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A B S T R A C T

A continuously changing solar position affects outdoor hyperspectral measurements and classifications results.
It is important to know how much spectra vary with a changing zenith angle and which classification technique
is least affected. In this research, we measure spectra from seven pure minerals under nine zenith angles (5◦

to 85◦ in steps of 10◦) using an Analytical Spectral Devices (ASD) Fieldspec®3 Spectroradiometer in a dark
room. The ASD was calibrated using a Spectralon® white reference panel every time we adjusted the zenith
angle. We created a data-set consisting of the pure mineral spectra and linear mixtures derived from the pure
mineral spectra. Spectral variation of the data-set with increasing zenith angle was analyzed through spectral
feature parameters. Subsequently, three classifiers: spectral angle mapper (SAM), Euclidean distance classifier
(EDC), and an expert system decision tree (ESDT) were used to classify the data-set. Reference spectra used
in the SAM and EDC classifications are the pure mineral spectra measured under a zenith angle of 5◦. We
designed the ESDT using center wavelength position and absorption depth derived from the deepest absorption
feature of the pure mineral spectra measured under a zenith angle of 5◦. We show that, with increasing zenith
angle, the center position of spectral features is quite consistent, while the spectral reflectance is affected,
and the continuum removal extends the effect. When classifying pure mineral spectra, SAM and ESDT display
robustness of 100% with the changing zenith angles, while EDC displays robustness of 95.24% which is a result
of misclassifying three unknown spectra measured under a zenith angle of 85◦. The performance of classifiers
becomes complicated when classifying the linearly mixed spectra. SAM performs a robustness of 100%, 98.41%,
77.78%, and 33.33% with a spectral mixing fraction of 95%, 85%, 75%, and 50% respectively. EDC performs
a robustness of 93.65%, 93.65%, 93.65%, and 36.51% with a spectral mixing fraction of 95%, 85%, 75%,
and 50% respectively. ESDT performs a robustness of 100%, 100%, 100%, and 52.38% with a spectral mixing
fraction of 95%, 85%, 75%, and 50% respectively. We conclude that the changing zenith angle affects mineral
spectra through increasing reflectance values and affecting depth of absorption features. Regarding the mineral
classification, the spectral mixture and selection of classifiers present more effects than the changing zenith
angle.
1. Introduction

An important factor in taking outdoor hyperspectral measurements
is changing illumination condition caused by continuously changing
solar position (Murphy et al., 2014; Drumetz et al., 2016). The solar
position is described by the illumination zenith angle and the azimuth
angle (Fig. 1(a)). The zenith angle is an angle between the illumination
rays and the 90◦ normal. The azimuth angle is a horizontal angle
between north and the illumination rays (Peleg et al., 2005; Gao et al.,
2014). Changes in the illumination zenith angle has shown important

Abbreviations: ASD, Analytical Spectral Devices; EDC, Euclidean distance classifier; ESDT, expert system decision tree; SAM, spectral angle mapper; FOV,
field-of-view; FWHM, full-width-half-maximum
∗ Corresponding author.
E-mail address: t.jiang@utwente.nl (T. Jiang).

effects in various research fields using remote sensing data. Research
indicates that the changing illumination zenith angle affects the sea-
sonal determination of several vegetation indices (e.g. Middleton, 1991;
Bhandari et al., 2011; Petri et al., 2022). Other researchers (e.g. Lind-
ström et al., 2006; Zhang and Roy, 2016; Galvão et al., 2020) suggest
that changing illumination zenith induced by orbit drift is an important
factor when combining spaceborne remote sensing data to compose
time series. However, the effect of changing zenith on parameters of
spectral features has not been extensively evaluated.
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Fig. 1. (a) Illustration of the illumination zenith angle, azimuth angle, and the measurement setup used in this research. The zenith angle starts from the normal direction as 0◦

and increases all the way to the horizontal panel as 90◦. The azimuth angle starts from the north direction as 0◦ and goes in a circle on the horizontal panel. For the measurement
setup, we set the ASD detector directly above the sample at a distance of 22 cm. The light source is from a lamp at a distance of 80 cm from the sample. (b) An example of
field hyperspectral measurement under an illumination zenith angle of 85◦. This can happen when measuring a quarry wall with a hyperspectral sensor perpendicular to the wall
while the illustration is given from a zenith angle of 5◦ to the ground surface.
In this paper, we focus on the effect of changing zenith angle on lab-
acquired mineral hyperspectral data and mineral classification. Mineral
spectral response is supposed to be more stable over time than that of
most other objects, such as vegetation or water. However, the zenith
angle continuously changes when taking measurements outdoors. To-
pography influences the geometry between the sun and sensor which
varies from slope to slope, even within one scene (Wen et al., 2018).
Extreme zenith angles can be found on (near-)vertical slopes (Murphy
et al., 2014) (an example is shown in Fig. 1(b)). In addition, the field
of geologic remote sensing uses data acquired by different sensors
(e.g. Longhi et al., 2001; Guha et al., 2012a) and has become aware of
the advantage of using time series data (e.g. Dlamini and Xulu, 2019;
Jiang et al., 2020; Gao et al., 2021), where illumination conditions may
vary between scenes.

