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Segmented Curve-Fitting Method for Continuum
Removal in Hyperspectral Images

Priyanka Kumari, Graduate Student Member, IEEE, Sampriti Soor, Member, IEEE, Amba Shetty, and
Shashidhar G Koolagudi

Abstract—A spectrum in a multiband remotely sensed image
is generally a mixture of spectra of different materials present
in the scene which can be distinguished by distinct absorption
signatures. A mixed spectrum possesses a smooth baseline shape,
known as a continuum, that masks the individual spectral fea-
tures. Continuum can also appear due to instrument artifacts and
topographic illumination effects. Eliminating the continuum from
a spectrum being analyzed and correctly identifying its unique
absorption characteristics is crucial for material identification. In
this paper, a new continuum removal technique called Segmented
Curve-Fitting is proposed, which estimates the continuum extend-
ing the approach of using an upper convex hull (UCH), such that,
distinct absorption signatures are determined more accurately,
resulting in more accurate material identification. Here parabolic
curves are fitted on the translated spectrum for each derived
segment by UCH to identify more shoulder points inside each
segment. The performance of the suggested method is compared
with the UCH method using a collection of simulated data of
varying complexity as well as a real CRISM TRDR hyperspectral
dataset. The identification score is improved by around 8%
for the similarity matching method Weighted Sum of Spectrum
Correlation and by around 2% for a Convolutional Neural
Network. The proposed method has been effectively applied to
mineral identification on Earth and Mars hyperspectral data,
AVIRIS and CRISM MTRDR, respectively.

Index Terms—Continuum Removal, Segmented Curve-fitting,
Hyperspectral Images, Mineral Mapping

I. INTRODUCTION

HYPERSPECTRAL imaging system can detect subtle
changes in the reflectance spectrum that are indicative

of the presence of specific minerals or other objects, such
as clay minerals, which are difficult to detect with other
remote sensing techniques [1]. Every object in a scene has its
own spectral signature, such as absorption or emission lines,
which is a unique pattern comprised of the reflectance values
on light intensity across different wavelengths. When light
from all the objects in the scene is collected and captured
by the hyperspectral imaging system, the individual spectral
signatures are combined, and the overall spectral shape of
the objects in the scene is determined. Hence the resultant
spectrum of the scene represents the underlying spectral
information that is not due to individual spectral features,
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but instead due to the overall spectral shape of the objects
in the scene [2], [3]. This spectral mixing in hyperspectral
images makes it difficult to separate the spectral information
of individual objects. The overall spectral shape resulting from
the superposition of the individual spectral signatures forms a
smooth background intensity of the scene, which is known
as the continuum in hyperspectral imagery [4]–[6]. Moreover,
Instrument artifacts and illumination effects from the surface
can also cause a continuum to appear [7], [8]. The continuum
information is useful in hyperspectral image analysis as it
provides a reference for identifying and analyzing individual
spectral features in the image.

One of the major challenges for material detection in a
hyperspectral image is to predict the continuum of a spec-
trum accurately. Continuum can be influenced by atmospheric
effects, such as atmospheric absorption and scattering, which
can affect its global shape [9]. Some materials have complex
spectral shapes that can make it challenging to distinguish
them from the continuum, which can result in false or missed
detections [10], [11]. Different hyperspectral images of a
surface area may have different continuums, or even different
parts of the same hyperspectral image could have distinct
continuums. Because of this, continuums in a hyperspectral
image are typically anticipated pixel-by-pixel and are generally
considered to be independent of continuums in nearby pixels
[12].

Simple distance-based similarity-matching is not suitable
for identifying materials in hyperspectral images, as the
presence of continuum in the hyperspectral data alters the
global shape of an end-member [13] although the absorptions
are preserved [figure I]. It requires specialized techniques to
effectively separate the continuum from individual objects in
the scene, which is often present as an essential pre-processing
step in hyperspectral data analysis. The imposed continuum
removal (ICR) methods involve fitting a polynomial or a
power-law model to the entire spectrum to estimate the spectral
baseline assuming a functional form for the continuum [14].
The apparent continuum removal (ACR) methods, on the other
hand, select a few local regions of the spectrum that are
free of any spectral features assuming those represent the
underlying continuum directly, and connect those local regions
by some specified methods to estimate the continuum for the
full spectrum domain [15]. The spectrum is subtracted from
or divided by the estimated continuum to nullify the effects
of the continuum [eq. I.1] and thus the unique absorption
signatures are enhanced [16]. ICR can be more accurate when
the continuum shape is well-known or can be assumed with
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Fig. 1. The difference in global curvatures between the two H2O-Ice spectra
in the left image is evident after the scaling operation in the right image.

high confidence, while ACR can be more flexible and robust
to variations in the continuum shape.

Cdiv
C (R) = R/C

Csub
C (R) = R− C

(I.1)

where R is the spectrum being analyzed, C is the estimated
continuum and C(R) is the continuum-removed spectrum (C
being the continuum removing function superscripted with the
removal method, and subscripted with the continuum). In this
paper, if the removal method is not specified at the superscript
level for a continuum removing function C, it is assumed that
both subtraction and division can be applied. Similarly, if the
estimated continuum is not specified at the subscript level, it is
assumed that the continuum is estimated by an upper convex
hull. Often a continuum-removed spectrum is normalized for
further processing.

