longer than
45 days (Table 3) are indicated by a grey-shaded background.
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Table 3. Definition of the five selected dry periods, with at least 45 days of no or little precipitation,
in the years 2018–2021.

Period From To Length (days) # Images

I 11 Jun 2018 7 Sep 2018 88 8
II 1 Feb 2019 18 Mar 2019 45 5
III 24 Apr 2019 13 Jun 2019 50 5
IV 26 Jan 2020 12 Mar 2020 46 5
V 9 Jun 2020 22 Sep 2020 105 11

3.2. Image Processing Results

Figure 3 shows the results from applying the vegetation and geological indices to
the Sentinel-2 MSI data. The “normalized vegetation difference index” image (Figure 3a)
and the location of masked pixels in all images showing a geological index (Figure 3b–e)
coincide with green tones of natural vegetation cover in the true-color satellite image
(Figure 1b).

(a) NDVI (0.091–0.471) (b) Hydroxyl bearing alt. (1.070–1.483) (c) Iron oxides (1.034–2.563)

(d) Ferrous iron oxide (0.440–0.905) (e) Ferric oxide contents (0.648–1.508) (f) Ferrous iron oxide (0.647–0.916)

Figure 3. Sentinel-2 MSI images showing the mean index values of a 3-year timespan: (a) NDVI and
geological indices after (b–d) Sabins [31] and (e,f) Cudahy [10]. Pixels with negative NDVI value,
indicative of water, are masked in all images. The geological indices are also masked for vegetation
by allowing only pixels with an NDVI value of 0.15 or lower. The images are shown in a 98% linear
stretch, with value ranges mentioned in the subcaption.

The bright pixels in Figure 3b, indicating relatively high values in the “hydroxyl
bearing alteration” index, coincide with the expected location of alteration mineralogy
and (former) mining locations within the caldera (Figure 1a). The four indices for iron
oxides (Figure 3c–f) show patterns that need some interpretation. The pixels with relatively
high values for the “iron oxide” index of Sabins [31] (Figure 3c) match with bare soil
areas and reddish coloured soils visible in the true-color image (Figure 1b). The indices
of Cudahy [10] are designed to differentiate between “ferrous iron oxide” and “ferric iron
oxide”. The image results (Figure 3e,f) support this by showing an overall inverse relation
between these two indices. There are a few areas that have relatively high index values
for both indices. This could physically be explained by the presence of both “ferric iron
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oxide” and “ferrous iron oxide” spectral signatures in a 20 × 20 m pixel of the Sentinel-2
sensor. As was the case with the “iron oxide” index of Sabins [31] in Figure 3c, the bright
pixels of both Cudahy [10] indices fall within areas that can be denoted as bare soil areas
and reddish coloured soils in the true-color image (Figure 1b).

The “ferrous iron oxide” of Sabins [31] in Figure 3d should correspond with the
“ferrous iron oxide” index of Cudahy [10] in Figure 3f. At a first glance, the results do not
seem to match: The highest index values can be found at locations with bare and hard
materials, such as rock outcrops, rooftops of buildings, and pebbly beaches. The indices of
Cudahy [10] come with a range of index values validated for the ASTER sensor while the
indices of Sabins [31] do not come with such a range defined. When ignoring the highest
index values and therefore the brightest pixels in the image, it appears that the intermediate
(grey) index values do show a spatial pattern in high and low values that matches the index
results in Figure 3f. We, therefore, proceed under the assumption that the index results
described here can be physically explained and make sense in terms of the application.

3.3. Indices over Time

Figure 4 shows the variation in index values over the entire three years, in the five
dry periods only and the remaining (not dry) periods only. Without exception, the range
and standard deviation are relatively smallest in the dry periods (shaded areas in Figure 4).
The NDVI (Figure 4a) has a relatively large standard deviation and range in the natural
vegetation (•), followed by the bare soil area (•). The standard deviation in the “hydroxyl
bearing alteration” index (Figure 4b) is relatively high in the quarry (•) and the natural
vegetation (•) and low in the soil (•) and beach (•). However, the range of values is, outside
of the dry periods, relatively large in the beach area (•). The standard deviation in the “iron
oxide” geological indices (Figure 4c–f) seems similar in all areas, although the range can be
relatively large in the soil (•) and the beach (•) areas, leaving the quarry (•) as the most
stable area over time.
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Figure 4. Summary statistics of soil moisture on the values of six spectral indices: (a) NDVI, (b–d)
three geological band ratios after Sabins [31] and (e,f) two geological band ratios after Cudahy [10].
The colors indicate the surface cover: • bare soil, • natural vegetation, • quarry, and • beach sand.

