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ABSTRACT
Spectral unmixing-based estimation of material abundances in 
hyperspectral imagery has a variety of applications in mineralogy, 
environmental monitoring, agriculture, food processing, pharmacy, 
etc. A substantial body of literature is available on different inver
sion algorithms, optional pre-processing such as dimensionality 
reduction, and algorithms for endmembers extraction. The quality 
of abundance estimation depends on the number of materials, size, 
the geometrical orientation of materials, the source of endmem
bers, and the inversion algorithm used. However, there is a lack of 
studies on one-to-one assessment of the retrieval of abundances 
under various scenarios of spectral material distributions, the spa
tial resolution of the imagery, and the potential of in-situ reflec
tance measurements as candidate endmembers. The unavailability 
of comprehensive benchmark data coupled with pixel-to-pixel 
ground truth data has impeded comprehensive assessment of the 
first principles of spectral unmixing from a verifiable experimental 
perspective. The objective of this research is assessing the dynamics 
of material abundance as a function of the source of endmembers, 
spatial resolution, number of materials, and the size of materials. 
Linear and its sparse-based spectral unmixing algorithms were 
implemented on the datasets acquired for the estimation of abun
dances, considering the different scenarios of material distributions, 
spatial resolution, and the source of endmembers. We validated the 
results using pixel-to-pixel ground truth maps prepared for the 
different cases of spectral unmixing. The results provide answers 
to some critical open challenges in spectral unmixing, such as, (i) for 
an unambiguous detection, the fractional distribution of material 
has to be at least 1% of the pixel, (ii) endmembers from the in-situ 
spectra based on the external spectral library can offer reasonably 
good abundance estimates (an error of up to 20% compared to the 
image-based endmembers), and (iii) geometric orientations of 
materials in the ground sampling distance influence the abundance 
estimations. The benchmark dataset generated in this work is 
a valuable resource for addressing intriguing questions in spectral 
unmixing using hyperspectral imagery from a multi-resolution 
perspective.
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1. Introduction

Spectral unmixing has been a method of choice for the detection and mapping of surface 
materials in coarse resolution remote sensing imagery. Several typical surface material 
compositions have been quantified at the sub-pixel level in a range of multispectral 
imagery (Keshava and Mustard 2002; Keshava 2003; Bioucas-Dias et al. 2012). However, 
due to the limited number of spectral bands and numerous different types of marginal 
surface distributions at the pixel level, sub-pixel material identification and mapping using 
spectral mixture modeling in multispectral imagery has met with limited success (Keshava 
2003; Bullock, Woodcock and Olofsson 2020). Hyperspectral imagery has reinvigorated 
the prospects of spectral mixture modeling for sub-pixel material identification and 
mapping. Given the increasing sophistication of hyperspectral imaging sensors, there is 
a strong potential for general and targeted material identification and quantification at 
fractional pixel-scale using spectral mixture modeling (Adão et al. 2017; Hua et al. 2021). 
Operational application development for material identification and quantification in 
various domains such as mineral prospecting, precision agriculture, environmental mon
itoring with linear or intimate mixtures of materials is expected to be a realistic goal in the 
near future.

In the classical linear mixing model, there exists a linear relationship between the 
fractional abundance of the materials comprising the ground-sampling unit (pixel) and 
the spectral radiance recorded. If the total surface area is proportionally divided with spatial 
connectivity maintained conforming to the fractional distributions of the constituent 
materials, the linear unmixing of the pixel will yield the same proportions matching to 
the characteristics of the associated ground-sampling unit (Nascimento and Martín 2020; Li, 
Ma and Sidiropoulos 2021). Linear spectral unmixing has two consecutive steps: estimation 
of endmembers – the representative spectra of the constituent materials, and inversion – 
estimation of the associated fractional areal distributions of materials, generally called 
abundances, for each pixel. Typical to hyperspectral imagery, dimensionality reduction is 
an optional process for reducing data redundancy and managing computational load.

Endmember, a pure spectral signature equivalent of a material, is the distinct 
spectral response pattern spectrally exemplifying a material’s physical and chemical 
properties (Nidamanuri and Zbell 2013). There are three approaches for acquiring 
endmembers for further application at the inversion stage of spectral unmixing. The 
first approach is the geometrical delineation of endmembers by mathematical extrac
tion of extreme pixels projecting the respective hyperspectral imagery in a multi- 
dimensional feature space. Popular algorithms such as N-FINDR (Zortea and Plaza 
2009; Park et al. 2021), pixel purity index (PPI) (Plaza and Chang 2005; Mishra, Govil 
and Srivastava 2021), vertex component analysis (VCA) (Nascimento and Dias 2005; 
Li, Ma and Sidiropoulos 2021), sequential maximum angle convex cone (SMACC) 
(Gruninger, Ratkowski and Hoke 2004; Cheng et al. 2021; Wei et al. 2021) belong 
to this approach. The second approach involves extensive human involvement 
wherein the endmembers are identified by human analyst delineation of select pixels 
from the locations known otherwise in the hyperspectral imagery. Endmember- 
candidate pixels identified using both the approaches are contextual. The endmem
bers are mathematically distinct but functionally indifferent, limiting the interpreta
tion value in labeling and abundance quantification. Further, the endmembers 
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selected are highly analyst-dependable and are influenced by spectral and geome
trical distortions, and noises. In the third approach, reference spectral library, the 
endmembers are collected from external sources, aggregating reference spectral 
measurements from reflectance measurement campaigns in-situ or under laboratory 
conditions (Cardoso-Fernandes et al. 2020; Hannula et al. 2020; Qi et al. 2020). 
Building upon the commercial availability of sophisticated spectroradiometers and 
the possible multi-dimensional application potential, there has been an upsurge in 
the developments of reflectance spectral libraries. For example, USGS spectral library 
(Hou et al. 2019; Zhang, Zhang and Jiao 2021), ECOSTRESS spectral library (Meerdink 
et al. 2019), and spectral library by CSIRO (Chabrillat et al. 2019; Janik, Soriano-Disla 
and Forrester 2020) are available for public usage. These libraries are populated with 
reference spectral measurements of thousands of material types collected over 
a period of time and space. The spectral libraries are expected to be useful for 
different applications such as target detection, classification, material prospecting, 
and identity verification. However, their potential for spectral unmixing of hyper
spectral imagery is relatively unexplored.

During the last few years, several studies have attempted the unmixing of hyperspectral 
imagery, mainly focusing on the nature of inversion algorithms for unmixing under the 
linear versus non-linear mixing considerations (Li, Chen and Rahardja 2019; Borsoi, Imbiriba 
and Bermudez 2020a; Borsoi et al. 2020b; Drumetz, Chanussot and Jutten 2020; Hua et al. 
2021; Qi et al. 2021). Some of the studies focus on algorithms imposing the spatial continuity 
(Ghasrodashti et al. 2017; Zhang et al. 2018a, 2018b; Feng, Wang and Zhong 2019; Palsson, 
Sveinsson and Ulfarsson 2019; Zhang et al. 2019; Cheng et al. 2021) and endmember 
variability (Uezato, Fauvel and Dobigeon 2018; Shah and Zaveri 2019; Xu, Du and Fan 
2019) by simulation and using synthetic hyperspectral images. The estimated abundances 
from these algorithms are difficult to evaluate, and unconvincing procedures were used for 
the validation. The studies that used real hyperspectral images (Li et al. 2018; Palsson et al. 
2018; Shi et al. 2018; Wang, Shi and Cui 2018; Zhang et al. 2018a; Heylen et al. 2019; Hong 
et al. 2019; Jin et al. 2019; Koirala et al. 2019; Feng and Fan 2021; Liu et al. 2021) have 
considered dominant land cover classes for abundance estimation. Consequently, the 
unmixing process has primarily been pursued from a land use/cover mapping perspective. 
Theoretically, spectral unmixing requires that the tangible abundance fraction of a mixed 
pixel be accounted for in the scene. Mathematics supports this theory when the spectral 
mixture-candidates are composed of areal fractions with a linear distribution. Given the 
possibility of several geometrical and radiometric distortions in the hyperspectral imagery, 
further compounded by the philosophical assumptions made about pixel-materials com
positions, the smallest material fraction that can be retrieved is unknown. Understanding 
the vital issues of spectral unmixing requires hyperspectral images acquired with pixel-level 
knowledge-based ground-truth maps. Studies addressing these aspects of spectral unmix
ing are crucial for shedding light on theoretical considerations and practical implications 
(Zhao, Chen and He 2019; Cerra et al. 2021).