There are several methods for continuum removal each with
its own advantages and limitations, and the choice of method
depends on the specific requirements of the analysis and the
characteristics of the data being analyzed. Frequently, an upper
hull of the spectrum is used to estimate the continuum. Clark
et al. introduced the upper convex hull (UCH) method [5] and
the segmented upper hull (SUH) method [17] for this purpose,
which is still well used in literature. On the other hand, instead
of estimating the continuum and then highlighting the spectral
features of the spectrum by removing it, techniques like first
and second derivatives [18] operate directly to enhance the
spectral signatures. However, other than removing the spectral
baseline continuum removal has another apparent purpose,
which is to isolate the segments of the spectrum, that can
be used to extract the distinct absorption information. By
using upper hull methods, the segments of spectra between
the reflectance values touching the hull are typically treated as
distinct absorption features, however, this is not very effective
for complex spectral shapes. In the methods described in [19],
[20], the spectrally uninformative portions are considered as
part of the continuum, and the absorption shoulders, termed
as pin-points, are determined at the extremities of each of
such continuum portions. These are then stretched through the
spectrum domain by linear interpolations to estimate the full
continuum. The spectral features of interest between these pin-
points are extracted after continuum removal for material iden-
tification. This technique of absorption information retrieval is

applied in [21], [22] with prior knowledge of the position of
the absorption shoulders. An estimated continuum can over-
fit the spectrum if a large number of such segments are taken
into account. Piecewise cubic spline methods work in a similar
way with the only difference being the portions of a continuum
between the pin-points are fitted by cubic curves to provide a
smooth fit to the spectrum [4].

In this paper, the idea of piece-wise estimation of the contin-
uum is combined with the imposed approach of UCH. Initially,
the shoulder points in the analyzed spectrum are determined by
the UCH, and the exclusive segments of the spectrum between
two consecutive touch-points of the spectrum and the UCH
are processed independently to extract more shoulder points.
These second-level shoulder points are identified by fitting
parabolic curves in each spline. The resultant continuum is not
exactly the linear interpolation through these detected points,
rather has a parabolic shape between each pair of consecu-
tive detected points, which is a more realistic estimation of
the continuum. Though different researchers vouch for using
simple continuum removal techniques like UCH, the proposed
method Segmented Curve-Fitting (SCF) separates the distinct
absorption features present in a spectrum more accurately, and
thus the segmented correlations between library spectra and a
test spectrum are determined more correctly. In this paper, we
suggested a linear time algorithm to determine the UCH, and
using this the proposed method SCF also can be determined in
linear time. The proposed method is applied to the objective
of mineral identification in hyperspectral data collected from
the earth’s surface as well as from the Martian surface. To
assess the performance of SCF, the accuracy of this aim is
compared to the widely used UCH process, with both used as
a preprocessing step in a mineral classification framework.

The section organization in this paper are as follows:
In section II the proposed continuum removal technique,

Segmented Curve-Fitting is explained in detail with the help
of easy-to-understand diagrams. Section III contains the com-
parison results of the proposed approach with the upper
convex hull approach for continuum removal on multiple
datasets, with the objective of mineral identification particu-
larly, whereas, section IV contains some experimental results
of the proposed method on Nevada Cuprite dataset.

II. SEGMENTED CURVE-FIT FOR CONTINUUM REMOVAL

Since the form of the continuum in a hyper-spectral image is
considered to have a convex curvature most often, the convex
upper hull approach is typically used in literature. However,
in reality, the structure of a continuum may not be confined
to that and can unevenly affect distinct localized wavelength
ranges in a spectrum. The suggested approach specifically
addresses this issue by dividing the spectrum into multiple
segments and predicting the shape of the continuum for each
segment independently. Although this approach disregards the
global pattern of the spectrum to some extent, the benefit
of this approach is to enhance the weaker band-depths more
precisely. The step-by-step process of the proposed method is
now outlined in detail, with each step illustrated in figure 2
using an example spectrum of H2O-Ice from MICA spectral
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library [12]. Note that, a continuum removal method can also
be applied on a pure spectrum too, to extract its distinct
absorption signatures.

❍ Step-1 (Segmenting the spectrum):
The first step of the proposed method is to extract the

initial shoulder points from the spectra and by that determine
the exclusive partitions in the translated spectrum, on which
parabolic curves are fitted to extract more shoulder points
and continuums are estimated for each segment. The Upper
Convex Hull (UCH) method is used here for the initial
segmenting of the spectra. An algorithmic outline for UCH
function, UPPERCONVEXHULL, is given below which works
in linear time. The same function is used in step-3 as well, to
extract shoulder points from each of the initial segments.

Let W be the wavelength domain for which {Rw : ∀w ∈
W } be the reflectance values of the spectrum R. The following
method describes the process to generate the UCH.

1: function UPPERCONVEXHULL(P)
▷ P = [(w,Rw) : ∀w ∈ W ], W is ascendingly sorted

2: initialize Empty stack S
3: S.push(P1), S.push(P2)

▷ Pi is the i-th element from first in P
4: for Pi : i ∈ 3, 4, ..., P.length do:
5: while True do
6: if ∠S−2S−1Pi ≥ 180◦ then:

▷ S−i is the i-th element from last in S
▷ ∠ is upward angle

7: S.push(Pi)
8: break
9: else

10: S.pop()
11: if S.length = 1 then:
12: S.push(Pi)
13: break
14: return S

Fig. 2(a) shows the example spectrum and its UCH. Fig.
2(b) depicts the continuum-removed spectra by the usual
process, that is, dividing the spectrum by its UCH to obtain a
translated spectrum, say T 1 = C(R).

The consecutive wavelengths having translated values lesser
than 1 between two 1-valued wavelengths comprise a segment,
where the 1-valued wavelengths at the two ends serve as the
shoulder-points of the segment. Fig. 2(c) shows such segments
within the translated spectra T 1 for the example spectrum.

❍ Step-2 (Segment-wise fitting of parabolic curves)
Specifically, only the segments having at least one local

peak are picked to process in this step, and for each picked
segment a parabolic curve is fitted on the local peaks/maxima
within the segment, considering the curve passes through the
two shoulder points at the end of the segment. To obtain a
functional form of the fitted curve, rather than the original
spectrum, the translated spectrum is used, on which such
parabolas facing the positive y-axis can exist as functions.