3.4. Vegetation Time Series

Figure 5 shows the temporal behaviour of the NDVI vegetation index. In general,
there are more Sentinel-2 MSI data points available in the defined dry periods and summers
(Table 3) than in the wet periods. The values originating from the area with natural
vegetation (N) are the highest and show a yearly cycle. Clearly visible are relatively high
index values in winter and early spring and relatively low values in summer, the latter
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coinciding with the dry periods defined in Table 3. Compared to 2018 and 2020, the year
2019 has relatively lower index values in March & April, which coincides with the timespan
of the dry period II. The bare soil area (•) also shows cyclic behaviour that follows the
behaviour of natural vegetation, with higher values in autumn, winter and spring. Within
the dry periods I, III and V, the index values for the bare soil area seem stable, while in dry
periods II and IV they are not. In October 2019, however, there is an abrupt deviation from
the index values of the natural vegetation area. The vegetation indices for the quarry (×)
and beach (◦) areas are most stable over time, although both areas show slightly higher
values in the spring of 2019 and 2020. Looking at the dry periods only, the vegetation
indices for all land covers are lowest in periods I and V while slightly elevated in periods II,
III and IV. In periods I, IV and V, the beach sand has consistently lower vegetation index
values than the quarry, whereas in periods II and III in the year 2019 the values of both
landcover types overlap for most of the time.

 0
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2018 2019 2020 2021
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V
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e

Year

Figure 5. NDVI time series for (N) natural vegetation, (•) bare soil, (×) quarry floor and (◦) beach sand
pixels. The five dry periods longer than 45 days (Table 3) are indicated by a grey-shaded background.

Looking at the dry periods in Figure 5, the NDVI values follow an annual cycle,
with relatively low values in late spring and summer (periods I, III and V) and relatively
high values in winter (periods II and IV). Looking within each dry period, the NDVI
values appear to be positively correlated with soil moisture; a decrease in soil moisture is
accompanied by a decrease in NDVI values, and vice versa. This correlation fits our initial
expectations that water availability in the soil leads to the growth of green vegetation in
this semi-arid region. From high-resolution satellite images in Table 2 as well as from
field visits, it can be observed that the selected natural vegetation area has a permanent
presence of vegetation while the quarry might have an occasional shrub. The bare soil and
beach sand areas have no expected presence of vegetation. The bare soil area however does
show an annual cycle in the vegetation indices, with elevated values in the wet autumn,
indicating that some vegetation might be growing in the wet period. In contrast, the few
shrubs present in the quarry do not seem to affect the vegetation indices; the level is slightly
elevated in autumn, but so is the bare beach sand area.

3.5. Geological Time Series

The temporal behaviour of the three geological indices after Sabins [31] is shown in
Figure 6. It has to be noted that, due to the cloud masking, fewer data points are available
for the beach sand (◦) area. The “hydroxyl bearing alteration” index in Figure 6a clearly
shows an effect of seasonality. The values originating from the quarry area (×) are the
highest and show an annual cycle, with relatively low/high index values in summer/winter.
The values for natural vegetation (N) are lower than for the quarry but higher than for
bare soil and beach sand and also show an annual cycle. The index does not show a cyclic
behaviour for the bare soil (•) and beach sand (◦) areas, although the index values for
these areas do vary throughout the year. Outside of the dry periods, large variations for all
four areas can be observed, especially during the autumn of 2019. Within the defined dry
periods, the “hydroxyl bearing alteration” index values seem most stable over the periods I
and V compared to the periods II–IV. While the change in “hydroxyl bearing” index values
(Figure 6a) follows the drying of soil (Figure 2b) in dry periods II, III and IV, this relation
seems inverted in dry periods I and V. Within the dry periods, small changes in index value
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seem to correspond with minor rain events (Figure 2a). While the NDVI value of the bare
soil area shows a slight change (Figure 5), this surface seems more stable over time than the
quarry. This index is, apart from an indicator of mineral alteration, also an indicator for
the presence of clay, and a higher index value also indicates that the surface cover might
be more susceptible to taking up moisture and thus change the spectral signal. Areas that
have a higher index value for “hydroxyl bearing materials” show more signs of annual
cyclic behaviour than areas with lower index values.