Previous research has contrasting opinions on the significance of
the effect of changing illumination zenith angle. Mustard and Pieters
(1989) suggested that silicates, magnetite, and hematite show increas-
ing intensity of specular reflectance with increasing zenith angle but
conclude that the specular reflectance is mainly a function of particle
size and surface roughness. Milton et al. (2009) proposed that different
measurement and illumination geometry partly caused ‘‘significant dif-
ference’’ among measurements using different spectroradiometers. As
a contrast, Guha et al. (2012b) suggested that the changing illumina-
tion zenith angle plays an insignificant role in hyperspectral mapping
of rocks, because it does not affect the wavelength position of rock
spectral features.

To understand the systematic effect of changing zenith angle on
mineral spectra, we focused on answering two main questions: (1) how
a changing illumination zenith angle affects spectral feature parameters
(center wavelength position and absorption depth) of minerals, and (2)
what the effect of changing zenith angle is on mineral classification
with distinct classifiers and spectral mixing? To answer these questions,
we measured seven unconsolidated pure minerals under nine zenith
angles (from 5◦ to 85◦ in steps of 10◦) in a dark room. We created a
data-set consisting of pure mineral spectra and their linear mixtures. Ef-
fects of changing zenith angle on spectra of the data-set were evaluated
by analysis of spectral feature parameters. Afterwards, we classified the
data-set using three classifiers with different working principles and
analyzed the effect of changing zenith angle on classification results
in terms of robustness.

2. Materials and methods

2.1. Measurement setup

For the spectral measurement, we employed an Analytical Spectral
®

2

Devices (ASD) Fieldspec 3 Spectroradiometer (ASD Inc, 2010) with a
pistol grip fitted with an 8◦ FOV (field-of-view) lens. The ASD instru-
ment records reflectance spectra in 2151 contiguous bands covering
a wavelength range of 350 to 2500 nm. The spectral resolution of
the ASD is ∼3 nm full-width-half-maximum (FWHM) at 700 nm and
∼10 nm FWHM at 1400 nm and 2100 nm. The sampling interval is
∼1.4 nm from 350 to 1000 nm and ∼2 nm from 1000 to 2500 nm (ASD
Inc, 2010). Illumination was provided by a 235 W 230 V halogen
bulb (Osram, 2022) mounted in a Lowell Pro lamp (Lowel lighting,
2022).

The experimental setup conceptualized in Fig. 1(a) was used to
measure all samples (introduced later in Section 2.2. Samples) in a dark
room. The sample containers were placed on a board that was painted
with a spectrally matt black paint (brand: Spectrum, product number:
2513715) to avoid reflectance from the desk. The pistol grip holding
the fiber optical cable of the ASD was fixed directly above the samples
with a distance to the samples of 22 cm. A bubble level on top of the
pistol aided vertical alignment. Given a lens of 8◦, the FOV is ∼7.5 cm2

with a diameter of ∼3 cm (the prepared samples have a diameter of
∼7.5 cm). The samples were illuminated by the halogen lamp from a
distance of 80 cm to avoid heating of the samples.

We measured all seven samples under nine different zenith angles,
modifying the lamp from 5◦ to 85◦ in steps of 10◦. Under each zenith
angle, we measures five replicates from each sample. The zenith an-
gles were manually set using a protractor attached to the lamp. We
optimized and calibrated the ASD using a 99% reflective Spectralon®
white reference panel (30 × 30 cm) (Labsphere, 2022) with every zenith
angle. After measurements, a Splice Correction in the ViewSpec ProTM

software (Malvern Panalytical, 2022) was employed to correct offsets
between the different detectors of the ASD.

2.2. Samples

The data-set consists of seven powders of pure minerals (Fig. 2).
These samples were selected to display a wide variety of absorption
features spread over the 0.4–2.5 μm wavelength range that is commonly
used in mineral spectroscopy.

For sample preparation, we first oven-dried the samples for 24 h at
105 ◦C, except for gypsum which was dried at 85 ◦C to avoid dehy-
dration (Hunt et al., 1971). Then, we prepared seven dishes (diameter:
∼7.5 cm, depth: ∼1 cm) to hold the samples individually. Every dish
was painted with the black paint described above to avoid reflection
from these dishes. The samples were poured into the dishes flush with
the dish edge at a thickness of approximately 1 cm, which is optically

impenetrable (Shin et al., 2015; Small et al., 2009).
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Fig. 2. Reflectance spectra of the seven pure minerals were measured under a zenith
angle of 5◦ (near vertical). All samples are from supplier Sigma-Aldrich (2022) except
for calcite which is from supplier Baker (2022). The mineral formulas are from
the producers except for kaolinite and montmorillonite whose formulas are from
literature (Deer et al., 2013).

Table 1
Wavelength of the spectral shoulders we used to isolate the spectral features for feature
parameter analysis.