As the values at the end-wavelengths of a translated spec-
trum segment are 1, considering these as ws and wt, and w
be any wavelength within the segment, the general equation

Fig. 2. (a) H2O-Ice spectrum R from MICA library and the UCH of
it; (b) Translated spectrum T 1 ; (c) segments are extracted from T 1 and
parabolic curves as in eq.-II.2 are fitted; (d) Translated spectrums T 2

S
and corresponding UCHs; (e) Translated spectrums T 3

S ; (f) Merging the
segments T 3

S and the unchanged spectra portions, the translated spectra T 1

is also provided for visual comparison; (g) A visual comparison between the
predicted continuum and UCH.
Note-1: X-axis represents the wavelength domain. The domain is same for
the full spectra in (a), (b), (f) and (g), whereas the domain is same for
the spectra segments in (c), (d) and (e). Y-axis in (a) and (g) represents
the reflectance values in the input spectra, and the continuum-removed
normalized spectra in the others.
Note-2: Only the local peaks for each segment are used to fit the parabolic
curves in (c), as these points could be new shoulder points or being part of
the estimated continuum could be close to the new shoulder points in (d-e).
Note-3: The continuum estimated by the proposed method in (g) has a
parabolic shape between the new shoulder-points extracted in (d).
Note-4: The continuum shown in (g) is not needed to be computed to get
the continuum-removed spectrum shown in (f).
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of the parabolic curve for a segment S of T 1 becomes
C(T 1

S)w = a(w − ws)(w − wt) + 1 (II.1)
Let WSmax

be the set of wavelengths in segment S having all
local maxima, and T 1

w is the translated value at wavelength w
in T 1. Then for the fitted parabola

a =

∑
wi∈WSmax

T 1
wi
p −

∑
wi∈WSmax

p∑
wi∈WSmax

p2

where p = (wi − ws)(wi − wt) (II.2)
Fig. 2(c) shows the fitted curves for the different segments of
the translated spectra.

❍ Step-3 (Segment-wise Translation)
The next step is to calculate another segment-wise trans-

lation T 2
S from T 1

S (a segmented range S of the translated
spectrum T 1) and C(T 1

S) (the parabolic curve fitted to T 1
S),

such that, T 2
S = CC(T 1

S)(T
1
S). Fig. 2(d) depicts T 2

S for distinct
segments of the example spectrum.

To keep all the shoulder-points on the continuum-removed
spectrum at the same level, another step of continuum removal
for each segment by UCH is performed, T 3

S = C(T 2
S). Fig.

2(d) shows segment-wise UCH and fig. 2(e) shows T 3
S of the

corresponding segments.
❍ Step-4 (Merging the translated segments)
The final step of the procedure involves combining the

independently translated segments of T 3 with the unpicked
portions in step-2 from the initially translated spectrum T 1 on
the entire wavelength domain W to generate the continuum-
removed spectrum C(W ). Let S is the set of segments picked
for further translation in step-2, then

C(Rw) =

{
T 3
Sw, if w ∈ S, S ∈ S

T 1
w otherwise

∀w ∈ W (II.3)

Fig. 2(f) shows the continuum-removed spectra C(R) by
the proposed method, and in fig. 2(g) a visualization of
the predicted continuum is given. The predicted continuum
could separate almost all the prominent absorptions which the
previous method was unable to.

The usual methods of continuum removal like UCH de-
termine the continuum from the full spectrum first, then
eliminate its effect from the spectrum; on the other hand,
the proposed method specifically aims to directly remove the
effect of the continuum from the spectra without estimating
the whole continuum, i.e., the continuum shown in fig. 2(g)
is not needed to be computed to get the continuum-removed
spectrum shown in fig. 2(f). The continuum-removed spectrum
C(R) can be calculated in linear computational time, because,
the initial segmentation in step-1 takes linear time, and the
segments consist of distinct wavelength ranges which are
processed further (eq. (II.2-II.3)) in linear computational time

Explanation of equation II.2:
y = a(x− xt)(x− xs) + c
Squared error J =

∑
(y − a(x− xt)(x− xs)− c)2

With optimum fitting δJ
δa

= 0
=⇒

∑
(y − a(x− xt)(x− xs)− c)(x− xt)(x− xs) = 0

let p = (x− xt)(x− xs)
=⇒

∑
yp−

∑
ap2 −

∑
cp = 0

=⇒ a =
∑

yp−c
∑

p∑
p2

independently and each in linear time. Note that, though it
seems reasonable to consider only the local peaks to reduce
the runtime further but I might not produce the normalized
spectra at the end.

III. PERFORMANCE EVALUATION

To evaluate the performance of the proposed continuum re-
moval method SCF, four datasets with different levels of com-
plexity are used. The first three datasets are synthesized from
the MICA spectral library, which was created by collecting
spectral data from a variety of mineral samples using CRISM
spectrometer from different locations of martian surface [12],
and the fourth dataset is the recently released labelled TRDR
spectra by Plebani et al [23]. For each dataset three evaluation
measures are calculated, which are (i) Mean shift of band-
minima, (ii) Mean difference in Full Width at Half Maximum
(FWHM), and (iii) Identification accuracy. Two methods are
used to calculate the accuracy of identification. The first
method utilizes a curve-matching procedure to calculate a
matching index of a test spectrum to a library spectrum,
while the second method employs a shallow convolutional
neural network model. The results of SCF are compared with
those obtained by UCH to provide a comparative evaluation.
This section first provides a detailed description of how the
synthetic data were generated and a brief summary of any
necessary preprocessing steps. Following that, the evaluation
procedures are explained, and finally, the performance of the
model is analyzed using the comprehensive results. All the
related codes of this work are available at [24].