The number of materials vis-à-vis spatial resolution is considered the basis for attribut
ing a pixel as pure or mixed. Considering the spatial resolution of the imagery as a fixed 
parameter, spectral unmixing has been used to estimate the endmembers and their 
abundances. However, the relationship between spectral reflectance and material abun
dance varies substantially across different spatial resolutions and governs the applicability 
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of the spectral unmixing results across various sensors. The spatial resolution influences 
the quality of endmembers retrieved from the imagery (Kizel and Benediktsson 2020). No 
studies have addressed the spectral unmixing problem from considering the same 
material‘s pure and mixed pixel spectra at different spatial resolutions. Reference datasets 
of multi-resolution hyperspectral imagery are vital for comprehensive studies on spectral 
unmixing.

To understand the practical application aspects of the spectral unmixing of hyperspec
tral imagery, equally applicable for multispectral imagery, and make pixel-level ground 
truth-linked hyperspectral imagery datasets available, we designed a multi-prong experi
mental set-up for hyperspectral imagery unmixing. The objectives of this paper are (i) to 
formulate a benchmark dataset for spectral mixture modeling of hyperspectral imagery 
and (ii) to perform quantitative analyses of the material-abundance estimations in hyper
spectral imagery using linear spectral unmixing methods. Specifically, this paper attempts 
to answer the following questions of broader relevance to spectral unmixing.

(a) What is the functional accuracy of the estimated abundances in real hyperspectral 
imagery?

(b) What is the correlation between the abundances estimated using endmembers 
drawn from an independent spectral library and from the imagery itself?

(c) Considering linear spectral mixing, what is the smallest material abundance that 
can be unambiguously retrieved from a given spectral mixture?

(d) How does the number of endmembers in a mixed pixel affect the quality of 
abundance estimation?

(e) What is the impact of spatial resolution on the accuracy of abundance estimations?

To address these specific issues and advance the understanding of spectral mixing 
phenomena from the surface-material perspective (Figure 1), we acquired several hyper
spectral datasets at different spatial resolutions under natural illumination using 
a ground-based terrestrial hyperspectral imager. Pixel level information on the composi
tion of materials, endmembers and the different geometrical orientations and spatial 
distributions of materials were recorded. We present the details of the experimental set- 
up and the results of unmixing the acquired benchmark hyperspectral imagery from 
a semi-empirical evaluation of the proof-of-concept (PoC) perspective. Four algorithms 
belonging to two different categories were used for the identification and abundance 
estimations of various material candidates in the imagery. Results were validated by 
comparing with the ground truth maps generated for each scenario and using statistical 
measures.

2. Methodology

An overview of the methodology adopted is shown in Figure 2. Each element of the 
methodology: experimental design, methods used, generation of independent spectral 
libraries, various cases of spectral unmixing, and the validation method are described in 
the following sub-sections.
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2.1. Experimental design and data acquisition

2.1.1. Spatial mixtures of materials and reference geometrical pixel positioning
At the functional level, spectral mixing of the radiance recorded by a remote sensor is the direct 
consequence of the presence and differential spatial distributions of various materials in the 
ground sampling distance (GSD), aka pixel. For an unambiguous realization of theoretical 
considerations in the spectral mixture modeling, the reference spectral data has to conform 
and meet key requirements – uniformity of texture, material types and hence their end
members, known spatial dimensions of materials – areal fractions, nature of distribution in 
the GSD, and boundary adherence. Adhering to these key requirements, we conceptualize the 
reference data as an amalgamation of different color grids printed on a common printing 
material. Different types of colors represent different endmembers, and their spatial distribu
tion apportions different types of materials. The boundaries of the printed color grids are 

Figure 1. (a) Ideal case for linear spectral unmixing in a single pixel and the smallest fractional material 
in a pixel (represented by the violet color) across different spatial resolutions, and (b) impact of 
different factors on abundance estimation.
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delineable. Different scenarios of the size, spatial distribution, and orientations of different 
materials can be realized by printing reference colors varying the area, spatial spread, and 
location in the print grid. Different cases of ‘spectral mixtures‘ can be generated by forming 
different combinations of colors, sizes, orientations, and positioning. Analogous to imagery, 
each color grid represents a pixel. A single color grid represents a pure pixel; grids with 
different combinations of colors represent mixed pixels.

Satisfying the different data requirements of the objectives, we designed three differ
ent scenarios of spectral mixing, generating benchmark imagery with three different 
types of mixed pixels with five different spectral candidate colors – green, magenta, 
red, blue, and violent. Accordingly, there are three different datasets of imagery. The 
size of each color grid is 2 cm.

The first category of imagery contains pixels of pure colors without any local back
ground. The dataset consists of five imagery of pure colors and five imagery of mixers of 
colors varied by size and spatial orientation. For ease of reference, we name this dataset as 
‘background-free-mixture (BFM)‘. The detailed area proportions considered and the label 
assigned for each case of the spectral mixing are presented in Table 1, and the corre
sponding images are presented in RGB composition in Figure 3.

Figure 2. Overall methodological framework adopted for the study.
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The second dataset contains ten imagery, with each imagery containing a different 
proportion of violet color on a green color local background. This is a mixture of two 
colors, foreground and background, representing two materials-endmembers. Named 
‘single-background-mixture (SBM)‘, the different areal proportions of the foreground 
considered, and its graphical representation are shown in Table 2 and Figure 4.

Table 1. Dataset-1: background-free mixture (BFM): areal proportions (%) and 
labeling of different cases of mixtures.

Mixture Green Magenta Red Blue Violet

M1 100 0 0 0 0
M2 75 0 0 25 0
M3 50 0 25 25 0
M4 25 25 25 25 0
M5 0 0 50 50 0
M6 0 0 50 50 0
M7 0 100 0 0 0
M8 0 0 0 0 100
M9 0 0 100 0 0
M10 0 0 0 100 0

Figure 3. RGB representation of the different mixtures considered for dataset-1, background- free- 
mixture (BFM).

Figure 4. RGB composition of the different mixtures considered for dataset-2, single background 
mixture (SBM).

Table 2. Dataset-2: single background mixture (SBM): 
areal proportions (%) and labeling of different cases of 
mixtures.

Mixture

Background Foreground

Green Violet

S1 99.75 0.25
S2 99 1
S3 97.75 2.25
S4 96 4
S5 93.75 6.25
S6 91 9
S7 87.75 12.25
S8 84 16
S9 79.75 20.25
S10 75 25
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The third case, named ‘multiple-background-mixture (MBM)‘, is the combination of the 
first two cases – a single foreground color with different areal proportions portrayed on 
equal areal proportions of four different colors as local background. The different propor
tions considered, labeling and the graphical representation are presented in Table 3 and 
Figure 5.

There are ten different variations of the material-background distributions or orienta
tions in each mixture scenario. The color grid materials were tightly affixed to a tripod- 
mounted wooden board coated in black. There was a radial distance of 10 cm between 
each pair of candidate mixture materials.

2.1.2. Imagery acquisition
The design of the proposed experimental set-up is shown in Figure 6. We used 
a terrestrial hyperspectral imager (THI) (Headwall Photonics, USA, A-series) to 
acquire hyperspectral imagery. The THI used is a high spectral resolution (854 
spectral bands) pushbroom imaging system acquiring imagery in the 400 to 1000  
nm region of the electromagnetic spectrum. The image size is determined by two 
system parameters: spatial pixels and object-space sampling interval. The THI has 
1004 spatial pixels resulting in equivalent image size of 1004 rows. The object 
space sampling interval, yielding the number of columns, is controlled by the frame 
rate and the angular field of view and rotation speed of the rotating stage. The 
frame rate of the THI used is 90 and the rotating stage has 360° angular view with 
selectable rotational speed with 0.01 and 300 as minimum and maximum limits 
respectively. The rotational speed and number of spatial pixels can be optimized to 
suit the size of object-space being imaged. Imagery with different spatial resolu
tions can be acquired by altering the distance between the object-space and the 

Table 3. Dataset-3: Areal proportions (%) and labeling of different cases of mixtures of multiple- 
background-mixture (MBM).