Mineral Shorter wavelength feature
shoulders

Longer wavelength feature
shoulders

Left (nm) Right (nm) Left (nm) Right (nm)

Vivianite 657 1227 1850 2150
Gypsum 1293 1669 2080 2315
Malachite 519 2128 2148 2321
Borax 1440 1521 2126 2202
Calcite 1725 2133 2135 2389
Kaolinite 1027 1722 2064 2267
Montmorillonite 1271 1724 2136 2386

2.3. Spectral mixture

As pure mineral spectra rarely exist in the real world, we created
a data-set that contains both pure mineral spectra and spectra linearly
mixed from the pure mineral spectra by calculation. To obtain a linear
mixture, spectra from each of the seven minerals were used once as the
main component while spectra of the other six minerals were added
to the mixture in equal quantities. We set four fractions for the main
components: 95%, 85%, 75%, and 50%. In total, combining the pure
mineral spectra and mixed spectra, the data-set contains 315 spectra.

2.4. Feature parameter analysis

We employed two spectral feature parameters, center position and
absorption depth, to display the effect of changing zenith angle on the
spectra. For displaying a variety of spectral responses from different
wavelength ranges, we calculated feature parameters on two features
per spectrum. The feature selection followed two criteria: First, we se-
lected features caused by a typical chemical bond in a mineral. Second,
the two features selected needed to have some wavelength separation
to cover different wavelength ranges. We isolated spectral features
based on the pure mineral spectra measured under a zenith angle of 5◦

fter continuum removal (Clark and Roush, 1984). Wavelength of the
3

pectral shoulders for isolating the spectral features is shown in Table 1. a
We calculated feature parameters on both the original spectra and
he continuum removed spectra. For feature parameter analysis on the
ontinuum removed spectra, we removed a single continuum for the
ntire spectrum (400–2500 nm) instead of removing the continuum
n a feature-by-feature basis for three reasons. First, we undertook
he lab measurement to simulate illumination conditions of outdoor
yperspectral measurement. For data-sets acquired outdoors, it is un-
lear what the diagnostic absorption feature of measured materials is,
nd, therefore, it is impossible to remove continuum on a feature-by-
eature basis. Second, we also applied the classifiers using the whole
avelength range, by removing the whole continuum. Then we used

he knowledge gained from the spectral feature analysis to analyze our
lassification results. Third, the data-set contains mixed spectra and
e limited spectral features based on the pure mineral spectra. The

eature shoulders shift with spectral mixing which makes it impossible
o remove continuum on a feature-by-feature basis. The center position
s defined as the wavelength that has the lowest reflectance within a
eature. The absorption depth of the original spectra is the difference
etween the reflectance of a center position and the value correspond-
ng to the center wavelength position of a line that links the two feature
houlders. The absorption depth of the continuum removed spectra is
he difference between the continuum and the reflectance minimum of
he absorption feature.

To test the statistical significance of the results of feature parameter
nalysis, we performed a Pearson correlation (Pearson, 1897) in the
BM SPSS Statistics software (IBM SPSS statistics, 2022) to calculate
orrelation coefficient between increasing zenith and the calculated
eature parameters. We calculated the Pearson coefficient between the
ncreasing zenith angle and feature parameters derived from the five
epeat measurements on each mineral.

.5. Classification

For classification, we transposed the data-set with pure mineral
pectra and mixed spectra to an image for visualizing the classifi-
ation results and using classifiers in IDL-ENVI software (L3HARRIS
eospatial Solutions, 2022). To classify the image, we employed three
lassifiers with different working principles: spectral angle mapper
SAM) (Kruse et al., 1993), Euclidean distance classifier (EDC)
Richards, 2013), and an expert system decision tree (ESDT) (van
uitenbeek et al., 2019). Although several researchers have reported

hat other classifiers (e.g. the SFF (spectral feature fitting) (Clark et al.,
991) & SID (spectral information divergence) (Chang, 1999)) show
igher accuracy in mineral mapping (Rao and Guha, 2018; Kumar
t al., 2020), we chose SAM, EDC, and ESDT for three reasons. First,
AM and EDC are the ‘‘most popular’’ (Kumar et al., 2021) classifiers,
herefore our results can be useful for more researchers. Second, SAM,
DC, and ESDT are complementary classifiers. SAM and EDC are data-
riven classifiers that classify unknown spectra (to be classified spectra)
epending on known spectra (endmembers) as Ref. Asadzadeh and
e Souza Filho (2016). On the other hand, ESDT is an expert system
lassifier that classifies unknown spectra depending only on the user’s
nowledge instead of reference data (van Ruitenbeek et al., 2019).
hird, SAM ignores reflectance value but EDC involves reflectance
alues in classification (Richards, 2013). Chen et al. (2007) reported
hat SAM outperforms SFF and EDC when classifying hyperspectral
ata-sets with changing illumination conditions caused by topography.
y comparing results produced by SAM and EDC, we can assess if the
utperforming is a result of the ignorance of reflectance value.