A. Experimental Setup

1) Data Specifications: MICA spectral library contains
31 different mineral spectra from 6 mineral groups like Iron
oxides and primary silicates, ices, sulfates, phyllosilicates, car-
bonates, and other hydrated silicates and halides. To recreate
three different degrees of complex datasets that might be in
accordance with real-life data, varying magnitudes of shape
change and noise are applied to the spectra of this library,
also different spectra from it are mixed together to get the
first three datasets.

a) Synthetic Data (dataset- 1, 2, 3): Primarily a random
noise N is generated by the composition of the following.

i. A curvature noise C, which is predicted by adding multi-
ple Gaussian curves of Φ(w, 0.65), where the wavelength
w is the position of the peak in a curve and is picked
randomly within the selected range of the wavelengths.
If p number of such curves are combined, the resultant
curvature (Φp) can have a maximum p number of peaks.

ii. A fluctuation noise N , which is predicted by randomly
chosen values from a Gaussian distribution Φ(0, σ2

N ) for
each wavelength of the spectra domain. If σN is higher,
the noise fluctuation is higher.

iii. A mixed-spectrum S formed by adding scaled spectra of a
number of randomly chosen different minerals other than
the mineral to which noise is put. The primary mineral is
combined with all of the other minerals in a 60-40 ratio.
Sk denotes the mixed-spectrum with k(≥ 0) secondary
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spectra, where S0 indicates no other spectrum is mixed
with the primary spectrum.

The general equation of spectrum R with noise is given by,
RN (p, k, σ

N
) =scaled R + scaled(Cp + Sk + NσN

)

for p, σN , k ≥ 0 (III.1)
The prefix scaled denotes a min-max scaling operation on the
data. Note that, though the reflectance values in the generated
spectrum are not entirely coherent with the original spectrum,
that will not affect the evaluation process due to the continuum
removal process applied to it. Following are the specification
of the first three datasets.

dataset-1 dataset-2 dataset-3
p = 1, 2, 3, 4
k = 0
σN = 0

p = 0
k = 1, 2, 3, 4
σN = 0

p = 1, 2
k = 1, 2
σN = .01, .02, .03, .04

Dataset-1 can be used to test the performance of the
continuum removal process on spectra affected by non-convex
continuum that could be generated by the instrumental artifacts
and environmental noises in real spectra. Dataset-2, on the
other hand, can test the same if there is mixed-spectra. Dataset-
3 includes both of these types of noise in a spectrum and can
additionally test for fluctuation noise in the spectrum. For each
mineral class, 100 samples were generated for each combina-
tion of specifications in each dataset. The generation process
involved randomness (eq. III.1), resulting in each sample being
unique. Figure 3 illustrates the process for creating these three
datasets. The final dataset, dataset-4, consists of real spectra
captured from the Martian surface by the CRISM sensor.

b) CRISM TRDR Data (dataset-4): CRISM (Compact
Reconnaissance Imaging Spectrometer for Mars) is a spectral
imager that is part of the Mars Reconnaissance Orbiter (MRO)
mission, which was launched in 2005. The instrument collects
spectral images of Mars’ surface, which can be used to identify
minerals and other compositional information about the sur-
face. To facilitate data analysis, a high spatial resolution data
product called Targeted Remote Sensing Data Record (TRDR)
is generated from the CRISM instrument, which is easily
downloadable from NASA PDS. Plebani et al in [23] using a
hierarchical Bayesian model classified a collection of 592413
TRDR spectra, that is from more than 70 different images,
with 39 different labels including some spectra for artifacts
and some bland pixels, of which 28 labels are common with
MICA library. The evaluation process here is restricted to
these minerals only, randomly sampling 200 spectra from each
label. In this experiment, only the bands within the 1-2.6 µm
wavelength range were considered, from the given bands for
the 1-3.47 µm range.

In [25] a preprocessing pipeline is used for mineral identifi-
cation in CRISM MTRDR (Map-Projected Targeted Reduced
Data Record) data. The pipeline includes spectra smoothing,
spike removal, continuum removal, and spectra standardiza-
tion. Similar steps are applied to the datasets used here. To
eliminate fluctuation noise, dataset-4 and dataset-3 essentially
undergo spectra smoothing and spike removal steps, while
all four datasets are standardized and undergo continuum
removal. Proper smoothing is crucial for the SCF method,

Fig. 3. Example of synthesizing daataset-1 (top row) dataset-2 (middle row)
and dataset-3 (bottom from) for different noise parameters are shown using
H2O-Ice spectrum from MICA spectral library.

Fig. 4. A preprocessing pipeline that includes SCF as the continuum removal
operation can translate the two H2O-Ice spectrum (from MICA spectral library
and CRISM TRDR dataset) in the left image to the right image.

Fig. 5. The band-minima and FWHM for all the prominent segments of the
processed spectra given in figure 4
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which fits a parabola through local maxima in a segment, and
smoothing helps remove unwanted kinks from spectra. Figure
4 illustrates the effect of the preprocessing steps applied on
H2O-Ice spectrum from the MICA library and dataset-4. To
analyze the effectiveness of the proposed SCF in comparison
with UCH, all the evaluation measures described below are
calculated with SCF and UCH each used once in the pipeline
while keeping all other steps the same. a

2) Evaluation Measures:
a) Band-minima Score: A band-minima refers to the

minimum reflectance value at a spectral region, generally
an absorption . The amalgamation of the positions of band-
minima in different absorptions or segments of a spectrum is
a useful tool for distinguishing materials as each of them have
a unique set of absorptions over the wavelength domain. The
percentage of spectra in a dataset for which the mean of shift
in the positions of band-minima in a spectrum from those in
the corresponding library spectrum is lesser than 0.02 µm is
referred to as the band-minima score in this experiment.

b) FWHM (Full Width at Half Maximum) Score: In
spectroscopy, FWHM is a measurement used to describe the
shape of an absorption in a spectrum, that measures the width
of an absorption in terms of the range of wavelengths at which
the depth of the absorption is half of its maximum value. The
FWHM score in this experiment represents the percentage of
spectra in a dataset with a mean deviation of FWHM values
from the library spectra less than 0.06 µm.

