
 

RESEARCH ARTICLE
PLANETARY SCIENCES

Earth and Planetary Physics
8: 854–867, 2024

doi: 10.26464/epp2024011

Quantifying the chemical composition of weathering products of
Hainan basalts with reflectance spectroscopy and its implications
for Mars

Xing Wu1†, JiaCheng Liu2†, WeiChao Sun3, Yang Liu1,4,5*, Joseph Michalski2, Wei Tan6, XiaoRong Qin6,
and YongLiao Zou1

1State Key Laboratory of Space Weather, National Space Science Center, Chinese Academy of Sciences, Beijing 100190, China;

2Department of Earth Sciences and Laboratory for Space Research, The University of Hong Kong, Hong Kong, China;

3Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China;

4Center for Excellence in Comparative Planetology, Chinese Academy of Sciences, Hefei 230026, China;

5University of Chinese Academy of Science, Beijing 100049, China;

6Key Laboratory of Mineralogy and Metallogeny, Guangdong Provincial Key Laboratory of Mineral Physics and Materials, Guangzhou Institute of

Geochemistry, Chinese Academy of Sciences, Guangzhou 510640, China

Key Points:
●  We established a spectral quantitative model to derive the chemical concentrations of Hainan weathered basalts.
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●  The spectral subsets selected by our model offer guidelines for the design of spectral channels for future spectrometers.
●  The proposed model has the potential to estimate chemical concentrations in basaltic weathering profiles on Mars.
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Abstract:  With the development of the hyperspectral remote sensing technique, extensive chemical weathering profiles have been
identified on Mars. These weathering sequences, formed through precipitation-driven leaching processes, can reflect the
paleoenvironments and paleoclimates during pedogenic processes. The specific composition and stratigraphic profiles mirror the
mineralogical and chemical trends observed in weathered basalts on Hainan Island in south China. In this study, we investigated the
laboratory reflectance spectra of a 53-m-long drilling core of a thick basaltic weathering profile collected from Hainan Island. We
established a quantitative spectral model by combining the genetic algorithm and partial least squares regression (GA-PLSR) to predict
the chemical properties (SiO2, Al2O3, Fe2O3) and index of laterization (IOL). The entire sample set was divided into a calibration set of 25
samples and a validation set of 12 samples. Specifically, the GA was used to select the spectral subsets for each composition, which were
then input into the PLSR model to derive the chemical concentration. The coefficient of determination (R2) values on the validation set for
SiO2, Al2O3, Fe2O3, and the IOL were greater than 0.9. In addition, the effects of various spectral preprocessing techniques on the model
accuracy were evaluated. We found that the spectral derivative treatment boosted the prediction accuracy of the GA-PLSR model. The
improvement achieved with the second derivative was more pronounced than when using the first derivative. The quantitative model
developed in this work has the potential to estimate the contents of similar weathering basalt products, and thus infer the degree of
alteration and provide insights into paleoclimatic conditions. Moreover, the informative bands selected by the GA can serve as a
guideline for designing spectral channels for the next generation of spectrometers.
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1.  Introduction
Although modern Mars is cold and hyperarid, abundant morpho-

logical  records,  such  as  fluvial  and  lacustrine  features,  indicate

liquid water flowed on the surface of early Mars (Fassett and Head,

2008; Hynek  et  al.,  2010; Goudge  et  al.,  2015; Michalski  et  al.,

2022).  The  diverse  and  widespread  clay  minerals  detected  in

ancient  terrains  further  support  the  aqueous  weathering  that

existed  on  Mars  (e.g., Poulet  et  al.,  2005; Mustard  et  al.,  2008;

Ehlmann  et  al.,  2009; Du  PX  et  al.,  2023).  These  minerals  are

regarded as tracers of aqueous episodes as well as major constitu-
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tions  of  exobiological  targets  (Ehlmann et  al.,  2008).  The Martian
weathering profiles  identified from orbit  show the Al-clays strati-
graphically  above  Fe/Mg-clays,  which  favors  a  precipitation-
driven  top-down  leaching  (pedogenic  weathering)  process
(Gaudin et al., 2011; Carter et al., 2015; Ye BL and Michalski, 2022).
Specifically, as weathering proceeds, mobile and soluble elements
are leached, whereas immobile elements are enriched, resulting in
different weathering products (Liu JC et al., 2021a). Therefore, the
nature  of  the  weathering  profile  is  associated  with  the  environ-
mental and climatic conditions that prevailed during pedogenesis
(Sheldon and Tabor, 2009; Liu JC et al., 2021b).

Several  studies  have  been  conducted  to  survey  the  distribution
and  chronology  of  weathering  profiles  on  Mars.  The  specific  Al-
clay over Fe/Mg-clay profile mirrors the mineralogical and chemical
trends  observed  in  weathered  basalts  in  Hainan  Island  in  south
China (He Y et al., 2008; Liu ZF et al., 2017), which has direct impli-
cations  for  weathering  sequences  on  Mars  (Ehlmann  et  al.,  2012;
Carter  et  al.,  2015; Liu  JC  et  al.,  2021b),  the  crustal  protolith  of
which is dominated by basalt (McSween et al., 2009). Investigations
of  terrestrial  analogs  are  crucial  for  advancing  our  knowledge  of
weathering on Mars (Gaudin et al., 2011; Broz et al., 2022). Various
mineralogic  and  geochemical  proxies  determined  via  laboratory
analyses have been utilized as indicators of the weathering inten-
sity. For instance, the chemical index of alteration (CIA) and index
of  laterization  (IOL)  are  widely  used  to  interpret  the  degree  of
alteration  (Wang  P  et  al.,  2020).  Although  accurate,  geochemical
analysis  is  unsuitable  for  large-scale  investigation  owing  to  the
costly  and  time-consuming  nature  of  sample  preparation  and
analysis  (Rossel  and  Behrens,  2010).  Moreover,  wet  chemical
methods  are  not  environmentally  friendly  because  they  produce
hazardous wastes (Rossel and Behrens, 2010).