Mixture

Background Foreground

Green Magenta Red Blue Violet

D1 24.9375 24.9375 24.9375 24.9375 0.25
D2 24.75 24.75 24.75 24.75 1
D3 24.4375 24.4375 24.4375 24.4375 2.25
D4 24 24 24 24 4
D5 23.4375 23.4375 23.4375 23.4375 6.25
D6 22.75 22.75 22.75 22.75 9
D7 21.9375 21.9375 21.9375 21.9375 12.25
D8 21 21 21 21 16
D9 19.9375 19.9375 19.9375 19.9375 20.25
D10 18.75 18.75 18.75 18.75 25

Figure 5. RGB representation of the different mixtures considered for dataset-2, multiple background 
mixture (MBM).
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imaging system and using the objective lens of different focal lengths. Avoiding the 
problem of radiance signal saturation during the imagery acquisition process, the 
exposure time was manually adjusted. Exposure adjustment was done by focusing 
on a barium sulfate (white reference) until we observed a clear separation of the 
black and white lines on the camera live feed on the connected computer system. 
Based on the exposure time, the angular speed of the rotating stage was calculated 
and fed into the rotation stage control unit. We placed the white reference panel in 
the scene such that it lies within an area outside the targeted scene. We captured 
datasets of different spatial resolutions by maintaining different distances: 5 m, 10  
m, 25 m, 50 m, and 62 m. The distance between the THI and the target scene was 
measured by a high accuracy laser distance meter.

2.1.3. Experimental data description
Corresponding to each mixture scenario, the candidate imagery representing the 
different variations of the materials‘ combination, background extent or orientation 
of the material distributions were extracted from the acquisition scene of the THÍ. In 
total, we acquired 30 candidate imagery potentially representing the different pos
sibilities of spectral unmixing at the surface. To ensure all the foreground pixels‘ 
retention, the candidate imagery was extracted by allowing residual global back
ground (black). The total number of foreground and background pixels in each 
candidate imagery was computed. Due to the practical limits of the imaging process 
and manual interventions, there is a marginal difference between the theoretical and 
actual number of target pixels. Details of the pixel composition of different candidate 
imagery at five different spatial resolutions for the ten different variations of the 
mixtures are presented in Table 4.

The THI acquires imagery in the radiance form. To enable data comparison across 
devices, and space-time scenarios, we calibrated and normalized the datasets to 
reflectance datacubes using the measurements acquired on the reference panel. 
Due to several external factors, and dynamic environmental conditions, the 

Figure 6. Synoptic view of the proposed experimental setup in sun light, acquired at different 
distances.
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reflectance datacubes exhibit local spikes or troughs in the spectral domain. We 
applied the Savitzky and Golay filter (Winkler 1993; Savitzky and Golay 1964), popu
larly known as the Savgol filter, for smoothing the datasets.

2.2. Reference spectral libraries – sources of endmembers

Apart from the methods of inversion, the source and quality of endmembers determine the 
nature of spectral unmixing and hence the validity of the abundances. Ensuring complete
ness and quality of material-spectrum, endmembers were extracted from two different 
sources – in-situ reflectance measurements and from the corresponding imagery for each 
case of the spectral unmixing considered. Concurrent with the time of imagery acquisition, 
the in-situ reflectance measurements were acquired using a full range (350 nm to 2500 nm) 
hyperspectral spectroradiometer (SVC, HR-1024i) with a spectral resolution of 3 nm in VNIR 
and 5 nm in SWIR, resulting in data acquisition in 1024 spectral bands. The distance 
between the spectroradiometer and the material object was optimized for acquiring 
measurements with an objective lens of a 4º field of view. Spectral measurements on 
a white reference panel coated with barium sulfate (BaSO4) were also acquired for normal
ization and further computation of the reflectance spectra of the candidate materials. Each 
spectrum was measured by taking an average of ten intermediate spectral samples.

The THI acquires imagery in the VNIR range, 400–1000 nm. To make the spectral 
comparisons meaningful between the two different sources of endmember spectra, 
the in-situ spectral measurements were resampled to the spectral coverage and 
bandwidth of the THI. The spectral reflectance measurements were further organized 
in the form of spectral libraries with the flexibility of changing entries to reflect the 
experimental conditions of spectral unmixing in each spectral unmixing scenario. 
Figure 7 shows the mean spectral profiles of the color-material candidates consid
ered from the spectroradiometer and the THI.

Table 4. Number of target pixels in the candidate imagery at different spatial resolutions and material 
spatial proportions (fractions in the number of material pixels refer to the area excluded from a pixel 
due to boundary diffusion with background).

Area (%) Area (cm2)

Spatial resolution (cm)

0.16 0.32 0.80 1.61 1.99

Number of foreground pixels

100 4 154.565 38.641 6.183 1.546 1.005
75 3 115.924 28.981 4.637 1.159 0.754
50 2 77.283 19.321 3.091 0.773 0.503
25 1 38.641 9.660 1.546 0.386 0.251
0.25 0.01 0.386 0.097 0.015 0.004 0.003
1 0.04 1.546 0.386 0.062 0.015 0.010
2.25 0.09 3.478 0.869 0.139 0.035 0.023
4 0.16 6.183 1.546 0.247 0.062 0.040
6.25 0.25 9.660 2.415 0.386 0.097 0.063
9 0.36 13.911 3.478 0.556 0.139 0.090
12.25 0.49 18.934 4.734 0.757 0.189 0.123
16 0.64 24.730 6.183 0.989 0.247 0.161
20.25 0.81 31.299 7.825 1.252 0.313 0.204
25 1 38.641 9.660 1.546 0.386 0.251
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2.3. Spectral unmixing models

The benchmark datasets acquired are suitable for studying the linear and non-linear 
spectral unmixing categories from a range of spectral mixture modeling perspectives. 
Within the purview of this work, we considered experimental implementation from the 
linear spectral unmixing (LSU) perspective. Further, we implemented sparsity-based 
spectral unmixing algorithms to assess the applicability of endmembers extracted from 
the in-situ spectral library. Since the aim is not the development of new spectral unmixing 
algorithms per se, we considered two recent linear spectral unmixing algorithms with 
further development to the sparse unmixing method. We present a brief description of 
the algorithms used. Readers may refer to the citation for a detailed mathematical 
treatment of the algorithms.

In the LSU, the signal received at the sensor yi; i 2 1; 2; 3; . . . :nf gð Þ in n-bands is 
represented as:

yi ¼
Xm

m¼1

amei;m þ ηi (1) 

where, ei;m is the mth endmember at a ith- band, am is the amount of the fractional 
abundance of the mth endmember and ηi is noise caused due to the scattering effects in 
the path between the ground to the sensor in addition to the internal noise of the sensor 
(Eismann 2012).

Extending Equation (1) to a hyperspectral data matrix Y ¼ y1; y2; . . . :yp
� �

; we rewrite 
it as:

Y ¼ AE þ η (2) 

where A ¼ a1; a2; . . . :ap
� �

is the abundance matrix, and η ¼ η1; η2; . . . :ηp
� �

is the noise 
matrix.

Mathematically, LSU is a constraint problem where the abundance must be either 
positive or zero, i.e. (a � 0) (known as abundance non-negativity constraint (ANC)). 
Further, the sum of all abundances must be equal to one, i.e. 1T a ¼ 1

� �
(known as 

Figure 7. Spectral profiles of the candidate color-materials acquired from (a) terrestrial hyperspectral 
imager, and (b) from in-situ spectral measurements (external spectral library).
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abundance sum constraint (ASC)). These constraints give rise to two categories of pro
blems, popularly known as constraint least square (CLS) problem and fully constraint least 
square (FCLS) (Bioucas-Dias and Figueiredo 2010) problem, represented as:

CLS ¼ > ðPCLSÞ : min
a

1
2

AE � Yk k
2
2Subject to a � 0 (3) 

FCLS ¼ > ðPFCLSÞ : min
a

1
2

AE� Yk k
2
2Subject to a � 0; 1Ta ¼ 1: (4) 

The sparsity-based spectral unmixing can be obtained by transforming Equation (3) to 
a sparse regression problem (Bioucas-Dias and Figueiredo 2010; Iordache, Bioucas-Dias 
and Plaza 2011) and solving through the alternating direction method of multipliers 
(ADMM) (Bioucas-Dias 2009). For ease of reference, we name this algorithm as SUnSAL 
(spectral unmixing by splitting and augmented Lagrangian) and express it as:

SUnSAL ¼ > PSparse
� �

: min
a

1
2
k AE � Y k2

2 þλ k ak1 þ lRn
þ

Eð Þ (5) 

subjectgttogta � 0 

where :k k2 and :k k1 are ℓ2 and ℓ1 norms respectively; λ is a controlling parameter 

between two norms; lRn
þ

Eð Þ ¼
Pn

i¼1
lRn
þ

eið Þ is an indicator function related to the spectral 

library. Equating λ ¼ 0 in Equation (5), SUnSAL reduces to CLS problem.
The second unmixing algorithm, Collaborative Sparse Unmixing via variable Splitting 

and Augmented Lagrangian (CLSUnSAL), is an FCLS variant of the SUnSAL algorithm 
(Iordache, Bioucas-Dias and Plaza 2014) expressed in Equation (6).