We defined the same endmembers for SAM and EDC, which are the
pectra of the seven pure minerals measured under a zenith angle of
◦. Instead of setting classification thresholds, we let SAM and EDC
utomatically classify an unknown spectrum to an endmember that
ad the lowest value of spectral angle or Euclidean distance with the
nknown spectrum. In addition, we plotted the values of spectral angle

nd Euclidean distance versus zenith angles in line graphs to display
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Fig. 3. The decision tree for classifying the 315 spectra. 𝜆𝑐 = wavelength of the deepest absorption feature and 𝛥𝑐 = absorption depth of the deepest absorption feature.
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ow a classifier works when classifying spectra with the effects of
hanging zenith angle (For all results, see the rule number figures in
he supplementary material of this paper Jiang et al., 2022).

We designed an ESDT based on the image that is spectrally limited
o a wavelength range of 500–2395 nm to avoid the disturbance by
oise at the detector edges of the spectra. Spectra at the detector edges
re rather noisy under a large zenith angle (e.g. 75◦ & 85◦) which
isturbs the detection of the deepest absorption feature on continuum
emoved spectra. The ESDT works based on the center position and
bsorption depth of the deepest absorption feature.

We designed the ESDT with six nodes (four based on the center
osition and two based on the absorption depth) to classify the image
nto a mineral map with seven classes (Fig. 3). The two depth-based
odes are the results of: (1) vivianite and gypsum both having the
eepest absorption feature around 1940 nm caused by an OH bond;
2) kaolinite and montmorillonite both having the deepest absorption
eature at 2207 nm caused by an Al–OH bond (Hunt and Salisbury,
970). A problem of the depth-based nodes is that the spectral mixture
ay reduce the depth of deepest absorption feature, and then causes

ailure. The ∼1940 nm feature exists in all seven minerals (with var-
ous absorption depths), therefore we can expect that the 1940 nm
eature will persist in spectral mixtures. Consequently, vivianite and
ypsum will be separated robustly with the spectral mixing on the
asis of absorption features in other wavelength ranges. However, the
2207 nm Al–OH feature only exists in kaolinite and montmorillonite.
herefore, it is predictable that the node for separating kaolinite and
ontmorillonite fails with spectral mixing. However, this ESDT is
esigned to be robust with the changing zenith angle, not with spectral
ixing. Results from SAM and EDC have no unclassified pixels because
e applied them by automatically classifying an unknown spectrum to

he endmember with the lowest rule value. We therefore designed the
SDT with no class for unclassified pixels to ensure consistency among
he three classifiers.

We assessed the robustness of the three classifiers individually by
omparing the classification results with a pseudo mineral map as a
eference which has the same layout as the classification results and is
ade as a 100% accurate mineral map. To separate the effects of zenith

ngle, mineral type, and spectral mixture on classification robustness,
e calculated the classification robustness of each classifier per zenith
ngle, per mineral type, and per spectral purity respectively. In order to
alculate robustness per zenith angle, we divided the sum of correctly
lassified unknown spectra measured under one of the nine zenith
ngles over the sum of spectra measured under the corresponding
enith angle. For example, if SAM correctly classified nine out of all
hirty-five spectra (five purity for seven minerals) measured under 85◦,
4

hen the robustness of SAM for classifying spectra measured under an (
5◦ zenith is 74.3%. For calculating robustness per mineral type, we
ivided the sum of correctly classified unknown spectra (both pure
ineral spectra and mixed spectra) of one of the seven mineral samples

ver the sum of spectra of the corresponding mineral. In order to
alculate robustness per spectral purity, we divided the sum of correctly
lassified unknown spectra with the same spectral purity over the sum
f spectra with spectral purity. The robustness per zenith angle displays
he robustness of a classifier with seven minerals and five spectral
urity levels. Robustness per mineral type displays the robustness of
classifier with nine zenith angles and five levels of spectral purity.
obustness per spectral purity displays the robustness of a classifier
ith nine zenith angles and seven minerals.

. Results

In this section, we show effects on mineral spectra and mineral
lassification in two subsections. First, we show effects from chang-
ng zenith angle on mineral spectra, and then we show effects from
lassifiers on spectra affected by changing zenith angle and spectral
urity. Except for the classification and validation results, we only
how the results derived from gypsum, borax, and the OH feature
f montmorillonite as representatives of the seven minerals. For all
esults from the other minerals, please see the two spectral libraries
nd analysis results of spectral feature parameters in the supplementary
aterial of this paper (Jiang et al., 2022).

.1. Effect of zenith angles

Two phenomena are observed on the pure mineral spectra measured
ith increasing zenith angle: (1) an increase in reflectance values and

2) an increase in noise levels (e.g. Fig. 4(a)). The shorter and longer
etector edges (as indicated in Fig. 4(a)) are much noisier than the
etector center.

The linearly mixed spectra also present two phenomena with spec-
ral mixing: (1) the reflectance values of mixed spectra approach the
rithmetic mean of all spectra with spectral mixing (e.g. Fig. 4(b)); (2)
or minerals with shallow absorption features, the feature remains but

deeper feature from other minerals progressively takes dominance.
or example, an Al–OH feature replaces the OB (borate) feature as the
eepest absorption feature of the spectrum of borax with a spectral
urity of 50% (see annotation 𝛿 of Fig. 4(b)).