Visible  and  near-infrared  (VNIR)  reflectance  spectroscopy  has
attracted  increasing  attention  over  the  past  decades  because  of
its advantages of portability, rapidity, and nondestruction (Rossel
and Behrens, 2010; Wang JJ et al.,  2014; Zhao LL et al.,  2018; Sun
WC  et  al.,  2022a).  The  absorption  features  of  soil  spectra  in  the
VNIR  region  are  dominated  by  spectrally  active  components,
including  organic  matter,  iron  oxides,  clay  minerals,  and  water,
owing to the electronic transitions, bending, and stretching vibra-
tions  of  chemical  bonds  (Wu  YZ  et  al.,  2007).  Therefore,  various
soil compositions can be inferred from a single spectral measure-
ment. Visible and near-infrared reflectance spectroscopy has been
regarded as an alternative to rapidly predict soil properties. Zhao
LL  et  al.  (2018) assessed  the  relationship  between  VNIR  spectra
and  geochemical  proxies  from  red  earth  sediments  in  south
China. They found that the degree of weathering was closely asso-
ciated  with  the  band  depth  ratio  of  spectral  absorption  values
around  2200  nm  and  1900  nm  (BD2200/BD1900). Liu  JC  et  al.
(2021a) argued  that  the  band  depth  ratio  BD1400/BD1900  is  a
more suitable way to evaluate the relative leaching and hydrolysis
intensity  of  weathered  basalts.  Nonetheless,  the  application  of
spectral  parameters  can  be  greatly  affected  by  the  mineral
compositions and protolith types (Liu JC et al., 2021a).

Numerous  qualitative  methods  have  been  proposed  to  predict
soil  properties  by  VNIR  reflectance.  The  partial  least  squares
regression (PLSR) is an extensively used multivariate technique for

the  prediction  of  soil  properties  (Wu  YZ  et  al.,  2007; Rossel  and
Behrens, 2010; Zhao LL et al., 2018). Proper spectral pretreatments
with a PLSR have been reported to produce predictions compara-
ble  with  those  using  more  complex  algorithms  (Wang  JJ  et  al.,
2014; Hong YS et al., 2019). The widely used spectral preprocessing
techniques  include  spectral  derivatives  and  spectral  transforma-
tions  (Hong  YS  et  al.,  2019).  For  example,  the  first  and  second
derivatives  eliminate  baseline  effects  and  isolate  overlapping
peaks (Nawar et  al.,  2016).  To reduce the nonlinearities  and scat-
tering  effects,  some  researchers  have  transformed  the  VNIR
reflectance into absorbance (Wang JJ et al., 2014). This dimensional
reduction  is  essential  in  model  calibration,  especially  when  the
number of bands far exceeds the number of samples. The genetic
algorithm  (GA)  is  an  optimization  strategy  that  facilitates  a
random and global search within a high-dimensional space, and it
is extensively used for band selection in spectroscopic multivariate
calibration (Durand et al., 2007). The combination of GA and PLSR
significantly promotes the performance of the PLSR and has been
successfully used to estimate soil properties (Vohland et al., 2011;
Wang JJ et al., 2014; Sun WC et al., 2022a).

In  this  study,  we  investigated  the  reflectance  spectra  of  a  53-m-
long  drilling  core  of  a  thick  basaltic  weathering  sequence  on
Hainan Island. The spectral study of basaltic weathering products
provides an alternative perspective on the paleoclimate and pale-
oenvironment (Liu JC et al.,  2021a).  We used the GA and PLSR to
predict  weathering-related  chemical  concentrations.  The  objec-
tives  of  this  work  were  threefold:  (1)  to  establish  a  quantitative
model  between  the  chemical  compositions  and  VNIR  spectra  of
weathered  basalt;  (2)  to  evaluate  the  effects  of  various  spectral
preprocessing  methods  on  their  prediction  accuracy;  and  (3)  to
select  informative  spectral  bands  critical  to  the  chemical  proper-
ties. The established model has the potential to estimate chemical
concentrations  of  similar  weathering  products.  Moreover,  the
informative spectral bands could offer guidelines for the design of
spectral channels for future spectrometers. 

2.  Dataset and Methodology 

2.1  Dataset 

2.1.1  The basaltic sequence on Hainan Island
The Chengmai basaltic weathering profile is situated to the north
of Chengmai County in Hainan Province,  south China (Figures 1a
and 1b). The basalts have been deeply weathered over millions of
years  under  a  tropical  climate  (He  Y  et  al.,  2008).  A  53-m-long
drilling  core  was  studied  in  this  work.  From  bottom  to  top,  the
examined  basaltic  weathering  profile  at  Chengmai  consists  of  a
humic  zone  (Zone  A:  5.25−0.00 m),  a  totally  weathered  zone
(Zone  B:  39.00−5.25 m),  and  a  semi-weathered  zone  (Zone  C:
53.00−39.00  m)  (Liu  JC  et  al.,  2021a).  The  core  samples  were
collected at intervals of 0.5 m in the topmost profile, and lithologic
contacts  were  0.5  m.  For  homogeneous  sections,  samples  were
taken at intervals of 1.0 to 2.0 m. A total of 42 core samples were
collected. The representative core samples are shown in Figure 1c.
The  dark  tone  in  Zone  A  indicates  the  elevated  total  organic
carbon  concentrations.  The  core  samples  between  20.0  and
31.5 m contain veins and have textures resembling almonds that
are filled with white materials. The Zone B samples are reddish in
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hue. In Zone C, the weathered rocks are consolidated and exhibit
a  yellow  coloration,  marking  a  sudden  shift  in  both  color  and
texture when transitioning from Zone B to Zone C. 