The “iron oxide” index in Figure 6b shows that observed variation in index values does
not allow for easy separation of the four different areas. In general, the highest index values
for the quarry (×) and bare soil (•) areas, and the lowest values for the beach sand (◦) area.
The series for the quarry (×) shows a similar annual cyclic behaviour as for the “hydroxyl
bearing alteration” index, where this annual cycle is not observable for natural vegetation
(N). Within the defined periods, the index value for the beach sand (◦) area is very stable,
whereas the other areas show some variation. Outside the dry periods, there are times
that the index shows large variation, but there are also times that this “iron oxide” index
remains stable despite rain events and changing soil moisture (e.g., September–October
2019; June–August 2020; May 2021).
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Figure 6. Time series of geological indices (a) Hydroxyl bearing alteration; (b) Iron oxide and (c)
Ferrous iron oxide, after Sabins [31]. The data are for (N) natural vegetation; (•) bare soil; (×)
quarry; and (◦) beach sand. The five dry periods longer than 45 days (Table 3) are indicated by a
grey-shaded background.

The “ferrous iron oxide” index in Figure 6c shows that, in contrast to the results for the
“iron oxide” index, almost consistent separation of index values for each of the four areas is
possible. The beach sand (◦) area has the highest index values, with values decreasing for
bare soil (•) and the quarry (×), and lowest index values for the natural vegetation area
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(N). The index shows no annual cyclic behaviour for any of the areas and appears stable
most of the time, specifically during the five dry periods. Disturbances are seen during the
autumn of 2019 in all four areas, with the highest variation in the natural vegetation (N)
and beach sand (◦) areas.

The temporal behaviour of the three geological indices after Cudahy [10] is shown in
Figure 7. The “ferrous iron index” shown in Figure 7a is, after translating the indices from
its original definitions to the Sentinel-2 bands as described above in Table 1, the inverse
of the “hydroxyl bearing alteration” index of Sabins [31] shown in Figure 6a but allows a
direct comparison to the “ferrous iron index” defined by Sabins [31]. This index therefore
also shows an effect of seasonality. The values originating from the quarry area (×) are the
lowest and show an annual cycle, with relatively high/low index values in summer/winter.
The values for natural vegetation (N) are higher than for the quarry but lower than for
bare soil and beach sand and also show an annual cycle. The index does not show a cyclic
behaviour in the bare soil (•) and beach sand (◦) areas, although the index values for these
areas do vary throughout the year. Outside of the dry periods, large variations for all
four areas can be observed, especially during the autumn of 2019. Within the defined dry
periods, the “ferrous iron index” index values seem most stable over the periods I and V
compared to the periods II–IV.
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Figure 7. Time series of geological indices (a) Ferrous iron index and (b) Ferric oxide contents,after
Cudahy [10]. The data are for (N) natural vegetation; (•) bare soil; (×) quarry; and (◦) beach sand.
The five dry periods longer than 45 days (Table 3) are indicated by a grey-shaded background.

The values of the “ferric oxide contents“ index in Figure 7b are highest for the quarry
(×). In temporal behaviour, it can be observed that the index values for the quarry (×)
area increase over autumn and winter, whereas, for the other three areas, the index values
decline. The values for the other three areas are relatively close to each other, where the
values for bare soil (•) are, overall, slightly higher than for beach sand (◦). The values
for natural vegetation (N) show the largest annual cycle, being sometimes the lowest and
sometimes the highest of these three. Within the defined longer dry periods I and V,
this index shows an increase over time, which is in line with the observed decline in soil
moisture (Figure 2b). For the shorter dry periods II, III and IV, the index seems stable
but not for all data points. The index values for natural vegetation (N) show an annual
cyclic behaviour with minimum values during winter, whereas for the other areas the index
values are less season-dependent. Within all dry periods, the index value for beach sand
(◦) is the lowest and appears as being the most stable. However, for all other geological
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indices, the long dry periods I and V appear to behave very similarly, the natural vegetation
(N), quarry (×) and bare soil (•) show large variation in “ferric oxide composition“ index
during period I and a more stable behaviour for period V.

4. Discussion

The aim of this study is to test the repeatability of spectral indices to allow for
continental-scale mineral mapping using multiple stacked and mosaicked images. We there-
fore evaluate the influence of precipitation and soil moisture conditions on the variance of
several “geological” spectral indices over time.

The meteorological data in Figure 2 show that 2018 and 2020 had similar weather
patterns throughout the year, with a relatively wet spring, a dry summer with a relatively
long dry period, and a wet autumn. The year 2019 is an exceptional year, with two shorter
dry periods in spring and a relatively wet summer, and no dry periods longer than 50 days.
The definition of the five dry periods is arbitrarily set to approx. 45 days without rain, which
left some differences between these periods. Of the 5 dry periods that we defined, periods I
and V are the longest and also have the lowest soil moisture level (Table 3. Periods II–IV
are considerably shorter. While periods II and III have still relatively low soil moisture,
period IV did not reach a soil moisture level below 15 kg/m2 like the other periods. The few
(minor) rain events that occurred during period V, which had relatively low soil moisture,
did not really influence the spectral index values.