Spectral features respond differently to the increasing zenith angle
nd spectral mixing (Fig. 5). The center position of the ∼1.4 μm OH
eature of gypsum is solid with the changing zenith angle and spectral
ixing. The center position of the ∼2.15 μm OB feature of borax
Fig. 5(a)) shifts ∼15 nm due to the changing zenith angles but shifts
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Fig. 4. Effects on mineral spectra caused by the changing zenith angle and spectral mixture. (a) Shows spectra of pure gypsum measured under zenith angles from 5◦ to 85◦ in
steps of 10◦. The annotation 𝛼 in (a) indicates a spectral feature we selected for feature parameter analysis. (b) Shows spectra of borax measured under a zenith angle of 5◦ with
five levels of spectral purity. The inset 𝛾 of (b) zooms-in on the spectra within the annotation 𝛽. The inset 𝛾 displays that, although the OB feature remains with five levels of
spectral purity, a deeper feature at ∼2200 nm has occurred and took dominance with spectral mixing (see features within the annotation 𝛿 of (b)).
up to ∼50 nm with spectral mixing. Similar effects are observed on all
the measured minerals, that the spectral mixing show a much larger
effect on shifting center position than changing zenith angle.

Regarding the absorption depth, increasing zenith angle affects both
the original and continuum removed spectra. For continuum removed
spectra, most of the seven minerals show a decreased absorption depth
with increasing zenith angle, while the effect on the original spectra is
on a feature-to-feature basis (see supplementary material Jiang et al.,
2022 for all results). For continuum removed spectra, the ∼2.2 μm OH
feature of gypsum decreases up to ∼3% due to the changing zenith
angles and decreases ∼5% due to the spectral mixing (Fig. 5(b)).
Absorption depth derived from continuum removed spectra of montmo-
rillonite show a similar ∼3% decrease caused by increasing zenith angle
(Table 2). The ∼3% decreased absorption depth of montmorillonite
shows a Pearson correlation coefficient of −0.873** (** = significant
at 0.01 level) with increasing zenith angle (Table 2). An increase of
absorption depth is observed in spectra measured under 65◦ to 85◦, and
this effect is also observed on spectral features of the other six minerals
whose wavelength position is longer than ∼2000 nm (Fig. 5(b)). The
effect of original spectra from increasing zenith angle is weaker than
the effect on continuum removed spectra. For example, for the original
spectra of montmorillonite, their absorption depth is decreased by
∼2% with increasing zenith angle. The Pearson correlation coefficient
between the decreased depth and increasing zenith angle is −0.467**
(Table 2).

3.2. Effect of classifiers

The three classification results produced by SAM, EDC, and ESDT
(Fig. 6) display differences to each other. SAM correctly classified
all unknown spectra whose spectral purity was higher than 85% but
misclassified 14 out of 63 unknown spectra whose spectral purity was
75%. EDC misclassified three unknown spectra whose spectral purity
was 100% and 75% and misclassified four unknown spectra whose
spectral purity was 95% and 85%. The ESDT correctly classified all
unknown spectra with changing zenith angle up to a spectral purity
of 50%. For spectra with a purity of 50%, vivianite, gypsum, and mala-
chite were still all correctly classified by ESDT. For the remaining four
minerals, ESDT only misclassified two pixels of borax (see annotation 𝛿
in Fig. 6c), and misclassified all calcite, kaolinite, and montmorillonite
(see annotation 𝜖 in Fig. 6c).

SAM, EDC, and ESDT performed different robustness with the
changing zenith angle, spectral mixture, and mineral type respectively
5

(Table 3). With changing zenith angle, SAM showed higher robustness
Table 2
Center wavelength position and absorption depth of the ∼2200 nm OH feature of
montmorillonite with increasing illumination zenith angle, calculated based on the
original spectra and the continuum removed spectra respectively.

Zenith
(degree)

Center wavelength
position on
original spectra
(nm)

Center wavelength
position on
continuum
removed spectra
(nm)

Absorption
depth
on original
spectra (%)

Absorption
depth on
continuum
removed
spectra (%)

5 2208 2207 12.04374 18.65488
15 2208 2203 12.94178 19.35185
25 2205 2203 13.50049 19.3465
35 2205 2205 13.15751 18.80423
45 2207 2205 12.83232 18.25091
55 2207 2206 12.50816 17.58631
65 2212 2205 11.84614 17.03819
75 2209 2209 11.60384 15.95902
85 2214 2214 12.55569 16.13978

Pearson
coefficient

0.202 0.354* −0.467** −0.873**

than EDC for classifying spectra with a spectral purity higher than 75%,
but EDC showed higher robustness than SAM for spectra with a purity
of 50% and 75%. The ESDT showed the highest robustness among the
three classifiers with changing zenith angle. With spectral mixing, EDC
showed higher robustness than SAM for classifying spectra measured
under all zenith angles except the 85◦ zenith. The ESDT showed the
highest robustness among the three classifiers with spectral mixing.
The differentiation of mineral type affects classification robustness as
well. Gypsum showed the highest classification robustness among the
three results with the changing zenith angle and spectral mixing. Borax
and malachite presented the lowest robustness in results from SAM
and EDC, while the calcite, kaolinite, and montmorillonite showed
the lowest classification robustness in the ESDT result. The ESDT was
the most robust of the three classifiers, presenting the highest total
classification robustness (90.48%), while the SAM presented the lowest
total robustness (81.9%).