2.1.2  Bulk sample chemical compositions
The  collected  samples  were  sieved  to  remove  large  debris  and
then  ground  into  fine  particles  (<74  μm).  The  powder  of  each
sample was baked at 105 °C to remove absorbed water and then
cooled  in  a  closed  glass  dish  before  measurements  (Liu  JC  et  al.,
2021a). The major oxides (e.g., SiO2, Al2O3, and Fe2O3) were identi-
fied by wavelength-dispersive X-ray fluorescence spectroscopy of
fused  glass  beads.  They  were  measured  with  an  ARL  Perform’X
4200 X-ray fluorescence spectrometer on glass disks,  which were
created  by  melting  an  8  g  mixture  of  Li2B4O7 (66%)  and  LiBO2

(34%),  together  with  400  mg  of  sample  powder,  at  1050  °C.  We
also measured the certified reference materials SARM-4, SAEM-45,
and GBW07105 as standards.  The major  element detection limits
were better  than 30 ppm, and the analytical  accuracy was better
than 1%. The mineralogical analysis was conducted with a Rigaku
D/max-1200  diffractometer  with  Co  Kα1  radiation  (15  mA  and
40 kV). Silica was used to calibrate the reflection peak positions of
the XRD patterns (Liu JC et al., 2021a).

Although  the  CIA  is  a  more  widely  used  indicator  than  the  IOL,
most  samples  have  CIA  values  exceeding  90%  (Liu  JC  et  al.,
2021a), making it challenging to differentiate the degree of alter-

[IOL = (Al2O3 + Fe2O3)/(SiO2+

Al2O3 + Fe2O3)]ation.  Therefore,  we  used  the  IOL 

 to measure the weathering intensity in this  work.

In Zone A,  the samples exhibited the highest IOL values,  ranging

from 50 to 60, indicating a highly weathered zone. These samples

consisted  of  quartz,  kaolinite,  gibbsite,  hematite,  goethite,  and

anatase. Correspondingly, this zone had higher concentrations of

Al2O3 (25–28 wt%) and Fe2O3 (18–22 wt%) compared with Zone B

but a lower content of SiO2 (34–41 wt%). Additionally, the concen-

tration of Al2O3 increased upward, whereas the concentrations of

Fe2O3 declined  with  increasing  total  organic  carbon.  In  Zone  B,

the  samples  exhibited  increasing  IOL  values,  ranging  from  30  to

65,  corresponding  to  a  highly  weathered  zone.  Notably,  samples

collected  between  22.25  and  24.25  m  exhibited  high  SiO2

contents  (56–60  wt%)  and  low  IOL  values  (32–40).  The  sample

collected  from  the  weathered  mafic  dike  at  32.75  m  was

extremely rich in Fe (31.80 wt%) and poor in SiO2 (29.55 wt%). In

Zone C, the IOL values gradually increased from 33 to 40, and this

region  corresponded  to  a  moderately  weathered  zone.  The

slightly  weathered  samples  were  composed  of  plagioclase,

nontronite, kaolinite, and almost no quartz or Fe (oxyhydr)oxides.

They had inhomogeneous chemical  compositions and contained

9–20  wt%  Al2O3,  41–68  wt%  SiO2,  and  7–16  wt%  Fe2O3.  Specifi-

cally,  Al2O3 and  Fe2O3 gradually  increased  from  the  bottom  up,

whereas SiO2 displayed the opposite trend.
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Figure 1.   (a) The map of China displays the location of the basalt weathering profile in Hainan Island, south China. (b) The map enlargement

shows the location of the study area (19°46′34″N, 110°00′23″E) in Chengmai County. (c) Divisions and representative photographs of the

53-m-long drilling core, modified from Liu JC et al. (2021a).
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2.1.3  VNIR spectra of basalt weathering profiles
The  VNIR  spectra  were  measured  using  an  Analytical  Spectral
Devices (ASD) FieldSpec-3 spectroradiometer. The ASD spectrom-
eter covers a spectral range of 350–2500 nm and offers a spectral
resolution of 3 nm at 350–1000 nm and 10 nm at 1000–2500 nm.
The spectral sampling intervals were 1.4 nm at 350–1000 nm and
2.0  nm  at  1000–2500  nm.  The  samples  were  illuminated  by  a
quartz  halogen  lamp  in  a  dark  room  under  ambient  conditions.
The  incidence  and  emergence  angles  were  set  as  30°  and  0°,
respectively.  A  standard  white  panel  (Spectralon)  was  also
measured to calibrate the spectral measurements. To improve the
signal-to-noise ratio, 50 scans were acquired for each sample (Liu
JC et al., 2021a). Ten bands around the 1000 nm artifact (from 996
to  1005  nm)  were  discarded  because  of  the  splice  of  two  wave-
length  ranges.  The  VNIR  absorptions  in  the  basaltic  weathering
profile  at  Chengmai  originate  from  overtones  and  combination
tones  of  the  fundamental  stretching  and  bending  vibrations  of
hydroxyl in the structure of clay minerals, as well as electron tran-
sitions of Fe in Fe oxides (e.g., hematite and goethite) and Fe clay
minerals  (e.g.,  nontronite; Liu  JC  et  al.,  2021a).  To  be  specific,  all
samples exhibited absorptions at 1.4, 1.9, and 2.2 μm contributed
by the OH− and H2O of kaolinite and nontronite. Additionally, the
Fe3+-related  absorption  feature  around  0.9  μm  appeared  in  all
samples. 

2.2  Methodology 

2.2.1  Division of the calibration and validation sets
To  provide  unbiased  mineralogical,  chemical,  and  spectral  data,

we  excluded  five  samples  from  granitic  material  (49–53  m).  We

adopted  the  systematic  sampling  strategy  (Sun  WC  et  al.,  2018),

which is more suitable than the random sampling manner for the

case  of  a  small  calibration  set.  Specifically,  for  each  chemical

composition,  samples  were  sorted  in  ascending  order  and  then

divided into calibration and validation sets in a ratio of 2:1. Starting

from the  second sample,  validation samples  were  selected every
two  samples  thereafter,  with  the  remaining  samples  designated
as calibration samples.  The 37 samples were divided into 25 cali-
bration  and  12  validation  samples,  as  shown  in Figure  2.  Gener-
ally, the calibration and validation sets for each chemical property

exhibited  a  similar  distribution  in  terms  of  mean,  median,  and
standard deviation (Table 1). Samples with extreme values located
at boundaries (e.g., Fe-rich basalt dike, low IOL and high SiO2) are
also denoted in the histograms. 