For geological remote sensing, an unobstructed view of rocks and soil is required
for optimal conditions. Pixels affected by a vegetation cover should therefore be masked,
for example by thresholding an NDVI image, or by using a multi-temporal dataset to select
the barest pixels over time, following Roberts et al. [12]. Figure 5 shows that all pixels with
an NDVI value above 0.1 ought to be masked to avoid any influence of vegetation. This is
considerably more conservative than the threshold of 0.4 used by e.g., Hewson et al. [40].
Our threshold is also lower than the threshold used by Cudahy [10], which has a valid range
of 1.4–4.0 for a simple NIR/Red band ratio to label vegetation presence from relatively low
to relatively high: Converting our NDVI threshold of 0.1 to the band ratio of Cudahy [10]
leaves a threshold of 1.2 as the separation criterion, which is below the published lower
limit for this ratio. Despite setting this low threshold for masking pixels with vegetation,
the NDVI values of the bare soil polygon still show differences between the wet and dry
periods. In contrast, the NDVI values for the quarry and beach sand polygons do not
change. This suggests that using geological remote sensing results on soils can hardly be
compared over time unless the soil is as bare as a beach or the rocky floor of a quarry.

Logically, temporal variation in spectral indices occurs in areas with vegetation pres-
ence, as well as in a period of time when there is frequent rain (Figures 5–7). However,
even when focusing solely on the dry periods in spring and summer, variation can still be
observed even in the selected, relatively pure, areas where one would expect little change
over time (Figure 4). Table 2 shows that the quarry might have sparse vegetation present
and Figures 6 and 7 show that bare soil areas might still have vegetation growth over time.
The beach area seems stable but can suffer from water coming out of a stream, leaving a
moist patch of sand that could influence the mineral spectral indices.

Apart from such physical changes at the earth’s surface, another factor that is not
addressed in this research is the effect of atmospheric correction. The spectral indices used
in this paper are based on Sentinel-2 MSI bands 2, 3, 4, 8, 11 and 12 (Table 1), covering a
0.49–2.19 µm wavelength range. Depending on the wavelengths covered, bands could be
affected by scattering of light and atmospheric absorption. Bands 2 and 3 are affected by
scattering of light in the atmosphere, and pixel values of these bands depend more on the
quality of the atmospheric correction than other bands. Other wavelengths could be affected
by choices made in model-based atmospheric correction. Figure 2 in Hewson et al. [41]
shows, for example, the effect of choosing different standard atmospheric composition on
the correction of ASTER data. Consequently, any of the band ratios used in this paper,
but especially the “iron oxide” index of Sabins [31] because of using band 2, could reflect the
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effect of measuring at different times of the year and with different atmospheric conditions.
However, when mapping on a continental or global scale, it is not feasible to do tailor-made
adjustments to the atmospheric correction. Therefore, we decided to take the data and
methods “as is” and only used data selection as a means to come to data collection.

For the same reason, this study also does not go into detail to understand the observed
changes in spectral indices. Instead, we leave it to the practical conclusion that the level
of soil moisture and change in soil moisture is equally important, if not more important
than the amount of rain that falls. A multi-temporal approach helps to come to a better
selection of data, for continental-scale mapping where multi-temporal data are used as well
as for studies that could be carried out on a single image only.

For testing the repeatability of spectral indices used in geological remote sensing,
Sentinel-2 MSI is an excellent choice. The 6-day return time of the Sentinel-2 constellation
creates a sufficiently large data volume to perform this experiment, even when limiting the
data selection to only one of the two available sensors and one specific orbit. Some of the
dry periods still have rather few data points due to cloud masking; however, it is sufficient
to observe the behaviour of spectral indices in terms of variance over time. Including
data from Sentinel-2B as well as involving data acquired in different orbits would have
increased data points but also increased noise in our results due to calibration differences
(not shown). We chose to ignore these additional sources of noise, as we strive to discuss
the principle of weather (availability of atmospheric and soil moisture) influencing the
repeatability of geological remote sensing in a semi-arid region.