4. Discussion

4.1. Effects on mineral spectra

An increasing zenith angle has two major effects on the pure mineral
spectra: (1) an increase in reflectance values and (2) increasing noise

levels (Fig. 4(a)). This results from less energy reaching the sensor



International Journal of Applied Earth Observation and Geoinformation 116 (2023) 103142T. Jiang et al.

i
f

Fig. 5. Variation of center position and absorption depth with increasing zenith angle and spectral mixing. (a) is based on the spectral feature within annotation 𝛽 of Fig. 4(b).
The error bars in (a) display deviation of five center positions of the ∼2.15 μm feature of borax with changing zenith angle and spectral mixing. The middle point of an error bar
s the arithmetic mean of the five center positions, while the upper and lower end of an error bar is the standard deviation among the five center positions added to or subtracted
rom the middle point. Analysis of (b) is based on the spectral feature within annotation 𝛼 of Fig. 4(a) and displays the variation of absorption depth of the ∼2.1 μm feature of

gypsum with changing zenith angle and spectral mixing. The effects of changing zenith angle are displayed by variation of absorption depth as a function of changing zenith angle
limited to one spectral purity level. Please see figures in supplementary (Jiang et al., 2022) for results of feature parameter analysis of other minerals.
Fig. 6. The three classification results produced by SAM (a), EDC (b), and ESDT (c) on the image that was transposed from the pure mineral spectra and linearly mixed spectra.
The image has thirty-five rows and nine columns. From left to right, every column records spectra measured under zenith angles from 5◦ to 85◦. The thirty-five rows were
separated into five clusters with seven rows each. From top to bottom, every cluster records spectra of minerals with one of the five fractions in a decreasing sequence. We
highlight important misclassifications using annotations. Annotation 𝛼 in (a) indicates where borax (spectral purity: 75%) starts to be misclassified as gypsum with increasing zenith
angle. Annotation 𝛽 in (a) indicates where calcite (spectral purity: 50%) starts to be correctly classified with increasing zenith angle. Annotation 𝛾 in (b) indicates where kaolinite
(spectral purity: 50%) starts to be correctly classified with increasing zenith angle. Annotation 𝛿 in (c) indicates where ESDT fails with a spectral purity of 50%. Annotation 𝜖 in
(c) indicates where the ESDT coincidentally misclassified borax (spectral purity: 50%) as vivianite. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
when specular reflection from the samples increases. Lower energy
levels cause, in general, noisier spectra. The three detectors of the
6

spectrometer have relatively lower sensitivity at the extreme ranges
of the wavelength range covered (Hueni and Bialek, 2017; Salazar
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Table 3
Classification robustness assessment on results derived from SAM, EDC, and ESDT. From left to right, the table shows classification robustness per zenith angle, per mineral type,
and per spectral purity.

Zenith (◦) Robustness (%) Mineral Robustness (%) Purity (%) Robustness (%)

5 82.9 Vivianite 80.0 100 100
15 82.9 Gypsum 91.1 95.0 100.0
25 82.9 Malachite 60.0 85.0 98.4
35 85.7 Borax 68.9 75.0 77.8
45 85.7 Calcite 93.3 50.0 33.3
55 82.9 Kaolinite 80.0
65 80.0 Montmorillonite 100.0
75 80.0
85 74.3 Overall robustness of spectral angle mapper: 81.9%

Zenith (◦) Robustness (%) Mineral Robustness (%) Purity (%) Robustness (%)

5 85.7 Vivianite 80.0 100.0 95.2
15 85.7 Gypsum 86.7 95.0 93.7
25 88.6 Malachite 80.0 85.0 93.7
35 88.6 Borax 71.1 75.0 93.7
45 88.6 Calcite 82.2 50.0 36.5
55 88.6 Kaolinite 88.9
65 88.6 Montmorillonite 88.9
75 82.9
85 45.4 Overall robustness of Euclidean distance classifier: 82.5%

Zenith (◦) Robustness (%) Mineral Robustness (%) Purity (%) Robustness (%)

5 91.4 Vivianite 100.0 100.0 100.0
15 91.4 Gypsum 100.0 95.0 100.0
25 91.4 Malachite 100.0 85.0 100.0
35 91.4 Borax 93.3 75.0 100.0
45 91.4 Calcite 80.0 50.0 52.4
55 88.6 Kaolinite 80.0
65 91.4 Montmorillonite 80.0
75 88.6
85 88.6 Overall robustness of decision tree: 90.5%
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and Coffman, 2019), which causes noise to increase from the detector
center wavelength to the detector edges. The increased reflectance
is a result of the increasing anisotropic reflection of the Spectralon®

hite reference panel (Labsphere, 2022) used for calibrating the spec-
rometer with increasing zenith angle (Höpe and Hauer, 2010; Bernad
t al., 2019). The calibration uses the Spectralon® as a 99% reflection
iffuser, but Höpe and Hauer (2010) and Bernad et al. (2019) have
ndicated that the Spectralon® progressively presents anisotropic re-
lection with increasing zenith angle. Höpe and Hauer (2010) shown
hat the Spectralon® presents an approximate diffuse reflection until a
enith angle of 22.5◦, then they measured a ∼2 times higher reflection
alue at the specular direction than the incident direction with a zenith
ngle of 45◦, and a ∼6 times higher reflection value at the specular
irection than the incident direction with a zenith angle of 67.5◦. As
oose powders, our samples present more diffuse reflectance than the
pectralon® with increasing zenith angle.