2.2.2  Spectral pretreatments

−log10R R

The  VNIR  spectra  were  initially  smoothed  by  the  Savitzky–Golay
filter with a window size of 11 bands and a polynomial order of 2.
Subsequently,  we used five  popular  spectral  preprocessing tech-

niques  to  evaluate  the  effects  of  different  pretreatments  on  the
prediction model.  Specifically,  we conducted continuum removal
(Clark  and  Roush,  1984);  reflectance  transformed  into  apparent
absorbance  (Clark  and  Roush,  1984);  discarding  of  the  water
absorption bands around 1400 nm (1300−1500 nm) and 1900 nm
(1800−2000 nm); and application of the first and second derivative
operations.  Among  these  techniques,  continuum  removal  is
widely  used  to  enhance  the  absorption  features  by  eliminating

the  baseline  representing  the  general  trend  of  the  spectrum,
which  can  vary  because  of  factors  such  as  environmental  condi-
tions (Clark and Roush, 1984). As a proxy for absorption intensity,
apparent absorbance was formulated as , where  indicates
reflectance  (Clark  and  Roush,  1984).  This  operation  could  reduce
the nonlinearities and scattering effects (Gomez et al.,  2008).  The
soil  moisture  and  atmospheric  water  vapor  significantly  degrade
the  ~1400  and  ~1900  nm  absorption  values  in  field  and  orbital
acquired spectra. To explore the potential of the prediction model

on  possible  field  and  orbital  acquired  hyperspectral  data,  we
removed  the  water  absorption  bands  around  1400  nm
(1300−1500 nm) and 1900 nm (1800−2000 nm). The first derivative
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accentuates the rate of change in reflectance, which aids in identi-

fying inflection points and slope changes.  The second derivative,

focusing on the curvature of the spectrum, is particularly effective

in  resolving  overlapping  absorption  features  and  reducing  back-

ground  (Nawar  et  al.,  2016).  To  simplify,  we  designated  the

reflectance  spectra  as  Dataset  1,  the  continuum  removal  spectra

as  Dataset  2,  the  apparent  absorbance  data  as  Dataset  3,

reflectance with the water absorption bands removed as Dataset

4, the first derivative spectra as Dataset 5, and the second derivative

spectra  as  Dataset  6.  The  VNIR  reflectance  spectra  of  all  samples

and the associated preprocessing dataset are shown in Figure 3.
 

2.2.3  Model construction
In  practice,  highly  redundant  spectral  bands  often  degrade  the

performance of multivariate calibration (Vohland et al., 2011). We

adopted  two  steps  to  select  informative  bands  to  reduce  model

 

Table 1.   Chemical concentrations for the Hainan weathered basalt samples.

Chemical composition Min Max Mean Median Standard deviation

SiO2 (wt%)

All samples (n = 37) 29.55 60.06 41.24 39.43 6.75

Calibration set (n = 25) 29.55 60.06 41.43 39.43 7.19

Validation set (n = 12) 34.47 56.20 40.85 39.11 5.99

Al2O3 (wt%)

All samples (n = 37) 16.21 27.69 23.36 24.35 3.30

Calibration set (n = 25) 16.21 27.69 23.41 24.35 3.35

Validation set (n = 12) 17.38 27.42 23.26 24.47 3.36

Fe2O3 (wt%)

All samples (n = 37) 12.13 31.79 18.68 19.30 3.41

Calibration Set (n = 25) 12.13 31.79 18.83 19.30 3.80

Validation set (n = 12) 12.95 21.47 18.35 19.27 2.55

IOL

All samples (n = 37) 32.69 63.27 50.57 53.33 7.19

Calibration set (n = 25) 32.69 63.27 50.77 53.33 7.34

Validation set (n = 12) 34.17 57.83 50.14 53.22 7.16
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Figure 3.   The VNIR reflectance spectra of all samples and the associated preprocessing dataset. (a) Reflectance. (b) Spectra with continuum

removed. (c) Apparent absorbance. (d) Reflectance with ~1400 and ~1900 nm absorption bands removed. (e) First derivative. (f) Second

derivative.
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complexity and improve the predictive ability.  A Pearson correla-
tion analysis between the spectral band and chemical concentra-
tion was first conducted to remove irrelevant spectral regions. The
GA was then used to search for the optimized spectral subsets by
mimicking the  process  of  natural  evolution (Durand et  al.,  2007).
The GA consists of five steps, namely, the coding of variables, initi-
ation  of  the  population,  evaluation  of  responses,  reproduction,
and mutation (Leardi and Lupiáñez González,  1998).  In this work,
we  used  the  GA  toolbox  released  by  the  University  of  Sheffield
(Sheffield, UK; https://uos-codem.github.io/GA-Toolbox/).

The  GA  population  comprises  20  randomly  generated  chromo-
somes, each serving as a binary-coded gene determining variable
selection.  The  reproductive  process  generates  a  new  population
of chromosomes, forming the subsequent generation. The gener-
ation gap, representing the fractional difference between the new
and old population sizes, is set at 90%. A gene mutation is used to
create potential chromosomes, with a mutation rate fixed at 10%
for the population (Sun WC et al.,  2018, 2022a, b).  Every chromo-
some  was  evaluated  with  a  fitness  function,  which  was  the  root
mean  square  error  (RMSE)  of  cross-validation  in  this  work.  Those
individuals  demonstrating  a  good  fit  within  the  function  were
incorporated into the population to replace less optimal counter-
parts.  Consequently,  the  optimized  spectral  subsets  were  input
into the PLSR for estimation of the chemical composition.

The PLSR addresses challenges related to high dimensionality and
multicollinearity  by  utilizing  statistical  rotations.  Unlike  the
approach of  decomposing spectra into a set  of  eigenvectors and

scores  and  conducting  a  regression  with  chemical  attributes  in
distinct  steps,  the  PLSR  algorithm  chooses  to  select  successive
orthogonal factors that maximize the covariance between predic-
tor  and response variables.  The input  parameters  to  perform the
PLSR  are  the  predictor  variable  (spectral  data),  response  variable
(chemical composition), and number of latent variables (LVs). The
optimal  number  of  LVs  in  the  PLSR  model  is  determined  by  the
leave-one-out  cross-validation  method  (Sun  WC  et  al.,  2018).
Considering  the  dependence  of  the  result  of  the  GA  on  the
randomly  generated first  generation,  we ran the  model  20  times
independently. For each chemical property, the median prediction
among the 20 individual runs analyzed for each dataset was illus-
trated with scatterplots. In addition, the statistics of model perfor-
mance  (e.g., R2 and  RMSE)  across  20  runs  were  reported  for
comparison. The flowchart of the chemical concentration estima-
tion with VNIR reflectance spectroscopy is illustrated in Figure 4. 