In these experiments, the segments of a continuum-removed
spectrum are extracted using the shoulder points of both
the test spectrum and the library spectrum. Then, prominent
segments are selected by applying a threshold, and the band-
minima location and FWHM of each matching segment in the
two spectra are compared to determine if they are identical. An
example of this process is shown in Figure 5. If the library and
test spectra have different numbers of prominent segments, the
segments from the spectrum with fewer segments are used as
the base for the analysis.

c) Identification Score: Identification accuracy refers to
the percentage of correctly identified spectra in the experiment.
Datasets 1, 2, and 3 use the primary spectrum’s class as its
true label, while dataset 4 is pre-labeled. In identification
procedures, each class in a dataset is typically assigned a
value based on a similarity measure or the likelihood of a test
spectrum belonging to that class. The test data is then assigned
to the class with the highest similarity measure or likelihood.
Proper preprocessing is necessary before identification, and
the Weighted Sum of Segment Correlation (WSSC) procedure
used in this study is highly dependent on it. The identification
process can be impacted by slight changes in the preprocessing
parameters, which may result in assigning a lower similarity
measure or likelihood to the true-label class. As determining
the most precise parameters for the preprocessing is beyond
the scope of this study, here a general set of parameters as
given in [25] is applied to the datasets. The identification score
in this experiment is calculated based on the percentage of
spectra in a dataset for which the true label is assigned a
value within 5% of the highest assigned value for any class.

The classification techniques used to identify a spectrum are
described below.

3) Identification Procedures: In addition to the neural
network-based model CNN [26], the accuracy of mineral
identification is also determined by a novel spectra-matching
method called Weighted Sum of Segment Correlation (WSSC).
It shares some similarities with the shape-matching algorithm
described in Clark et al.’s work on imaging spectroscopy [27],
which uses a condition-driven and sophisticated framework for
mineral identification for hyperspectral images. Unlike imag-
ing spectroscopy, the method WSSC relies more on extracting
the prominent absorptions without any pre-knowledge about
the absorption features in the spectral library, by calculating a
match index between any two spectra based on a new correla-
tion measure. WSSC also differs in the process of calculating
the spectra correlation coefficient and the match index. This
method is described in detail before briefly discussing the
specifications of the CNN model.

a) Weighted Sum of Segment Correlation (WSSC):
This shape-matching technique generates the correlation coef-
ficient for a segment in a preprocessed library spectrum with
the corresponding spectra region in the preprocessed test spec-
trum. A matching index is calculated by summing the weighted
correlation for all the segments in the preprocessed library
spectrum, which are chosen based on a certain qualification
criterion. The mineral type of a test spectrum can be identified
by selecting the library mineral with the highest match index.

Let the spectral domain of a segment in the preprocessed
library spectrum is W; and in this spectral domain L and
T , respectively, are the spectra portion in the preprocessed
library spectrum and test spectrum. For T , the most effective
translation to match with L is given by eq. III.2, while for L to
match with T the same is given by eq. III.3. These equations
involve adjusting coefficients a1 and a2 to shift the spectra,
and b1 and b2 to modify the curvature during the translation
process.

L = a1 + b1 ∗ T (III.2) T = a2 + b2 ∗ L (III.3)
The correlation coefficient cW between the two segments

T and L is calculated as eq. III.4.

cW =

{
(b1 ∗ b2)

1
2 if b1, b2 > 0

0 otherwise
(III.4)

The matching index I , constrained by the non-negativity of
cW , does not penalize non-correlated segments in the two
spectra being matched. This feature increases the chances of
correctly identifying the mineral group, where the exact end-
member class is not identified. WW , the weight associated
with the segment, is a proportion of the sum of products of
fW and dW over all the segments of the library spectra, where

If w is a wavelength in W , from eq. III.2 the optimization is
∂

∂a1
(
∑
w

(Lw−a1−b1∗Tw)2) = 0 and
∂

∂b1
(
∑
w

(Lw−a1−b1∗Tw)2) = 0

solving which b1 is derived as

b1 =

∑
w(Tw ∗ Lw)− (

∑
w Tw) ∗ (

∑
w Lw)/n∑

w(Tw)2 − (
∑

w Lw)2/n
Similarly from eq. III.3 b2 can be derived as

b2 =

∑
w(Lw ∗ Tw)− (

∑
w Lw) ∗ (

∑
w Tw)/n∑

w(Lw)2 − (
∑

w Tw)2/n
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fW and dW respectively are the FWHM and the depth at the
band-minima of the segment.

I =
∑
∀W

(WW ∗cW) where WW =
fW ∗ dW∑

∀W(fW ∗ dW)
(III.5)

b) CNN Model: The experiment employs a shallow
sequential CNN model as described in [25]. The model
consists of three sets of convolution, max-pool, and drop-out
layers, followed by a flatten layer and a dense output layer.
The optimal parameter values for the model are determined
using hyper-parameter tuning. The number of epochs is set
to 50 with a batch size of 150. Leaky ReLU activation is
utilized in all layers except the last one, which uses SoftMax
activation. The loss function is categorical cross-entropy, and
the optimizer is RAdam with a learning rate of 1 × 10-5. The
datasets are split into 60-20-20 ratio for training, validation
and testing. The test accuracies are evaluated to assess the
performance.