CLSUnSAL ¼ < PCollaborativeSparse
� �

: min
a
k AE � Y k2

F þλ
Xm

k¼1

k akk2;1 þ l 1f g 1TE
� �

þ lRn
þ

Eð Þ

(6) 

subjectgttogta � 0; 1Ta ¼ 1:

In Equation (6), 
Pm

k¼1
k akk2;1 is ℓ2,1 mixed norm that provides the sparse solution and, XF 

is the Frobenius norm, and λ> 0 is the regularization parameter.

2.4. Validation and quantitative analysis

The performance of the spectral unmixing results for the various cases are validated 
at two levels- overall imagery and pixel-level using two widely used statistical 
measures.

At the pixel level, the quality of spectral unmixing has been assessed using the 
pixel-wise root mean square error (S – RMSE) computed between the input hyper
spectral imagery (Y) and the reconstructed hyperspectral image (bY) and is given by:

S � RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1 ypi � cypi

� �2

n

s

: (7) 
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For the functional area comparison, the quality of estimated abundance has been 
assessed using the relative areal error computed between ground truth area (a) and 
calculated mean abundance area (â) for each material and is given by:

Relativearealerror ¼
â � a

a
� 100: (8) 

3. Results and analysis

We present the results of the material abundances estimated from the imagery datasets 
as a function of background, number of materials, source of endmembers, inversion 
algorithms, and spatial resolution detailing the nature of matching and the error of 
estimation. For ease of readability, we organize the experimental results into different 
cases.

3.1. Case-1: When there are different numbers of materials in each pixel and are 
without local background

When there was only one material in the pixel and its endmember was extracted from the 
imagery, the estimated abundance matches ground truth-value across the algorithms 
with 99.9% accuracy (see Table 5). The apparent residual values of the relative areal error 
(Table 6) confirm the closeness of the estimated and the actual abundances. However, if 
the source of endmember was the external spectral library, the best retrieval percentage 
of the abundances dropped to about 81%. Similar to the pattern observed with the 
image-based endmember, the abundance retrievals from the external spectral library 
are consistent across the algorithms. However, the magnitude of the abundance changed 
substantially by the material type for both the sources of endmembers. The estimated 
abundances are stable across the spatial resolutions for the endmember extracted from 
the imagery. However, the abundances estimated from using the external spectral library 
as the endmember source indicate two distinct patterns of variation. First, the overall 
magnitude of the abundance estimated is about 20% lesser than the abundance esti
mated from the image-based endmember (see Figure 8). Second, the within-material 
abundance variation is relatively lesser even if the spatial resolution changes. The 
observed abundance trend is also reflected in the error estimates as quantified by 
S-RMSE (Figure 9).

When there are three materials in each pixel, the best estimate of abundance is 88% 
and 77%, respectively, for the endmembers extracted from the imagery and the external 
spectral library (Figure 10 and Table 7). The best material-specific distributions of the 
abundance are 24.86%, 24.85% and 38.54%, respectively, for the imagery with mixtures of 
25%, 25% and 50%. If the endmembers are extracted from the external spectral library, 
the best abundance distributions are 18.42%, 25.42%, and 33.24%. The intra-material 
variation of the abundances for the material with a smaller fraction is marginal across the 
spatial resolutions and sources of endmembers. However, the material with a large 
fraction (50%) exhibits substantial underestimation compared to the materials of smaller 
fractions. The trend is the same across the inversion algorithms and the source of 
endmembers.

INTERNATIONAL JOURNAL OF REMOTE SENSING 1463



Table 5. Summary of the material abundances estimated (in %) when there is only one material in the 
hyperspectral imagery and without local background (endmembers: Image – from the imagery; Field – 
from the external spectral library).

Mixture (Material) 
(Actual %) Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M1 (Green) (100) CLS 99.93 81.71 97.73 81.25 92.26 81.66 73.21 73.63 66.10 69.68
SUnSAL 99.92 81.71 97.72 81.25 92.25 81.69 73.20 73.65 66.08 69.65
FCLS 99.87 78.54 97.09 78.99 90.13 78.44 68.95 69.71 63.43 69.88
CLSUnSAL 99.87 78.54 97.09 78.99 90.13 78.43 68.95 69.78 63.44 69.91

M7 (Magenta) (100) CLS 86.66 68.75 88.69 70.58 88.49 70.69 82.97 67.25 79.72 64.78
SUnSAL 86.66 68.75 88.70 70.58 88.51 70.71 83.01 67.29 79.76 64.81
FCLS 86.42 67.27 89.60 69.50 93.82 69.47 92.74 67.35 87.25 63.08
CLSUnSAL 86.42 67.27 89.60 69.50 93.82 69.47 92.74 67.35 87.25 63.08

M8 (Violet) (100) CLS 82.71 63.09 86.71 65.34 86.23 60.90 95.72 58.06 93.57 54.01
SUnSAL 82.71 63.09 86.71 65.35 86.23 60.90 95.72 58.07 93.57 54.03
FCLS 82.81 60.19 86.67 64.20 85.86 59.29 95.26 55.41 92.99 50.13
CLSUnSAL 82.81 60.19 86.67 64.20 85.86 59.29 95.26 55.41 92.99 50.14

M9 (Red) (100) CLS 93.03 78.94 92.77 79.58 89.99 82.30 85.69 83.38 75.00 74.46
SUnSAL 93.03 78.94 92.77 79.58 90.01 82.32 85.72 83.41 75.03 74.49
FCLS 92.58 77.13 92.82 77.91 92.50 77.11 94.02 80.01 81.79 70.98
CLSUnSAL 92.58 77.13 92.82 77.91 92.50 77.11 94.02 80.01 81.79 70.98

M10 (Blue) (100) CLS 90.08 68.52 91.15 69.36 88.46 65.39 92.27 59.37 89.17 55.88
SUnSAL 90.08 68.52 91.14 69.36 88.44 65.38 92.22 59.36 89.12 55.86
FCLS 89.98 66.07 90.59 66.96 85.21 64.98 83.13 58.93 83.32 57.37
CLSUnSAL 89.98 66.07 90.59 66.96 85.21 64.98 83.13 58.95 83.32 57.40

Table 6. Summary of the relative areal error (%) in the abundances estimated when there is only one 
material in the hyperspectral imagery and is without local background (endmembers: Image – from 
the imagery; Field – from the external spectral library).

Mixture 
(Material) Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M1 (Green) CLS −0.07 −18.29 −2.27 −18.75 −7.74 −18.34 −26.79 −26.37 −33.90 −30.32
SUnSAL −0.08 −18.29 −2.28 −18.75 −7.75 −18.31 −26.80 −26.35 −33.92 −30.35
FCLS −0.13 −21.46 −2.91 −21.01 −9.87 −21.56 −31.05 −30.29 −36.57 −30.12
CLSUnSAL −0.13 −21.46 −2.91 −21.01 −9.87 −21.57 −31.05 −30.22 −36.56 −30.09

M7 (Magenta) CLS −13.34 −31.25 −11.31 −29.42 −11.51 −29.31 −17.03 −32.75 −20.28 −35.22
SUnSAL −13.34 −31.25 −11.30 −29.42 −11.49 −29.29 −16.99 −32.71 −20.24 −35.19
FCLS −13.58 −32.73 −10.40 −30.50 −6.18 −30.53 −7.26 −32.65 −12.75 −36.92
CLSUnSAL −13.58 −32.73 −10.40 −30.50 −6.18 −30.53 −7.26 −32.65 −12.75 −36.92

M8 (Violet) CLS −17.29 −36.91 −13.29 −34.66 −13.77 −39.10 −4.28 −41.94 −6.43 −45.99
SUnSAL −17.29 −36.91 −13.29 −34.65 −13.77 −39.10 −4.28 −41.93 −6.43 −45.97
FCLS −17.19 −39.81 −13.33 −35.80 −14.14 −40.71 −4.74 −44.59 −7.01 −49.87
CLSUnSAL −17.19 −39.81 −13.33 −35.80 −14.14 −40.71 −4.74 −44.59 −7.01 −49.86