2.2.4  Evaluation metrics
The  goodness  of  fit  (R2),  RMSE,  and  residual  prediction  deviation

(RPD) are widely used metrics to evaluate the accuracy of a model

(Nawar  et  al.,  2016).  The  greater  the R2 and  RPD,  the  smaller  the

RMSE  in  the  validation  set,  indicating  the  model  has  higher

prediction accuracy. The calculation formulas for the three metrics

are as follows:

R2 = 1 −
∑N

i=1
(yim − yip)2

∑N

i=1
(yim − ym)2 , (1)
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Figure 4.   The flowchart of chemical concentration estimations with VNIR spectra.
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RMSE =

√√√√√√⎷∑N

i=1
(y im − y ip)2
N

, (2)

RPD = std
RMSE

, (3)

yim yip
ym

where  is the measured elemental content of the i-th sample; 

is  the  predicted  elemental  content  of  the i-th  sample;  is  the

average of the measured value; and N is the number of samples. 

3.  Results 

3.1  Correlation Analysis
The  Pearson  correlation  coefficient  (r)  between  various  chemical
compositions  was  first  analyzed.  Overall,  SiO2 was  negatively
correlated with the other properties, with the largest r of −0.98 for
the IOL.  A  weak correlation was  found between Al2O3 and Fe2O3

(r = 0.42). The IOL was better correlated with Fe2O3 (r = 0.86) than
with  Al2O3 (r =  0.80).  The  correlation  coefficients  between  major
chemical properties and the preprocessed VNIR data are shown in
Figure 5. The orange dots highlight bands significantly correlating
with  chemical  properties  at  the  calculated  probability  level  less
than 0.01 (p < 0.01) level, which were retained as inputs for the GA-
PLSR model. For the reflectance data (Figure 5a), the concentration
of SiO2 had a high positive correlation with the reflectance in the
shortwave  infrared  range.  In  contrast,  the  reflectance  was  nega-
tively  correlated  with  the  Fe,  Al,  and  IOL  concentrations.  The
highly  negative  correlation  between  Fe  and  reflectance  in  the
near-infrared  range  can  be  explained  by  the  broad  and  strong
absorption  of  Fe3+ between  750  and  1100  nm.  For  the  spectra
with the continuum removed (Figure 5b), the shape of the correla-
tion coefficient curves for Al2O3, Fe2O3, and the IOL were similar in
the  shortwave  infrared  range.  Both  chemical  properties  were

−log10R

significantly  correlated  with  absorption  features  around  1400,

1900,  2200,  and  2300–2400  nm.  In  addition,  Al2O3 and  the  IOL

were positively correlated, whereas SiO2 was negatively correlated

with a broad absorption between 780 and 1000 nm. The correlation

coefficients  for  the  apparent  absorbance  data  were  expected  to

be  reversed  in  relation  to  those  of  the  reflectance  data  because

the absorbance equals  (Figure 5c). The spectral derivatives

increase  correlations  at  some  specific  wavelengths.  The  first

derivative  highlighted  continuous  spectral  regions  (Figure  5d),

whereas the second derivative accentuated isolated bands (Figure

5e). 

3.2  Estimation of Chemical Concentrations 

3.2.1  Estimation of SiO2 concentrations
The model-predicted SiO2 concentration was  plotted against  the

measured  concentration,  as  shown  in Figure  6.  The  1:1  line  is

shown  in  gray  for  reference.  Evaluation  metrics  (R2,  RMSE,  RPD)

illustrating  the  prediction  accuracy  of  the  validation  set  are

presented in the upper left. A marginal increase in R2 values from

0.82  to  0.86  was  observed  with  continuum  removal  in  the

reflectance dataset (Figures 6a and 6b), further reaching 0.89 with

the  transformation  of  the  reflectance  dataset  into  apparent

absorbance (Figure 6c). A minimal impact on the prediction accu-

racy  was  observed  with  the  removal  of  the  water  absorption

bands  (Figure  6d).  The R2 value  increased  to  0.91  with  the  first

derivative  dataset  (Figure  6e)  and  reached  0.99  with  the  second

derivative dataset (Figure 6f).  The RMSE values declined with the

use  of  the  derivative  dataset.  The  brown  arrow  denotes  the  Fe-

rich basalt  dike sample with extremely low SiO2,  which is  slightly

above  the  1:1  line  (Figure  6f).  The  experimental  results  suggest

that  the  pretreatments,  such  as  continuum  removal,  transforma-
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Figure 5.   Pearson correlation coefficients (r) between chemical properties and (a) reflectance spectra, (b) spectra with the continuum removed,

(c) apparent absorbance spectra, (d) first derivative spectra, and (e) second derivative spectra. The orange dots highlight bands significantly

correlated with each composition at the p < 0.01 level.

860 Earth and Planetary Physics       doi: 10.26464/epp2024011

 

 
Wu X and Liu Y et al.: Reflectance spectroscopy can quantify chemical composition on Mars

 



tion into apparent absorbance, and removal of the water absorp-
tion  bands,  had  minimal  effects  on  the  prediction  of  the  SiO2

content. 

3.2.2  Estimation of Al2O3 concentrations
Scatterplots  of  the  measured  Al2O3 concentrations  against  the
predicted concentrations are shown in Figure 7. A sharp decline in
the R2 value from 0.84 to 0.68, accompanied by a reduction in the
RPD  value  from  2.63  to  1.85  was  observed  with  continuum
removal  in  the  reflectance  dataset  (Figures  7a and 7b).  Minimal
changes  in  prediction  accuracy  were  noted  for  the  apparent
absorbance (Figure 7c)  and water  band removal  datasets  (Figure
7d).  Notably,  the R2 underwent  an  increase  from  0.84  to  0.97,
coupled with a decrease in the RMSE from 1.30 to 0.57 for the first
derivative  dataset  (Figure  7e).  A  marginal  decrease  in  model
performance  occurred  for  the  second  derivative  dataset  (Figure
7f)  when  compared  with  the  first  derivative  dataset.  Specifically,
both  the R2 and  RPD  decreased  from  0.97  and  6.03  to  0.95  and
4.47,  respectively,  accompanied by an increase in the RMSE from
0.57 to 0.76. 