The creation of seamless cross-continental geoscience products has been described
extensively by Caccetta et al. [42] and, for a smaller area, by Hewson et al. [41]. Image
selection from the 8 years of ASTER data underlying these mosaics was achieved by the
criteria ‘cloud free, high sun angle summer scenes which minimized the presence of vegeta-
tion” [42], while extensive calibration between scenes and user interventions were needed
to come to seamless mosaics. Figure 2 in Caccetta et al. [42] shows that some areas were
covered by single ASTER scenes, meaning that data selection possibilities were eventually
limited. The 2019 mosaic published by Roberts et al. [12] could select from 30 years of
Landsat data, while the Sentinel-2 based mosaic published by Wilford and Roberts [19]
makes use of the vast Sentinel-2 archive build up since 2015. Present-day computing
power allows for selecting optimal pixels instead of optimal scenes but requires data from
continuous operational missions such as Landsat and Sentinel to reach an optimal moment
of acquisition and selection of data. The focus in creating the latter mosaics seems, however,
to have been on masking vegetation and clouds to obtain an unobstructed view. Our
results show that further optimization of this selection process should, in order to come to
more repeatable measurements, include weather parameters. Ideally, it should result in a
product that is repeatable at other moments, as well as applicable to an area covered with
multiple scenes.

Selecting this moment is also important even when only a single remote sensing image
would be needed, and should be based on a multi-temporal analysis: typically, remote
sensing geologists would select an image in summer, preferably a few days after the last
rainfall. Our results show that spectral indices are still affected after these few days of no
rain, even when measured on bare soil and rock surfaces within dry periods of the year.
The classic approach of selecting an image by visual inspection and cloud cover statistics
does not necessarily result in the best choice of data. The relation between soil moisture
and index values in the five dry periods indicates that the effect of precipitation, via soil
moisture, does not disappear in a few days. In addition, the soil moisture change is not
the same in every year. Based on these observations, it appears that, for a mineral spectral
index to be least variant over time, and provided an unobstructed view and adequate
atmospheric correction that a low soil moisture level is needed in the first place, and that
minor (rain) events do not have much of an effect on results.
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5. Conclusions

Geological remote sensing often does not involve a factor time, given that information
sought changes in geological time and not in human time. The weather and seasonal
changes, however, do affect the conditions in which measurements are taken. By looking at
the temporal behaviour of several spectral indices in 3 year Sentinel-2 MSI data, several
“rules of thumb” used in geological remote sensing could be confirmed. At the same time,
some could be sharpened or even need to be changed. Even in remote sensing studies
where the factor time does not play a role, a multi-temporal approach is still justified to
come to an optimal data selection, especially for areas with precipitation.

Even when taking an atmospheric correction and unexpected ground cover change
for granted and not going into detailed analysis for correcting factors, meaning that there
might be lasting limitations for reliable large scale regional to continental quantifiable
mineral index mapping, a multi-temporal approach allows for a more critical and improved
data selection.

Spectral indices for geological remote sensing have the best chance of being invariant
in the (local) summer, not only because the sun is then the highest in the sky but also
because the surface is likely at its driest. An overall low soil-moisture level appears to be
more important for the repeatability of spectral index values over time than the avoidance
of minor rain events. Although there is no generic approach for masking vegetation in
geological remote sensing, it appears that, for this semi-arid area and for data acquired at
any time of the year, NDVI thresholds for masking should not be higher than 0.1. Selection
of data should therefore not be based only on a certain number of days without rain in the
days preceding data acquisition, or the lowest vegetation cover possible, but also include
soil moisture conditions. While the results for the years 2018 and 2020 illustrate these
statements, the result for the year 2019, indicating abnormal weather conditions, state
that this finding does not have to apply each year. Consequently, weather data should be
incorporated in coming to an optimal selection of remote sensing imagery, and also be used
when analyzing multi-temporal data.

The influence of the solar zenith and azimuth is not easy to determine in this dataset,
as the winter months coincide with less data availability, more rain events, higher soil mois-
ture levels and a more dense vegetation cover. Repeating this study in a different climate
zone, where changes in illumination coincide with less changes of other environmental
variables, is therefore a possible follow up study.

Similarly, the influence of the atmospheric correction is not easy to determine in these
data. It would be possible to extend this study with observations on temporal behaviour
of bands used for atmospheric parameters, e.g., Sentinel-2 MSI band 10, and atmospheric
parameters obtained in the atmospheric correction (e.g., water vapor estimates). Lastly,
future studies could include field soil moisture measurements to quantify the role soil
moisture and possibly come to corrections rather than only observations. A numerical
relation between atmospheric and ground affected moisture with spectral indices, and pos-
sibly also other environmental parameters that did not appear as influential as ground
moisture in our experiment, should be tested in a study covering a larger area, to reach a
generic conclusion.
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