M9 (Red) CLS −6.97 −21.06 −7.23 −20.42 −10.01 −17.70 −14.31 −16.62 −25.00 −25.54
SUnSAL −6.97 −21.06 −7.23 −20.42 −9.99 −17.68 −14.28 −16.59 −24.97 −25.51
FCLS −7.42 −22.87 −7.18 −22.09 −7.50 −22.89 −5.98 −19.99 −18.21 −29.02
CLSUnSAL −7.42 −22.87 −7.18 −22.09 −7.50 −22.89 −5.98 −19.99 −18.21 −29.02

M10 (Blue) CLS −9.92 −31.48 −8.85 −30.64 −11.54 −34.61 −7.73 −40.63 −10.83 −44.12
SUnSAL −9.92 −31.48 −8.86 −30.64 −11.56 −34.62 −7.78 −40.64 −10.88 −44.14
FCLS −10.02 −33.93 −9.41 −33.04 −14.79 −35.02 −16.87 −41.07 −16.68 −42.63
CLSUnSAL −10.02 −33.93 −9.41 −33.04 −14.79 −35.02 −16.87 −41.05 −16.68 −42.60
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The material abundances estimated from the hyperspectral imagery containing four 
different materials of equal size (25% each) are shown in Figure 11 and Table 8. When the 
source of endmembers is the imagery, the best estimate of abundance is about 108%, 
with 25.99%, 25.08%, 29.71% and 28.13% being the respective abundances for the four 
different materials. There is a moderate underestimation in the best estimate of abun
dance, (total 94.61%), with 23.21%, 24.58%, 25.32%, and 21.50% being the individual 
fractions of the materials when the endmembers were extracted from the external 
spectral library. However, the abundance estimates are greatly varied by the spatial 
resolution and material type, as evident from Figure 8 Compared to the results obtained 
from the imagery retrieved endmembers, the results obtained from the external library- 
derived endmembers are stable in that there is an underestimation by 14% to 60% 
consistent across the spatial resolution. Continuing the patterns observed in the previous 
cases, the influence of inversion algorithms on the abundances is marginal.

3.2. Case-2: Two materials in each pixel of the hyperspectral imagery and the 
effect of the difference in material‘s fractional size

Material abundances estimated from the hyperspectral imagery, when each pixel was 
composed of only two materials are presented in Figure 12 and Table 9. Results are 
presented for two different spatial orientations of the materials in the imagery. When 
the source of endmember was the imagery, the best estimate of abundance for the 
two different material types is 49.5%, a close match with the ground truth (50%). 
When the source of the endmember was the external spectral library, the most 
probable abundance is 40%. However, the abundance reduced substantially at 
coarser spatial resolutions and varied across the material types. When the spatial 
orientation of the two material segments is changed, there is a marginal difference of 
about 2% compared to the best case of estimation.

Figure 8. Estimated abundances and corresponding S – RMSE from different inversion algorithms at 
different spatial resolutions ((a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61 cm, and (e) 1.99 cm) when 
there is only one material with no local background using imagery (I) and external spectral library (F) 
endmember source for green (M1), magenta (M7), violet (M8), red (M9), and blue (M10) materials.
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Materials of different sizes: When the hyperspectral imagery contained only two 
materials with areal extents 75% and 25%, respectively, the abundances estimated exhibit 
contrasting patterns (Figure 13 and Table 10). The best estimates of abundances from the 
imagery-based endmembers match very closely (74.15% and 23.54%) with the ground 
reference abundance values. When the source of endmembers is the external spectral 
library, the best estimates of abundances are 66.23% and 17.93%, significant under
estimation (9%) compared to the reference abundance values. The response of 

Figure 9. Variation of the estimated abundances as a function of spatial resolution for the green 
material (M1) for different algorithms CLS (A), SUnSAL (B), FCLS (C), and CLSUnSAL (D) for endmember 
extracted from (a) imagery, and (b) external spectral library.
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abundance estimates to the changing spatial resolution presents two distinct patterns. 
The estimated abundances decrease as the spatial resolution becomes coarser. However, 
the rate of decrease is material-type dependent, as indicated by the size of the material 
candidate. The highest decrease of about 40% is observed for the material with 75% 
reference abundance endmembers. The range of difference in the abundances estimated 

Figure 10. For different spatial resolutions ((a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61 cm, and (e) 
1.99 cm) abundance estimates with error score (S-RMSE) when the hyperspectral imagery contained 
three different materials with no local background influence.

Table 7. Summary of the material abundances estimated when there are only three materials in the 
hyperspectral imagery and without local background (endmembers: Image – from the imagery; Field – 
from the external spectral library).

Mixture Material Actual % Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M3 (Blue) (25%) CLS 22.44 16.80 24.86 18.42 25.42 17.32 30.73 17.06 31.63 17.43
SUnSAL 22.44 16.80 24.86 18.42 25.42 17.32 30.72 17.06 31.62 17.43
FCLS 22.38 16.63 24.19 18.16 25.17 17.27 30.13 17.77 30.74 17.79
CLSUnSAL 22.38 16.63 24.19 18.16 25.17 17.27 30.12 17.77 30.74 17.79

M3 (Green) (50%) CLS 38.22 32.13 36.92 33.24 32.66 32.33 23.11 26.60 17.55 24.19
SUnSAL 38.22 32.13 36.92 33.24 32.66 32.34 23.12 26.63 17.55 24.20
FCLS 38.54 32.23 36.45 33.01 33.02 30.16 24.31 23.95 18.25 21.61
CLSUnSAL 38.54 32.23 36.45 33.01 33.02 30.16 24.31 23.95 18.24 21.62

M3 (Red) (25%) CLS 23.89 20.32 25.80 22.53 24.83 25.50 24.56 27.96 20.34 24.24
SUnSAL 23.90 20.33 25.80 22.54 24.85 25.52 24.59 27.99 20.37 24.26
FCLS 23.83 19.40 26.05 21.48 28.25 21.98 31.95 25.42 25.27 20.95
CLSUnSAL 23.83 19.40 26.05 21.48 28.24 21.97 31.95 25.42 25.26 20.95
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at different resolutions is about 5% for both the imagery and external spectral library- 
based endmembers. The impact of spatial resolution on the abundances is very high on 
the imagery-based endmembers compared to the external spectral library.

Table 8. Summary of the material abundances estimated when there are only four materials in the 
hyperspectral imagery and without local background (endmembers: Image – from the imagery; Field – 
from the external spectral library).

Mixture Material Actual % Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M4 (Blue) (25%) CLS 27.69 19.59 32.10 22.47 29.23 20.27 38.49 23.08 34.76 20.22
SUnSAL 27.69 19.59 32.09 22.47 29.22 20.26 38.47 23.08 34.73 20.21
FCLS 25.99 20.96 29.75 23.21 26.05 20.05 31.15 22.43 28.53 20.96
CLSUnSAL 25.99 20.96 29.75 23.21 26.04 20.05 31.15 22.43 28.54 20.96

M4 (Green) (25%) CLS 31.71 27.89 25.26 24.03 19.07 17.29 11.88 18.43 8.82 12.29
SUnSAL 31.70 27.89 25.26 24.03 19.08 17.30 11.91 18.45 8.84 12.30
FCLS 32.56 29.38 25.68 24.58 27.31 15.85 25.09 14.94 18.78 9.95
CLSUnSAL 32.56 29.38 25.68 24.58 27.31 15.85 25.08 14.94 18.75 9.98

M4 (Red) (25%) CLS 33.30 28.56 34.87 30.32 31.26 33.20 30.75 35.34 19.89 25.32
SUnSAL 33.30 28.56 34.87 30.32 31.26 33.21 30.76 35.36 19.90 25.33
FCLS 32.34 28.93 33.89 30.13 30.80 29.77 29.71 31.32 18.01 22.99
CLSUnSAL 32.34 28.93 33.89 30.13 30.80 29.76 29.72 31.32 18.02 22.99

M4 (Magenta) (25%) CLS 14.18 10.43 13.86 10.23 15.16 8.26 18.25 11.19 21.47 13.06
SUnSAL 14.18 10.43 13.86 10.23 15.17 8.27 18.27 11.20 21.50 13.07
FCLS 15.24 9.55 15.08 9.56 20.93 8.45 28.13 11.58 28.94 11.23
CLSUnSAL 15.24 9.55 15.08 9.56 20.93 8.44 28.13 11.57 28.92 11.23

Figure 11. Quantitative comparison of the abundances estimated and the corresponding S-RMSE at 
different spatial resolutions (a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61 cm, and (e) 1.99 cm through 
different unmixing algorithms.
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3.3. Case-3: When the pixel in the hyperspectral imagery has homogenous 
background and has only one material of different fractions

Abundance estimations for the case of hyperspectral imagery with a homogenous back
ground and with different discrete fractions of a single material (ranging from 0.25% to 
25%) are summarized in Table 11 and Figure 14. When the material occupies only 0.25% in 

Table 9. Summary of the material abundances estimated when there are only two materials in the 
hyperspectral imagery and are without local background (endmembers: Image – from the imagery; 
Field – from the external spectral library).