3.2.3  Estimation of Fe2O3 concentrations
Scatterplots  of  the  measured  concentrations  against  the
predicted Fe2O3 concentrations are shown in Figure 8. A marginal
decline in prediction accuracy was observed upon removal of the
continuum from the reflectance data  (Figures  8a and 8b).  The R2

value increased from 0.61 to 0.81, coupled with an increase in the
RPD  value  from  1.67  to  2.38,  following  the  transformation  of
reflectance  into  apparent  absorbance  (Figure  8c).  The R2 value
decreased from 0.61 to 0.54 when the water bands were removed
(Figure 8d). Notably, the introduction of the first derivative (Figure

8e) and second derivative datasets (Figure 8f) resulted in substan-
tial gains in the R2 value, amounting to 0.37 and 0.38, respectively,
when  contrasted  with  the  reflectance  dataset.  The  brown  arrow

denotes  the  Fe-rich  basalt  dike  sample,  which  deviates  from  the
1:1 line.  Similarly,  the spectral  derivatives  boosted the prediction
accuracy for Fe2O3. 

3.2.4  Estimation of IOL concentrations
Scatterplots  of  the measured against  predicted IOL are  shown in

Figure  9.  A  noticeable  decline  of R2 in  prediction  accuracy  was
observed,  dropping  from  0.87  to  0.78  when  the  continuum  was
removed  from  the  reflectance  (Figures  9a and  9b).  Prediction
accuracy  marginally  decreased  when  reflectance  was  converted

to  apparent  absorbance  (Figure  9c).  Before  and  after  removing
the  water  absorption  bands,  the R2,  RPD,  and  RMSE  values
remained  comparable  (Figure  9d).  Consistent  with  earlier  experi-

ments,  the  spectral  derivative  pretreatments  significantly
enhanced  the  performance  of  the  model.  For  instance,  the R2

value grew from 0.87 (Figure 9a)  to 0.96 (Figure 9e)  and reached

an impressive 0.99 with the second derivative dataset (Figure 9f),
signifying  its  superiority  among  the  pretreatments.  The  brown
arrow denotes the Fe-rich basalt dike sample with the highest IOL

value, which is below the 1:1 line. 

4.  Discussion 

4.1  Effects of Spectral Pretreatments on Modeling
The initial assessment of how the spectral pretreatments affected

the performance of the model is given in Section 3.2. Considering
the dependence of the GA result on the randomly generated first
generation, we ran the model 20 times independently to achieve
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Figure 6.   Scatterplots of the measured SiO2 concentrations against the predicted concentrations using the (a) reflectance, (b) spectra with the

continuum removed, (c) apparent absorbance, (d) reflectance with the water absorption bands removed, (e) first derivative, and (f) second

derivative datasets, respectively. The 1:1 line is shown in gray for reference.
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a  robust  evaluation.  The  best  prediction  results  for  each  spectral

dataset  are  tabulated  in Table  2.  Typically,  a  superior  model

exhibits  a  higher R2 value  and  a  lower  RMSE  value  (Rossel  and

Behrens,  2010; Nawar  et  al.,  2016).  For  visual  comparison,  the

boxplots  of R2 and  RMSE  for  different  datasets  are  illustrated  in

Figure 10.  The labels  D1 to  D6 on the x-axis  denote Dataset  1  to

Dataset 6, respectively. The upper and lower edges of the boxplot

represent the 25th and 75th percentiles, respectively. A larger gap

between  these  edges  indicates  more  noticeable  variations

attributed to GA initialization. The central thick black line signifies

 

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.84
RMSE = 1.30
RPD = 2.63

(a)

Calibration set
Validation set

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.82
RMSE = 1.40
RPD = 2.44

(d)

Calibration set
Validation set

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.68
RMSE = 1.81
RPD = 1.85

(b)

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.97
RMSE = 0.57
RPD = 6.03

(e)

Calibration set
Validation set

Calibration set
Validation set

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.83
RMSE = 1.35
RPD = 2.53

(c)

16 18 20 22 24 26 28
Observed content

16

18

20

22

24

26

28

Pr
ed

ic
te

d 
co

nt
en

t

R2 = 0.95
RMSE = 0.76
RPD = 4.47

(f )

Calibration set
Validation set

Calibration set
Validation set

 
Figure 7.   Scatterplots of the measured Al2O3 concentrations against the predicted concentrations using the (a) reflectance, (b) spectra with the

continuum removed, (c) apparent absorbance, (d) reflectance with the water absorption bands removed, (e) first derivative, and (f) second

derivative datasets, respectively. The 1:1 line is shown in gray for reference.
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Figure 8.   Scatterplots of the measured Fe2O3 concentrations against the predicted concentrations using (a) reflectance, (b) spectra with the

continuum removed, (c) apparent absorbance, (d) reflectance with the water absorption bands removed, (e) first derivative, and (f) second

derivative datasets, respectively. The 1:1 line is shown in gray for reference.
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the  median,  whereas  outliers  are  individually  marked  with  solid

circles.

Several  interesting  phenomena  were  observed,  as  shown  in

Figure 10:

(1)  Compared  with  results  for  the  original  reflectance  dataset,

continuum  removal  did  not  improve  the  model  accuracy  except

for SiO2.

(2)  Transforming reflectance into apparent absorbance improved

the prediction accuracy for SiO2 and Fe2O3.

(3)  The  prediction  accuracy  of  SiO2,  Al2O3,  and  the  IOL  showed

subtle  variations  by  removing  the  water  absorption  bands.  This

pretreatment  decreased  the  prediction  accuracy  for  Al2O3 but

enhanced the IOL prediction model.