B. Performance Analysis

Table I contains the experimental results of band-minima
score and FWHM score from dataset-1, 2 and 3 for different
values of p, k and σN . The thresholds of 0.02 µm for band-
minima score and 0.06 µm for FWHM score are selected
based on experiments to match with the accuracy scores
presented in table II, which contains the results of identifica-
tion scores for the same datasets and specifications. Table III
contains all these evaluation results of dataset-4. The primary
objective of the analysis is to understand the effectiveness of
the proposed method on some data with certain characteristics,
and therefore, the degree of change in scores for a change in
parameters of the data is more important than the exact scores
themselves. However, achieving satisfactory high scores on an
evaluation metric can provide evidence for the effectiveness of
the method. The experimental results provide various insights,
which are summarized below.

Table I shows that for both UCH and SCF, as the number
of peaks in the estimated instrumental noise (p) increases, the
band-minima and FWHM scores decrease (dataset-1 part). On
the other hand, as the number of secondary spectra mixed
with the primary spectra (k) increases, both the band-minima
and FWHM scores increase (dataset-2 part), indicating that a
smoother background curvature is formed when more spectra
are mixed with the primary spectrum. If both instrumental
artifacts (p) and the presence of other spectra (k) distort the
primary spectra, as presented in dataset-3 part of table I, the
scores become more dependent on k. This means that if both
k and p are increased both scores increase. But, similar to the
outcome of dataset-1 and 2, for a constant p value, the scores
increase as k increases, and, the scores decrease for a constant
k value as p value increases. This trend is evident in each row
of the dataset-3 part. As environmental noise (σN ) increases
the scores decrease, which is expected as high levels of
environmental noise distort local small absorption signatures in
the spectra and require objective-specific preprocessing steps
to handle them. The applied smoothing may not be sufficient
for this task. In all of the specifications considered in these
three datasets, the SCF outperformed UCH in terms of both

Fig. 6. The density plots of the differences in band-minima and FWHM values
between the processed spectra of dataset-4 and the corresponding spectra from
the MICA library, using SCF and UCH in preprocessing. The plots are colour-
coded by the mineral groups. The lesser quartile-2 (median) and quartile-3
values indicate that the band-minima and FWHM values are more accurate
when SCF is applied.

the band-minima and FWHM scores. Specifically, for UCH,
the low FWHM scores indicate that UCH is more reliant on
global shapes, and if the curvature is distorted by the noises,
the shape of the extracted absorption signatures could deviate
significantly from the library spectra. Conversely, SCF relies
more on local shapes and can compare more accurately with
the library spectra by extracting more spectra regions with
small absorption signatures.

Table II shows a strong correlation between the accuracy
of mineral class identification using the WSSC method and
the correct determination of the position of the band-minima.
This means that as the accuracy of band-minima determination
increases or decreases, so does the accuracy of mineral class
identification using the WSSC method. This is because both of
these scores rely on accurately extracting the segments and are
similarly impacted by the data specifications. The SCF method
demonstrated better performance than the UCH method in
terms of identification score by the WSSC method for each of
the datasets, similar to the band-minima and FWHM scores.
This suggests that using a higher number of segments with
small spectral ranges in the SCF method can yield more
precise information compared to using a lesser number of
segments with long spectral ranges in the UCH method.
Although the test accuracy scores of the CNN model for both
SCF and UCH are relatively higher than WSSC, however
unlike WSSC, the accuracy scores obtained by the CNN model
do not consistently favour SCF over UCH. This suggests that
shallow neural network models can more effectively learn
hidden features when the original curvature of the unprocessed
spectra is better preserved. UCH preserves the curvature better
than SCF by extracting a lesser number of shoulder points.

Table III shows the evaluation metric scores for each mineral
group separately. The experiments have indicated that, for both
SCF and UCH methods, while there may be some mineral
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TABLE I
BAND-MINIMA AND FWHM SCORES IN data-1 data-2, AND data-3 FOR DIFFERENT p, k AND σN

C
R

M
et

ho
d

UCH

SCF

UCH

SCF

UCH

SCF

UCH

SCF

dataset-1

p B
an

d-
m

in
im

a

FW
H

M

1
96.8 73.8

96.9 96.0

2
90.0 68.6

94.0 93.0

3
89.0 66.1

92.6 91.3

4
88.5 65.7

92.0 91.0

dataset-2

k B
an

d-
m

in
im

a

FW
H

M

1
65.2 43.6

74.3 83.4

2
71.6 49.4

78.1 85.1

3
75.2 54.0

80.5 88.0

4
78.2 57.2

81.1 88.4

dataset-3

σN

Band-minima FWHM

k=1 k=2 k=1 k=2

p=1 p=2 p=1 p=2 p=1 p=2 p=1 p=2

0.01
69.5 69.2 78.5 74.0 41.3 41.3 47.5 46.5

77.5 73.2 84.4 81.3 82.3 82.3 85.9 85.7

0.02
68.4 65.6 73.7 70.8 40.6 39.5 46.0 44.1

75.1 73.0 81.7 80.2 79.5 79.0 82.6 83.4

0.03
66.2 62.1 74.7 66.0 40.5 37.1 44.5 40.8

74.0 69.0 81.2 73.0 75.4 76.0 81.8 78.0

0.04
65.2 59.0 69.7 63.3 38.3 35.5 44.5 38.0

72.1 65.5 78.7 71.2 73.5 72.0 78.8 76.0

TABLE II
MINERAL IDENTIFICATION SCORES IN data-1 data-2, AND data-3 FOR DIFFERENT p, k AND σN