Mixture Material Actual % Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M5 (Blue) (50%) CLS 48.63 37.43 46.46 35.45 46.84 31.06 51.99 31.35 41.93 24.68
SUnSAL 48.63 37.43 46.46 35.45 46.84 31.06 51.99 31.36 41.93 24.69
FCLS 46.50 37.89 44.82 35.54 47.23 30.97 54.23 32.15 42.96 24.62
CLSUnSAL 46.50 37.89 44.82 35.54 47.23 30.97 54.23 32.15 42.95 24.62

M5 (Red) (50%) CLS 43.09 36.21 42.37 36.04 42.48 38.99 39.82 39.90 34.54 35.29
SUnSAL 43.09 36.21 42.37 36.05 42.49 39.01 39.85 39.93 34.57 35.31
FCLS 42.74 35.46 42.67 35.26 46.82 36.40 49.05 39.06 40.62 32.56
CLSUnSAL 42.74 35.46 42.67 35.26 46.82 36.40 49.05 39.06 40.62 32.56

M6 (Blue) (50%) CLS 43.68 32.83 45.51 33.56 43.95 28.30 48.26 29.38 50.04 29.10
SUnSAL 43.68 32.83 45.51 33.56 43.95 28.30 48.27 29.38 50.04 29.11
FCLS 43.19 32.92 44.73 33.47 44.16 28.15 49.19 29.33 49.72 29.00
CLSUnSAL 43.19 32.92 44.73 33.47 44.15 28.14 49.19 29.33 49.72 29.00

M6 (Red) (50%) CLS 45.05 37.55 46.10 38.70 44.25 40.27 41.29 41.79 34.72 34.19
SUnSAL 45.05 37.55 46.11 38.70 44.27 40.30 41.32 41.82 34.74 34.22
FCLS 44.39 36.38 46.16 37.53 47.29 36.48 48.00 38.21 39.48 30.87
CLSUnSAL 44.39 36.38 46.16 37.53 47.29 36.48 48.00 38.21 39.48 30.87

Figure 12. Estimated abundances and the corresponding S – RMSE from different inversion algorithms 
at different spatial resolutions ((a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61 cm, and (e) 1.99 cm) when 
there are only two materials with no local background in the hyperspectral imagery.
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the pixel, there is no actual material detection observed even at the highest spatial resolution. 
All the detected pixels are false positives. The detection of material in the pixel is apparent 
when the material fraction is 1% and above. Up to 9% material fraction, the estimated 
abundances are strongly correlated with the spatial resolution. Beyond that, the abundances 
estimated are somewhat independent of spatial resolution and are closer to the actual 
abundances. As evident in the range of values marked green in Table 11, there is an optimal 
range of spatial resolution in which the estimation of abundance is possible across the 

Figure 13. Estimates of abundances and the corresponding S – RMSE for the case of spectral unmixing 
of hyperspectral imagery of different spatial resolutions ((a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61  
cm, and (e) 1.99 cm) and form different inversion algorithms.

Table 10. Summary of the material abundances estimated when there are only two materials in the 
hyperspectral imagery and without local background (endmembers: Image – from the imagery; Field – 
from the external spectral library).

Mixture Material Actual % Algorithm

Spatial Resolution (cm)

0.16 0.32 0.8 1.61 1.99

Endmember source

Image Field Image Field Image Field Image Field Image Field

M2 (Blue) (25%) CLS 22.08 16.87 23.54 17.82 21.99 15.07 26.95 13.10 27.84 12.90
SUnSAL 22.08 16.87 23.54 17.82 21.98 15.06 26.91 13.09 27.80 12.89
FCLS 21.95 16.84 22.49 17.93 19.06 15.01 20.12 13.41 21.95 14.49
CLSUnSAL 21.95 16.84 22.49 17.93 19.06 15.01 20.12 13.41 21.95 14.49

M2 (Green) (75%) CLS 80.48 66.23 74.15 63.31 67.74 61.49 49.57 51.40 35.92 40.38
SUnSAL 80.48 66.23 74.14 63.31 67.73 61.50 49.54 51.41 35.90 40.35
FCLS 81.37 65.62 72.93 62.95 65.59 58.08 44.64 47.75 32.60 41.11
CLSUnSAL 81.36 65.62 72.93 62.95 65.59 58.07 44.65 47.75 32.60 41.11

1470 C. V. S. S. MANOHAR KUMAR ET AL.



inversion algorithms and source of endmembers. When the material fraction is up to 9%, the 
abundances estimated from using the external spectral library-based endmembers are rela
tively closer to the reference abundances. However, for the material fractions beyond 9%, the 
abundances from imagery derived endmembers exhibit a better match with the reference 
abundances. There are substantial false positives at coarser spatial resolutions independent of 
the inversion algorithm used and the source of endmembers.

3.4. Case-4: When the pixels has heterogenous background and the target 
material varies in size

The results of material abundances for the case of background composing with four 
different materials of equal proportion are presented in Table 12 and Figure 15. There is 
no trace of actual material detection when the target material‘s distribution within a pixel 
is up to 2.25%, irrespective of the source of endmembers, spatial resolution, and algo
rithms. The target material is detected with substantial false positives when the material 
fraction is 4–9% and is possible in high spatial resolution imagery and with both the 
sources of endmembers. Beyond the 9% proportion, the material is detected with the 
abundance matching reasonably closely with the reference values from both the imagery 
and external library-based endmembers. However, the quality of material detection, 
hence abundances, as evident in the form of false positives, is strongly related to spatial 
resolution. The variation of abundances by different inversion algorithms is marginal 
across the spatial resolutions and sources of endmembers.

Figure 14. Estimated abundances and associated error (S – RMSE) from the spectral unmixing of the 
multi-resolution hyperspectral imagery ((a) 0.16 cm, (b) 0.32 cm, (c) 0.80 cm, (d) 1.61 cm, and (e) 1.99  
cm) with a single background but with ten different sizes (S1 to S10) of the foreground material and 
from two different sources of endmembers (I: imagery; F: external spectral library).
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4. Discussion

Spectral unmixing has been a widely studied and yet relatively least understood domain of 
remote sensing application. Originally designed as a strategy for sub-pixel classification of 
coarse resolution multispectral imagery, the spectral unmixing has been studied from 
various aspects such as its application potential, nature of signal mixing, inversion 

Table 11. Summary of the estimation of material abundance (%) at the various amount of material‘s 
existence in the hyperspectral imagery. the values marked in red indicate no detection of the materials 
and hence are fully false positives. the values marked in orange represent the detection of the actual 
material fraction pixels but are largely overestimated or underestimated. Values expressed in green 
show the estimation of actual material abundance closely matching with the reference abundance.