(4)  Generally,  the  spectral  derivative  treatment  rapidly  improved

the  prediction  accuracy  of  all  the  chemical  properties  (Nawar  et

al., 2016; Hong YS et al., 2019). The enhanced prediction accuracy

achieved with the second derivative dataset could be ascribed to

two  effects.  First,  the  second  derivative  treatment  isolated  over-
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Figure 9.   Scatterplots of the measured IOL concentrations against the predicted concentrations using (a) reflectance, (b) spectra with the

continuum removed, (c) apparent absorbance, (d) reflectance with the water absorption bands removed, (e) first derivative, and (f) second

derivative datasets, respectively. The 1:1 line is shown in gray for reference.

 

Table 2.   Validation results of the GA-PLSR models for SiO2, Al2O3, Fe2O3, and the IOL with various spectral datasets.a

Chemical composition Metric
Spectral dataset

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6

SiO2

LVs 7 9 6 7 4 5

R2 0.856 0.874 0.899 0.838 0.931 0.999

RMSE 2.443 2.028 2.043 2.592 1.705 0.004

Al2O3

LVs 6 7 8 7 6 7

R2 0.856 0.741 0.889 0.828 0.983 1.000

RMSE 1.239 1.635 1.090 1.356 0.417 0.003

Fe2O3

LVs 7 8 6 7 6 6

R2 0.746 0.910 0.847 0.724 0.995 0.999

RMSE 1.347 0.732 1.044 1.404 0.183 0.011

IOL

LVs 6 6 7 6 3 6

R2 0.878 0.856 0.857 0.888 0.962 1.000

RMSE 2.415 2.596 2.618 2.317 1.342 0.020

aThe highest R2 values are emphasized in bold.
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lapping  absorptions  and  amplified  subtle  signals  (Tan  W  et  al.,
2022). Second, using fewer bands reduced the model complexity
and thus avoided the issue of overfitting.
(5)  Slight  variations  were  observed  in  boxplots  for  SiO2 (Figures
10a and 10e) and the IOL (Figures 10d and 10h),  suggesting that
the  random  initialization  of  the  GA  had  a  minimal  influence  on
prediction of the SiO2 and IOL contents.
(6)  The  relatively  poor  prediction  outcome  for  the  Fe-rich  dike
sample could be attributed to its chemical composition deviating
significantly  from  the  distribution  of  other  samples  (Figure  2).
Consequently,  the  model  performance  may  have  degraded  for
samples  whose  chemical  compositions  were  far  from  the  range
covered by weathered basalts in this work. 

4.2  Informative Band Analysis
The  sensitive  bands  for  major  oxides  and  the  IOL  were  initially
evaluated with the Pearson correlation coefficient, as described in
Section  3.1.  In  the  first  three  datasets,  the  bands  that  exhibited
significant  correlations  generally  aligned  with  the  diagnostic
absorption  values  of  ferric  and  clay  minerals  in  the  drilling
samples  (Figures  5a–5c).  The  application  of  spectral  derivatives
enhanced correlations at specific wavelengths. The first derivative
highlighted  continuous  spectral  regions  around  650–750  nm,
900–1200 nm, 1350–1650 nm, 1850–2050 nm, and 2100–2500 nm
(Figure  5d).  In  contrast,  the  second  derivative  accentuated
isolated bands across the entire spectral range (Figure 5e).

The GA was used to further refine the selection of optimal spectral
subsets. The selected subsets for each chemical composition were
recorded  for  every  individual  run.  If  a  specific  wavelength  was
chosen  in  more  than  half  of  the  individual  runs  (10  times  in  this
study),  it  was  considered  an  informative  band. Figure  11 depicts
plots  of  informative  bands  identified  by  the  GA  from  both  the
original  reflectance  (Figure  11a)  and  the  second  derivative
datasets (Figure 11b). Crosses denote important bands related to
different  chemical  properties,  and  densely  populated  cross

regions indicate frequent selection in model construction. For the
reflectance dataset, the selected spectral subsets were consistent
with the absorption of dominant minerals in the drilling samples.
Notably, important wavelengths for Al2O3 and SiO2 overlapped at
approximately 1400, 1900, 2200, and 2300 nm. For Fe2O3, informa-
tive  bands  spanned  the  range  from  750  to  950  nm  and  1150  to
1200  nm.  Informative  bands  for  the  IOL  spanned  multiple  wave-
length  regions  because  the  IOL  was  determined  by  the  other
three oxides. The derived informative bands have the potential to
guide  the  design  of  spectral  channels  (e.g.,  the  band  center  and
bandwidth) for future spectrometers.

The  number  of  informative  bands  significantly  decreased  when
using  the  second  derivative  dataset.  The  frequently  selected
bands  from  the  second  derivative  dataset  were  sparsely
distributed  across  the  entire  wavelength  range,  except  for  the
regions  of  1000–1150  nm  and  1600–1800  nm  (Figure  11b).  For
instance,  the  inflection  points  and  absorption  values  related  to
Fe3+ were  located  at  ~530,  ~600,  ~900,  ~2290,  and  ~2350  nm.
Bands related to Al-OH occurred at  ~1390,  ~1410,  ~1910,  ~2165,
and ~2207 nm owing to the dominance of kaolinite in the weath-
ering  products  (Liu  JC  et  al.,  2021a).  Nonetheless,  the  physical
interpretation  of  some  selected  bands  remained  challenging.
Further  work  is  required  to  elucidate  the  isolated  features  in  the
derivative spectra. 