One of the main findings of this research is that the absorption
epth of spectral features can be affected by increasing zenith angle
Table 2). Earlier research suggested that absorption depth of spectral
eature normally only related to the material abundance. The Pearson
orrelation at the 0.01 level confirmed the statistical significance of the
ffect on the absorption depth with changing zenith angle. A possible
eason for the modified absorption depth with increasing zenith angle is
hat the light path within the samples is changed with increasing zenith
ngle. However, we have not proven this. Therefore, we encourage the
emote sensing community to keep analyzing the effect of changing
enith angle on absorption depth.

The continuum removal approach (Clark and Roush, 1984) extends
he modification of feature absorption depth with increasing zenith
ngle (Fig. 5(b) & Table 2). This is because the calculated absorption
epth on continuum removed spectra is a quotient of the absorption
epth of the original spectrum over the continuum curve. The contin-
um curve is produced by linking several points with the maximum
eflectance of the original spectrum which increases with increasing
enith angle. The reflectance value increases with the increasing zenith
ngle, so that the continuum increases. Given that the numerator (value
7

(

f the original absorption depth) is slightly decreased, the quotient (cal-
ulated absorption depth) further decreases following the increasing
enominator (continuum curve) with the increasing zenith angle.

Continuum removal causes a suddenly increased absorption depth
f features near the longer detector edge measured under 85◦ (e.g.
.15 μm feature of borax in Fig. 5(b)). This results from the noisy
onger detector edge under an 85◦ zenith angle (e.g. Fig. 4(a)), where
he continuum curve starts from a high noise peak instead of the real
pectral reflectance. A much higher continuum curve causes a much
ower reflectance value of the continuum removed spectrum and then
n increased absorption depth.

.2. Effects on classification robustness

When classifying pure mineral spectra, SAM and ESDT present
100% robustness while EDC presents a 95.24% robustness with

hanging zenith angle (Table 3). This is because the changing zenith
ngle mainly affects reflectance values and SAM is a color-based clas-
ifier (Kruse et al., 1993), while EDC works involving both color and
eflectance values (Richards, 2013). Regarding ESDT, we designed it to
e robust with changing zenith angle.

When classifying mixed spectra, the changing zenith angle affects
he robustness of SAM and EDC jointly with mineral type and the selec-
ion of endmembers (pure mineral spectra measured under a 5◦ zenith).
his is because the reflectance values of each spectrum approach the
rithmetic mean of all spectra with spectral mixing. Therefore, spectral
ixture increases reflectance value of spectra whose reflectance is

ower than the arithmetic mean and decreases reflectance value of
pectra whose reflectance is higher than the arithmetic mean. For those
pectra that originally have low reflectance, the increasing zenith angle
nd spectral mixing jointly raise their reflectance values, so that their
eflectance becomes too high to be correctly classified. For example,
AM correctly classified borax with high spectral purity (100% & 95%)
ith changing zenith angle. However, SAM misclassified the borax

spectral purity: 75%) as gypsum with zenith angles lower than 55◦

see annotation 𝛼 in Fig. 6a). Although normally SAM is robust with
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Fig. 7. The reflectance values progressively increase with increasing zenith angle, where the unknown spectrum is averagely close to another endmember from the endmember
it belongs to. (a) Shows the unknown spectra of borax (75% purity) measured under zenith angles of 25◦, 55◦, 75◦, and the endmembers of gypsum and borax. (b) Shows the
unknown spectra of calcite (50% purity) measured under zenith angles of 5◦, 55◦, and 75◦, and the endmembers of calcite and montmorillonite. Annotations 𝛼 and 𝛽 of (a) as

ell as 𝛾 and 𝛿 of (b) show variation of reflectance distance between the unknown spectrum and two endmembers with changing zenith angle.
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he increased reflectance values caused by spectral mixture, the keep
ncreasing reflectance leads the unknown spectrum of borax too close
o the endmember of gypsum instead of the borax with zenith angles
ower than 55◦ (see differences between annotations 𝛼& 𝛽 in 7(a)).