Actual
material 
fraction 

(%)

Inversion
Algorithm

Spatial Resolution (cm)
0.16 0.32 0.8 1.61 1.99

Endmember source
Image Field Image Field Image Field Image Field Image Field

0.25

CLS 5.47 2.66 5.38 3.00 10.07 5.98 18.96 8.71 14.77 6.41
SUnSAL 5.47 2.66 5.37 3.00 10.06 5.98 18.95 8.71 14.77 6.41
FCLS 5.14 2.74 5.30 2.85 9.41 5.95 17.51 8.69 14.30 6.36
CLSUnSAL 5.14 2.74 5.30 2.85 9.41 5.94 17.50 8.69 14.29 6.36

1

CLS 3.75 1.24 5.65 3.02 12.06 7.01 21.54 8.30 21.85 9.14
SUnSAL 3.75 1.24 5.65 3.02 12.06 7.01 21.54 8.30 21.85 9.14
FCLS 2.99 1.10 4.78 2.99 11.44 6.87 20.32 7.96 21.14 9.14
CLSUnSAL 2.99 1.10 4.78 2.99 11.44 6.87 20.31 7.96 21.13 9.14

2.25

CLS 4.69 1.97 3.96 1.66 8.63 5.03 19.21 7.40 19.74 6.91
SUnSAL 4.69 1.97 3.96 1.66 8.63 5.03 19.20 7.40 19.74 6.91
FCLS 4.06 1.59 3.56 1.35 7.97 5.03 17.94 7.41 19.01 6.90
CLSUnSAL 4.06 1.59 3.56 1.35 7.97 5.03 17.94 7.41 19.01 6.90

4

CLS 6.31 2.78 6.64 3.22 9.03 5.29 21.38 9.15 22.36 7.35
SUnSAL 6.32 2.78 6.64 3.22 9.03 5.29 21.38 9.15 22.35 7.35
FCLS 6.07 2.39 6.37 2.84 8.48 5.29 20.19 9.08 21.69 7.32
CLSUnSAL 6.07 2.39 6.37 2.84 8.48 5.29 20.19 9.07 21.69 7.32

6.25

CLS 10.01 4.87 10.15 5.31 15.15 9.71 20.77 8.79 22.30 9.73
SUnSAL 10.01 4.87 10.15 5.31 15.15 9.71 20.76 8.79 22.29 9.73
FCLS 9.78 4.57 9.65 4.95 14.39 9.70 18.84 8.77 21.20 9.75
CLSUnSAL 9.78 4.57 9.65 4.95 14.39 9.70 18.84 8.77 21.19 9.74

9

CLS 11.66 5.95 11.23 6.59 14.92 9.51 24.33 11.37 26.14 11.35
SUnSAL 11.66 5.95 11.23 6.59 14.92 9.51 24.32 11.37 26.13 11.35
FCLS 11.26 5.31 10.95 6.13 14.23 9.51 22.69 11.36 24.92 11.39
CLSUnSAL 11.26 5.31 10.95 6.13 14.22 9.51 22.68 11.35 24.92 11.39

12.25

CLS 12.27 6.68 12.13 7.85 18.12 11.85 26.36 13.04 27.68 12.39
SUnSAL 12.27 6.68 12.13 7.85 18.12 11.85 26.35 13.04 27.68 12.39
FCLS 11.94 5.88 11.95 7.31 17.31 11.84 24.75 13.04 26.36 12.40
CLSUnSAL 11.94 5.88 11.95 7.31 17.31 11.83 24.75 13.04 26.35 12.40

16

CLS 17.26 10.94 16.51 10.87 18.24 11.88 24.85 10.27 27.74 12.68
SUnSAL 17.26 10.94 16.51 10.87 18.24 11.88 24.84 10.27 27.73 12.68
FCLS 17.03 9.70 16.38 9.74 17.45 11.87 23.19 10.27 26.72 12.72
CLSUnSAL 17.03 9.70 16.38 9.74 17.45 11.87 23.19 10.27 26.72 12.72

20.25

CLS 22.62 14.90 22.51 15.70 25.53 16.95 36.95 19.04 31.97 16.11

SUnSAL 22.62 14.90 22.51 15.70 25.53 16.95 36.94 19.04 31.96 16.11

FCLS 22.07 14.36 21.89 15.57 24.32 16.91 33.85 18.94 30.06 16.07

CLSUnSAL 22.07 14.36 21.89 15.57 24.32 16.91 33.85 18.93 30.06 16.07

25

CLS 24.19 16.34 23.22 16.57 26.57 17.81 33.52 16.85 36.41 16.60

SUnSAL 24.19 16.34 23.21 16.57 26.57 17.81 33.52 16.85 36.40 16.60

FCLS 23.49 14.91 23.07 15.97 25.71 17.81 31.41 16.82 34.19 16.60

CLSUnSAL 23.49 14.91 23.07 15.97 25.71 17.81 31.40 16.82 34.19 16.60
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algorithms, constraints, and propagation errors. Hyperspectral imagery has helped resolve 
some critical theoretical limitations of multispectral imagery and has renewed research on 
spectral unmixing. Spatial quantification of various sub-pixel constituents is expected to be 
the primary application of the spectral unmixing of hyperspectral imagery. Several studies 
have reported the potential of spectral unmixing of high-resolution hyperspectral imagery 
in agriculture (Bioucas-Dias et al. 2013; Lu et al. 2020; Salehani, Arabnejad and Gazor 2021; 

Table 12. Summary of the estimation of material abundance (%) at the various amount of material‘s 
existence in the hyperspectral imagery. the Values marked in red indicate no detection of the 
materials and hence are fully false positives. the values marked in orange represent the detection 
of pixels of the actual material fraction but are largely overestimated or underestimated. Values 
represented in green show the estimation of actual material abundance closely matching with the 
reference abundance (endmembers: Image – from the imagery; Field – from the external spectral 
library).

Actual
material 
fraction 

(%)

Inversion
Algorithm

Spatial Resolution (cm)
0.16 0.32 0.8 1.61 1.99

Endmember source
Image Field Image Field Image Field Image Field Image Field

0.25

CLS 4.44 5.01 9.18 11.05 34.02 21.79 39.92 13.93 43.53 20.23
SUnSAL 4.44 5.00 9.18 11.04 34.03 21.80 39.99 13.93 43.59 20.24
FCLS 4.28 5.27 8.80 12.05 40.20 21.55 53.86 19.19 50.36 23.24
CLSUnSAL 4.28 5.27 8.79 12.05 40.19 21.54 53.87 19.20 50.43 23.24

1

CLS 4.71 4.41 10.05 11.76 33.79 18.13 40.59 20.07 42.89 18.52
SUnSAL 4.71 4.41 10.04 11.75 33.81 18.14 40.63 20.07 42.96 18.51
FCLS 4.62 5.39 7.48 12.20 38.15 18.15 53.94 20.03 49.47 19.29
CLSUnSAL 4.62 5.39 7.47 12.20 38.15 18.15 53.93 20.03 49.47 19.27

2.25

CLS 6.74 6.74 13.03 14.74 32.86 18.48 44.21 22.67 52.18 24.27
SUnSAL 6.75 6.74 13.04 14.74 32.88 18.49 44.26 22.68 52.20 24.33
FCLS 6.42 9.44 13.14 14.55 35.64 17.21 53.64 23.31 55.57 27.54
CLSUnSAL 6.42 9.43 13.13 14.54 35.65 17.21 53.66 23.31 55.56 27.54

4

CLS 8.19 8.20 9.96 15.13 36.97 23.17 53.17 28.41 46.71 23.11
SUnSAL 8.20 8.20 9.97 15.13 37.02 23.19 53.19 28.45 46.77 23.10
FCLS 7.70 11.03 9.62 14.99 40.87 21.00 62.07 28.60 59.10 22.07
CLSUnSAL 7.70 11.03 9.61 14.99 40.87 20.99 62.10 28.60 59.14 22.08

6.25

CLS 7.74 7.07 12.99 12.26 38.47 24.97 49.10 25.43 50.90 27.47
SUnSAL 7.75 7.07 12.99 12.25 38.50 24.98 49.15 25.45 50.99 27.49
FCLS 7.49 6.71 12.20 10.49 45.80 24.10 58.77 29.84 61.17 27.84
CLSUnSAL 7.49 6.70 12.20 10.49 45.79 24.10 58.76 29.83 61.24 27.84

9

CLS 8.50 7.55 14.40 15.34 37.38 21.94 54.14 22.69 50.66 18.55
SUnSAL 8.50 7.55 14.41 15.34 37.41 21.95 54.21 22.72 50.82 18.56
FCLS 8.13 7.06 13.65 15.09 40.87 21.69 64.80 27.10 63.25 21.48
CLSUnSAL 8.12 7.05 13.65 15.08 40.88 21.69 64.82 27.11 63.28 21.48

12.25

CLS 9.80 8.88 16.73 15.71 44.67 28.20 50.67 29.44 54.44 29.09
SUnSAL 9.80 8.88 16.73 15.71 44.69 28.21 50.71 29.46 54.46 29.12
FCLS 9.72 8.89 16.29 16.15 48.97 27.26 59.35 29.60 62.92 30.39
CLSUnSAL 9.72 8.89 16.28 16.15 48.98 27.27 59.37 29.61 62.96 30.37

16

CLS 14.89 12.56 17.78 17.86 40.47 25.82 57.85 32.61 53.99 29.01
SUnSAL 14.89 12.56 17.78 17.85 40.48 25.83 57.91 32.62 54.06 29.00
FCLS 14.48 13.53 16.80 17.09 43.26 25.15 68.87 32.10 65.81 26.94
CLSUnSAL 14.48 13.53 16.79 17.09 43.27 25.15 68.85 32.12 65.85 26.95