4.3  Implications for Mars
The composition and thickness of basaltic weathering profiles are
largely  influenced  by  climate  and  time  (Carter  et  al.,  2015; Ye  BL
and  Michalski,  2022).  The  removal  of  mobile  elements  and  the
preservation of immobile elements lead to significant variations in
weathering products.  Chemical weathering in reducing or anoxic
conditions  mobilizes  Fe²+,  leaving  a  persistent  geological  record
of Fe loss (Liu JC et al., 2021b). The proposed spectral model accu-
rately predicts the contents of major oxides (i.e.,  SiO2,  Fe2O3,  and
Al2O3)  and  the  IOL  in  Hainan  weathered  products.  The  derived
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Figure 10.   Boxplots of R2 for (a) SiO2, (b) Al2O3, (c) Fe2O3, and (d) the IOL, and boxplots of the RMSE for (e) SiO2, (f) Al2O3, (g) Fe2O3, and (h) the

IOL. The top and bottom edges of the boxplot denote the 25th and 75th percentiles. The central thick black line signifies the median. The labels

D1 to D6 on the x-axis denote the reflectance (D1), spectra with the continuum removed (D2), apparent absorbance (D3), reflectance with the

water bands (1300–1500 nm and 1800–2000 nm) removed (D4), first derivative (D5), and second derivative (D6) datasets, respectively.
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concentrations  of  Fe2O3 and  Al2O3 exhibit  the  separation  of  Fe

from Al along the weathering profile, resembling the mineralogical

and spectral trends observed in weathered basalts on Mars (Liu JC

et  al.,  2021b).  Consequently,  monitoring  their  distributions

emerges as a valuable tool for constraining paleoclimates and the

redox state of early Mars.

At present, there is an absence of a dedicated payload tailored to

measuring  chemical  compositions  within  Martian  weathering

profiles. The proposed model offers an alternative and promising

method  for  assessing  chemical  concentrations  on  Mars  by  using

VNIR spectra. To assess the potential for Mars application, we used

the  JSC  Mars-1  soil  simulant,  chosen  for  its  spectral  resemblance

to the Martian surface and its well-established analog status (Allen

et  al.  1998).  This  selection was  also  driven by the lack  of  Martian

basalt  weathering  product  samples  or  corresponding  simulants.

According  to  studies  from  the  Viking  and  Mars  Pathfinder

missions,  JSC  Mars-1  closely  mimics  Martian  regolith  and  is  ideal

for  testing  the  transferability  of  the  model.  The  spectrum  of  JSC

Mars-1  exhibits  a  relatively  featureless  ferric  absorption  edge  in

the visible region, a ferric absorption band around 800–1000 nm,

and  OH−- and  H2O-related  absorption  values  at  1400  nm  and

1900  nm  (Figure  12).  The  predictions  for  chemical  compositions

are  shown  in  the  inset  table  in Figure  12.  The  discrepancies

between  the  predicted  and  observed  contents  were  0.71, −4.56,

and −2.73  for  SiO2,  Al2O3,  and  Fe2O3,  respectively.  The  predicted

content  for  SiO2 was  the  most  accurate,  followed  by  Fe2O3,

whereas Al2O3 was the least accurately predicted. The poor accu-
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Figure 11.   Plots of informative wavelengths based on the GA over 20 individual runs. Crosses denote informative bands related to the chemical

properties. (a) Reflectance dataset. (b) Second derivative dataset.
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Figure 12.   The reflectance of JSC Mars-1, obtained from the Reflectance Experiment Laboratory, Brown University (Providence, Rhode Island,

USA). The spectral ID is cjcc18. The inset table shows the observed and predicted chemical concentrations. The composition of JSC Mars-1 is from

Allen et al. (1998).
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racy for Al2O3 could be attributed to the limited chemical alteration

in Martian soil when compared with moderately to highly weath-

ered Hainan basalts.  It  was also evidenced by the absence of the

~2200  nm  asymmetry  absorption  (Figure  12)  attributable  to  the

weathering  product  kaolinite,  which  is  dominant  in  the  Hainan

basalts.

Therefore,  it  is  essential  to  acknowledge the complexities  associ-

ated with the diverse compositions and weathering processes on

Mars. Additionally, the presence of atmospheric correction residu-

als  and  instrumental  artifacts  could  impair  the  model  perfor-

mance.  Several  fundamental  issues  should  be  addressed  before

the model can be confidently applied on Mars:

(1) Acquiring more representative weathered basalt products. Our

model was established by using moderately and highly weathered

basalts (20 < IOL < 60) from Hainan Island. To enhance the appli-

cability of the model, it is essential to acquire a more diverse set of

weathered  basalt  samples.  This  set  should  include  samples  from

various geological and climatic regions, as well as those exhibiting

different  degrees  of  weathering.  Expanding  the  sample  diversity

will  improve  the  ability  of  the  model  to  transfer  across  various

geological settings.

(2)  Addressing  spectral  variability.  Spectral  variability  arises  from

intrinsic factors such as the grain size and crystalline properties of

minerals, whereas additional variations stem from imaging condi-

tions, calibration methods, the surface relief, and spatial resolutions

(Wu X et al., 2021). Using the laboratory spectral model directly on

orbital data may yield unrealistic results (Sun WC et al.,  2022a, b).

To mitigate this  issue,  it  is  imperative to develop advanced tech-

niques  for  atmospheric  correction  and  spectral  denoising  (Itoh

and  Parente,  2021).  These  techniques  will  help  reduce  spectral

discrepancies between laboratory and orbital data, thus enhancing

the robustness and accuracy of the model when applied on Mars. 

5.  Conclusions
In  this  study,  we  developed  a  quantitative  spectral  model  (GA-

PLSR)  to  predict  the  chemical  concentrations  along  a  53-m-long

basaltic  weathering  profile.  We  assessed  the  impact  of  various

spectral  pretreatments  on  the  model  accuracy.  Notably,  spectral

derivatives significantly  enhanced the performance of  the model

in  predicting  chemical  properties.  In  addition,  we  conducted  an

analysis of informative bands based on their selection frequency,

which  directly  informed  the  designation  of  spectrometer  chan-

nels.  In  summary,  the  GA-PLSR  model  exhibited  superior  perfor-

mance when utilizing the second derivative dataset.

The inclusion of weathering samples from diverse regions and of

various weathering degrees could further enhance the applicability

of  the  model  across  different  geological  settings.  The  proposed

model  has  the  potential  to  estimate  chemical  concentrations  in

basaltic weathering profiles on Mars, thereby enabling assessment

of  the  degree  of  alteration  and  offering  valuable  insights  into

paleoclimatic  conditions.  Using  the  proposed  model  to  predict

chemical  concentrations  from in  situ and  orbital  data  will  be  the

focus of future research. 
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