For mineral spectra with relatively high reflectance values, their
eflectance decreases with spectral mixing. Their decreased reflectance
ith spectral mixing can be offset with increasing zenith angle and

hen gain correct classification results. For example, SAM misclassified
alcite as montmorillonite (see annotations 𝛽 in Fig. 6a) up to a zenith
ngle of 35◦ and EDC misclassified kaolinite as montmorillonite up
o a zenith angle of 25◦ (see annotations 𝛾 in Fig. 6b). Taking the
ontmorillonite replacing calcite as an example (Fig. 7(b)), spectra of

alcite have a higher reflectance relative to other minerals (Fig. 2), and
herefore its reflectance decreases with spectral mixing. With a purity
f 50%, the unknown spectrum of calcite measured under a 5◦ zenith is
isclassified as montmorillonite because it is closer to the endmember

f montmorillonite than to the endmember of calcite (see annotation 𝛾
n Fig. 7(b)). With increasing zenith angle, the reflectance of unknown
pectra of calcite keeps increasing, and then SAM correctly classified
he unknown spectra of calcite with a zenith angle of 35◦ to 85◦ (see
nnotation 𝛿 in Fig. 7(b)).

ESDT displays a 100% robustness except for classifying spectra with
purity of 50% (Table 3). This is because we designed the ESDT to

e robust with changing zenith angles but heavy spectral mixtures. A
pectral purity level of 50% shifts the center position of the deepest
bsorption feature (Fig. 5(a)), reduces the absorption depth of the
eepest feature (Fig. 5(b)), and then results in an ESDT robustness of
2.38% robustness. Examples of misclassifications caused by shifted
enter position with spectral mixing are the misclassified calcite and
ontmorillonite (see annotation 𝛿 in Fig. 6c). In 50% mixed calcite and
ontmorillonite, the ∼1.9 μm feature replaces the ∼2.3 μm carbonate

eature and the ∼2.2 μm hydroxyl feature as the deepest absorption
eature because the ∼1.9 μm feature exists in all seven minerals, and
herefore it progressively takes dominance with spectral mixing. An ex-
mple of the misclassification caused by reduced absorption depth with
pectral mixing is that the kaolinite is misclassified as montmorillonite
see annotation 𝛿 in Fig. 6c). Kaolinite has a much deeper ∼2.2 μm fea-
ure than montmorillonite which is how we separate the two minerals.
he spectral mixture progressively reduces the depth of the ∼2.2 μm
eature because it only exists in kaolinite and montmorillonite and is
bsent in the other 5 minerals in the mixture. The two misclassified
nknown spectra of borax (see annotation 𝜖 in Fig. 6c) appear to be a
esult of changing zenith angle, but are still a result of spectral mixing.
e separate borax using the wavelength position of the ∼1920 nm OH

eature as the deepest absorption feature, but the feature position is
8

hifted coincidentally in spectral mixing.
Consistency of mineral features in the different mineral spectra is
nother factor that determines classification robustness with changing
enith angle and spectral mixing (Table 3). Certain spectral features
e.g. ∼1.9 μm OH feature) are more consistent than other features, and
herefore minerals with the more consistent feature (e.g. gypsum with
he OH feature) are classified more robustly than other minerals with
hanging zenith angle and spectral mixing. In addition, minerals with
igh spectral reflectance (e.g. calcite) also present a higher robustness
ith the changing zenith angle. This results from the increasing re-

lectance being the major effect of increasing zenith angle, and as a
ineral with the highest reflectance, reflectance value of calcite cannot

pproach any other endmembers with increasing zenith angle.
To undertake hyperspectral measurement outdoors, an understand-

ng of the systematic effect of changing zenith angle for spectral mea-
urement and classification is important (Ma et al., 2020; Jensen et al.,
018). In this research, we indicate that the two major effects of
ncreasing zenith angle are: (1) an increase of reflectance values and
2) an increase of noise levels, while center position of a spectral fea-
ure is quite consistent (Figs. 5–6). Consequently, the SAM and ESDT,
hich mainly depend on the feature position, display the most robust

lassification results when only dealing with the changing zenith angle
Fig. 6 & Table 3). In addition, the changing zenith angle only shows
ild effects on robustness of mineral classification, while the spectral
ixture, selection of classifier, and the differentiation of minerals affect

lassification robustness more (Fig. 6 & Table 3). We produce results in
his research based on a lab-acquired hyperspectral data-set on mineral
owders, the effects of changing illumination zenith angle on rocks
ay be different. We therefore remind readers to pay attention to the
ossible difference due to different objects (rocks vs mineral powders)
nd encourage more studies on the effects of changing illumination on
ock surface.

. Conclusion

The solar position continuously changes while taking outdoor hy-
erspectral measurement. We tested the effect of changing zenith angle
n powders of a few selected minerals in a laboratory setup, with
omplete control of illumination zenith angle.

A changing zenith angle mainly affects the reflectance values and
ot the center position of spectral absorption features. We found that
he absorption depth of spectral features is also affected by changing
enith angle, and continuum removal amplified the effect of absorption
epth with changing zenith angle. When classifying mixed spectra
nder different zenith angles, the selection of classifier and spectral
ifferences between minerals all affect the classification robustness.

We conclude that the changing zenith angle presents an insignifi-
ant effect for mineral classification using hyperspectral data. Spectral
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i
l

mixtures, the selection of classifiers, continuum removal, and the dif-
ferentiation of mineral types play more important roles in classification
robustness.
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