C
R

M
et

ho
d

UCH

SCF

UCH

SCF

UCH

SCF

UCH

SCF

dataset-1

p W
SS

C

C
N

N

1
89.0 100

100 99.8

2
86.3 99.8

99.1 100

3
87.2 100

98.5 100

4
87.8 100

98.1 100

dataset-2

k W
SS

C

C
N

N

1
70.0 97.5

77.1 98.7

2
79.0 99.5

85.0 99.0

3
83.5 100

90.0 100

4
89.2 100

93.9 100

dataset-3

σN

WSSC CNN

k=1 k=2 k=1 k=2

p=1 p=2 p=1 p=2 p=1 p=2 p=1 p=2

0.01
70.8 69.0 78.6 76.9 96.6 94.7 99.0 98.9

77.4 75.9 88.1 86.9 98.1 92.5 99.0 98.1

0.02
71.0 68.9 82.2 78.8 95.0 91.6 99.2 96.9

75.3 73.9 85.3 83.6 93.8 95.6 98.6 98.1

0.03
66.8 64.4 75.6 72.8 96.2 91.0 98.8 95.8

73.8 70.0 83.3 78.4 97.5 92.8 99.0 96.6

0.04
66.1 62.0 74.6 68.9 95.0 86.8 97.5 95.3

73.3 69.2 82.6 80.4 94.3 88.1 98.3 95.9

TABLE III
EVALUATION MEASURES FOR data-4

Iron oxides and
primary silicates

Hydrated silicates
and halides Carbonates Phyllosilicates Ices Sulfates

UCH SCF UCH SCF UCH SCF UCH SCF UCH SCF UCH SCF

band-minima 62.5 68.4 85.3 96.0 52.3 65.5 78.0 89.6 78.0 86.0 77.0 80.5

FWHM 64.0 71.0 65.3 81.3 73.0 71.0 67.2 88.8 73.0 78.0 63.1 86.1

WSSC 67.8 79.5 78.2 87.6 62.8 77.0 84.5 88.0 97.0 98.0 79.0 87.0

CNN 86.5 86.9 89.1 91.3 78.0 81.0 89.3 92.7 91.5 88.7 91.6 90.1
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spectra whose true labels are not detected, a large portion of
those spectra are still classified into the correct mineral group.
This indicates that, at the very least, the WSSC method is able
to detect mineral groups with a high degree of accuracy, even
if the detection of individual minerals may not be as precise.
The relatively high scores for all the mineral groups in table-
III compared to the scores in table-II suggest that the synthetic
dataset-3 has similar or even more noise than the TRDR
dataset of real spectra. This indicates that similar synthetic
datasets can be used effectively to determine the efficacy of
such methods. The presented accuracy scores of WSSC in
the table suggest that WSSC is not very accurate in detecting
minerals that have prominent absorption signatures in the form
of broad bands or sharp absorptions within a broad band in
the spectrum, such as silicates and carbonates. Although the
evaluation scores for these mineral groups could be increased
with group-specific preprocessing steps. For dataset-4, it was
observed that the accuracy scores of CNN obtained by using
SCF are not always greater than the scores obtained by using
UCH, similar to the results for dataset-3 in table-II. However,
for most of the mineral groups, the SCF method yields
higher accuracy scores, resulting in an overall improvement
in the performance of around 2%. Figure 6 represents the
density plots of the calculated mean shift in band-minima
and mean change in FWHM for the spectra in dataset-4. It
is evident from the figure that SCF detects the band-minima
more accurately and preserves the FWHMs more precisely
than UCH.

IV. APPLICATION ON HYPER-SPECTRAL IMAGES

In this section, the result of mineral identification on
AVIRIS Cuprite data of earth-surface and CRISM MTRDR
data of martian-surface are presented, which were obtained
by using the previously stated WSSC method to match the
wavelength position and shape of characteristic absorption
features with the spectra in MICA library. SCF is applied as
a preprocessing step on the data to remove the continuum and
produce scaled spectra.

A. AVIRIS data [28]

The Cuprite dataset, which can be acquired from the
AVIRIS NASA website, is the most important benchmark for
the hyperspectral unmixing research that covers the area of
Las Vegas, Nevada, USA. Alunite Hill is a volcanic dome
in this location that formed about 20 million years ago,
that has been altered by hot mineral-rich fluids that were
circulating in the subsurface. As a result of this alteration,
large deposits of alunite formed in the dome. The dataset
comprised 224 channels, with wavelengths between 370 and
2480 nanometers, among which 188 channels are left after
eliminating the noisy channels (1-2 and 221-224) and water
absorption channels (104-113 and 148-167). A 250 × 190
pixel area is taken into consideration. This site was initially
identified to have 14 different mineral types, although due to
the minor variations among related minerals the number of
end-members is decreased to 12 [27].

(a) Alunite (b) Kalonite (c) Chalcedony

Fig. 7. Detected dominant minerals in the Alunite hill scene from AVIRIS
Cuprite data. Top Row: reference ground-truth as published in [27]; Middle
Row: minerals detected by proposed method (SCF in preprocessing for con-
tinuum removal, WSSC for identification); Bottom Row: absorption feature
matching between mean spectra of detected pixels and spectral library [28].

The Cuprite dataset is known for its discontinuous spectra at
specific wavelengths, at 0.65, 1.24, 1.34 and 1.67 µm, which
divides the wavelength domain into five distinct regions. To
address this issue, the preprocessing steps, including SCF, are
applied to each region separately. For WSSC, the match index
is calculated by summing the separate match indices of the
different regions. Different sets of spectral regions are selected
to identify different minerals. For instance, to identify alunite
minerals, only the two ranges between 1.34-1.67 µm and 1.68-
2.17 µm are considered, as these contain the key absorptions
that distinguish alunite from similar minerals.

The spatial distribution map of the most dominant three
minerals in the site, that are kaolinite, alunite and chalcedony,
as identified by WSSC is presented in figure 7. Kaolinite is
a common clay mineral found in many soils and sedimentary
rocks. It is mainly composed of aluminium silicate. Kaolinite
has a prominent 1.4-µm feature due to vibrations of hydroxyl
groups and a doublet at 2.2 µm (cantered at 2.16 and 2.21µm)
from a combination of vibrations of Al-OH [29]. Alunite
is a hydrous potassium aluminium sulfate mineral. The key
spectral features of alunite are similar to Kaolinite along with
another prominent absorption at 2.32 µm [27]. Chalcedony is a
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(a) Mg-Carbonate (b) HCP (c) Mg-Smectite

Fig. 8. Detected dominant minerals in CRISM MTRDR data FRT93BE.
Top Row: Browse Products (left- CR2, red/magenta coloured pixels indicate
Mg-Carbonate) (middle- MAF, blue/magenta coloured pixels indicate HCP)
(right- PFM, cyan coloured pixels indicate Fe/Mg-Smectite); Middle Row:
minerals detected by the proposed method using SCF for continuum removal
in preprocessing and WSSC for identification; Bottom Row: absorption feature
matching between mean spectra of detected pixels and corresponding spectra
from MICA library [12].

type of silica mineral that is found in a variety of forms (agate,
onyx, and jasper) and is composed of very fine intergrowths of
quartz and moganite. Chalcedony has a distinctive absorption
feature at 2.25 µm.

In [27] Clark et al. proposed imaging spectroscopy for
mineral classification and applied that particularly on Cuprite
data to produce a vast quantity of different mineral maps on
this region. The result obtained by the proposed method draws
a very prominent visual similarity on the detected dominant
minerals as shown in figure 7.

B. CRISM data

MTRDR CRISM data is publicly available through the
Planetary Data System (PDS), which is maintained by the
NASA Planetary Science Division [30]. The CRISM image
FRT93BE (latitude: 19.1N, longitude: 283.5W) captured from
the Jezero crater region is used in this study for mineral
identification. Jezero Crater is a large impact crater located on
the western edge of Isidis Planitia on the planet Mars. Jezero
Crater is of great interest to scientists because it contains a
delta at the western end barring the presence of clay minerals,
which are indicative of the presence of liquid water in the past
[31]. The dominant minerals in this region include olivine,
pyroxene, and plagioclase feldspar, which are all common

minerals in basaltic rocks. The image contains 804×832 pixels
with 489 bands covering a wavelength range of 0.43-3.89 µm.
However, in this experiment, only the wavelength range of 1-
2.6 µm is considered, as various studies have shown that most
of the absorptions in different mineral spectra occur in this
wavelength range [32].

The detected dominant minerals in the scene are Mg-
Carbonate, High-Calcium Pyroxene (HCP) and Mg-Smectite.
Mg-Carbonate is a carbonate mineral with strong spectral
features at 2.2-2.4 µm and a weaker feature at 2.33 µm,
attributed to carbonate ions and hydroxyl/water in the crystal
structure, respectively. HCP is a mafic mineral with a deep
absorption feature at 0.9 µm due to iron and magnesium, a
prominent feature at 1.2 µm due to calcium, and a shoulder
feature at 1.6 µm due to electronic transitions. Mg-Smectite
is a phyllosilicate mineral with spectral features at 1.8-1.9
µm attributed to OH groups and metal-oxygen bonds, and
a characteristic feature at 2.2-2.35 µm due to stretching
vibrations of OH groups and Mg-O bonds in the octahedral
sheet of the crystal structure. Mg-Smectites in the scene are
likely to be combined with Carbonates in a large abundance.
The obtained mineral maps are mostly consistent with the
browse products provided with the image which are shown
in figure 8.

V. DISCUSSIONS AND CONCLUSION

This paper introduces a new technique called Segmented
Curve Fitting (SCF), which is designed to effectively remove
non-convex-shaped continuum in spectra. SCF achieves this
by extracting more shoulder points of the existing absorptions
in the spectra, than the traditional approach of estimating the
continuum using an upper convex hull (UCH). This method
preserves the resemblance of distinct absorption features be-
tween a test spectrum and its corresponding library spectrum
more effectively than the previous method, UCH. This is
demonstrated by calculating the mean shift of band-minima
position and the difference in FWHMs on a set of synthetic
datasets with varying degrees of complexity. When it comes to
mineral identification, the proposed SCF method outperformed
UCH when the identification is based on a spectral region
correlation method, Weighted Sum of Segment Correlation
(WSSC). However, SCF performed similarly to UCH when
mineral identification in the synthetic datasets is done by a
convolutional neural network model.

When the experiments were conducted on real CRISM
TRDR dataset, mineral identification using the WSSC method
with continuum removal by SCF showed an improvement in
accuracy of over around 8% compared to using the UCH
method for continuum removal, and around 2% if identifica-
tion was performed using a CNN model, After examining the
mineral group-wise accuracies, it was observed that the SCF
method may not be very effective in segregating prominent
broad-band absorption signatures or sharp absorptions within
broad bands. Overall, the effectiveness of the proposed SCF
method lies in detecting narrow to medium absorptions from
spectra with curvature distortion more effectively than the
existing method.
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The proposed SCF method could be extended in the follow-
ing aspects to improve its performance:

• SCF uses all the local maxima in a spectral region to
fit a parabolic curve. This process could be made more
selective by imposing certain criteria on the maxima.

• The method could be applied recursively to test spectra to
extract additional local absorptions until a stop criterion
is met.

• The method could be further extended to automatically
distinguish broad absorptions. The above suggestions or
other approaches could be explored to achieve this goal.
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