20.25

CLS 20.09 16.25 21.76 23.08 41.26 26.74 58.20 29.93 49.25 29.78
SUnSAL 20.10 16.26 21.77 23.08 41.30 26.75 58.23 29.94 49.26 29.77
FCLS 19.35 17.35 19.05 20.78 45.12 24.89 61.67 32.15 59.22 28.96
CLSUnSAL 19.35 17.35 19.04 20.77 45.15 24.89 61.69 32.15 59.22 28.94

25

CLS 20.12 16.73 27.80 26.09 43.95 28.03 57.50 31.71 56.12 28.80
SUnSAL 20.13 16.74 27.81 26.10 43.98 28.04 57.52 31.74 56.20 28.83
FCLS 19.89 17.44 26.64 25.42 48.42 26.76 65.31 35.04 62.46 31.59
CLSUnSAL 19.89 17.44 26.63 25.42 48.43 26.76 65.31 35.04 62.54 31.62
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Zhu et al. 2021), mineralogy (Hong et al. 2019; Koirala et al. 2019), environmental monitor
ing (Siu, Traish and Da Xu 2021; Wang et al. 2021; Zheng et al. 2021), food quality 
assessment (Badaró et al. 2021), and medical diagnostics (Bench and Cox 2021; Wirth 
et al. 2021). Despite its potential application as a broad-based analytical approach in 
remote sensing, several fundamental questions and challenges are yet to be dealt with 
to make headway. Attempting to address the spectral abundance estimation issues from 
the linear versus non-linear perspective, the dominant body of literature deals with 
optional pre-processing stages such as dimensionality, algorithms for endmember extrac
tion, complicated inversion algorithms, and computational approaches. Most works have 
used standard satellite or airborne datasets and simulated imagery, considering the 
extensively distributed land use/cover categories as candidate materials for abundance 
estimations. The non-availability of unmixing-specific real-world benchmark datasets in the 
public domain has been one of the major impediments in pursuing research on spectral 
unmixing of hyperspectral imagery from a realistic perspective. This work has studied some 
vital issues in material abundance estimations in hyperspectral imagery from a solution- 
driven empirical approach and has contributed open-source high-resolution benchmark 
datasets for spectral unmixing. The experimental implementations assessing the magni
tude and change of abundances as a function of spatial resolution, number of composing 
materials, size and orientation of materials, source of endmembers, and background are 
carried out on the benchmark datasets acquired. We discuss objectively the key para
meters, features, results, and implications in the following sub-sections.

Figure 15. Estimated abundances and error scores (S – RMSE) retrieved from the spectral unmixing of 
multi-resolution hyperspectral imagery ((a) 0.16 cm; (b) 0.32 cm; (c) 0.80 cm; (d) 1.61 cm; (e) 1.99 cm) 
containing heterogeneous background and a single foreground material at different spatial size 
distributions (D1 to D10). Unmixing was performed using four different inversion algorithms (CLS, 
SUnSAL, FCLS, CLSUnSAL) using two different sources of endmembers (I: imagery; F: external spectral 
library).
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4.1. Impact of spatial resolution

Although unmixing is considered a spectral problem to solve for material abun
dances in coarse resolution imagery, the substantial range of spatial resolutions for 
a material of fixed spatial distribution introduces a multitude of uncertainties by the 
quality of endmembers, background-material interactions, and geometric factors. 
Contrary to the current notion of linear reduction of abundance due to decreasing 
spatial resolution (Li et al. 2011; Ghasrodashti et al. 2017), the results show a different 
pattern. The change of material abundances due to decreasing spatial resolution 
indicates three different possibilities: (i) there is only marginal to no change, (ii) 
linearly decreasing (underestimation), and (iii) non-linear, wherein both the over
estimation and underestimation are observed. The possible case is influenced by 
the material type and source of endmembers. While, in many instances, there is 
a consistent decrease in the abundances estimated (underestimation), there are 
instances, especially when there are relatively more materials composed, in which 
the abundances are overestimated. The changes in abundances may be due to the 
increased background complexity and illumination geometry. This observation sug
gests that there is a necessity of optimising the spatial resolution concerning the 
specific material(s) of interest by spectral unmixing.

4.2. Source of endmembers

Central to the spectral unmixing problem, endmembers and the related parameters – 
number of endmembers, source, and identification method, control the possibility and 
quality of abundance retrievals. Thanks to the full spectrum measurement of material‘s 
radiance in hyperspectral data, the estimation and location of endmembers for further 
consumption in spectral unmixing has been extensively studied (Somers et al. 2012; 

Figure 16. Amount of abundance estimated form high spatial resolution (arrow-head) to coarser 
(arrow-tail) spatial resolution for different material distribution.

INTERNATIONAL JOURNAL OF REMOTE SENSING 1475



Drumetz et al. 2019; Xu, Du and Fan 2019). Two parameters related to endmembers – the 
number of endmembers and the source of endmembers are decisive in the validity of 
abundances estimated. Partially supporting the previous observations (Bioucas-Dias et al. 
2012), imagery-derived endmembers offer abundance estimates consistently closer to the 
ground truth abundance. Compared to the estimates from imagery-derived endmembers, 
the estimates obtained from using the external spectral library as the source of end
members are consistently lower. However, the absolute value of the abundances 
retrieved from using the external spectral library is 70% to 80% of the ground truth 
value indicating the promise of using reference spectral libraries as sources of endmem
bers. Further, compared to the imagery-derived endmembers, the variation of abun
dances as a function of spatial resolution is relatively low. Based on the observed 
magnitude and the stability of abundances estimated from using the external library as 
the source of endmembers, developing spectral knowledge-based methods seem possi
ble (Baldridge et al. 2009; Meerdink et al. 2019), thereby enabling large-scale spectral 
unmixing tasks.

4.3. Influence of the type and number of materials

The abundances estimated are strongly influenced by the type of material, the 
number of materials, and their orientation. When there was only one material, the 
difference between the estimated and ground truth abundance was negligible 
(0.07%; green material) to substantial (20%; violet material) and maintained 
a similar trend across different spatial resolutions (Table 5). When there are two 
materials in the spectrum, the quality of the estimated abundance compared to the 
ground measured abundance is controlled by three factors – the type of material, 
orientation, and the spatial fraction of the material. Overall, the abundance difference 
is marginal (1.2%; blue material) to substantial (7%; red material). If the spatial 
orientation of the material is diagonal, then the difference of abundance is reduced 
marginally to 5%, and there is no noticeable difference between the abundances of 
different materials. If the two materials have substantial different fractions, e.g. 25% 
and 75%, the estimated abundances are overestimated as the spatial resolution 
decreases (see Table 10). The specific location of the smaller-fraction material in 
the pixel also influences the abundance. Estimated abundances of the material 
fraction located at the corner of a pixel are relatively closer to the ground truth 
abundance. Material fractions at the center of a pixel are substantially overestimated 
at the coarser spatial resolutions (see Tables 10 and 11 (20.25%)). Further, as the 
spatial resolution becomes coarser, the difference of the estimated and ground truth 
abundances is negligible for a few materials. When there are three materials with 
different spatial fractions, there is a general trend of underestimation of the abun
dances. The larger material fraction exhibits relatively higher underestimation (about 
12%) compared to the materials of smaller fraction (about 2.5%). If there are four 
materials in the pixel spectrum with equal spatial fractions, the estimated abun
dances exhibit a complex pattern wherein some materials are overestimated at the 
higher spatial resolution. As the spatial resolution becomes coarser, the same mate
rials are substantially underestimated. This indicates the material-specific nature of 
the spectral unmixing. Lack of distinct spectral features reduces the inter-material 

1476 C. V. S. S. MANOHAR KUMAR ET AL.



contrast and induces pseudo-background, which may be the primary factor respon
sible for this pattern. Overall, as the number of materials in a pixel spectrum 
increases, there is a general trend of overestimation of the abundances for most of 
the materials at the cost of substantial reduction of the abundance for a material 
that lacks distinct spectral features.

4.4. Spatial size, orientation and background complexity

The quality of material detection and the corresponding abundances vary substantially by 
the spatial size of the material. Three different possibilities are observed for the estimated 
abundances: no detection at all, detection with substantial false positives, and detection 
with a closer match with the ground truth abundance. Summary of the observations on 
the variation of the estimated abundance pertaining to material size and distribution 
within a pixel, as the spatial resolution varies, is visualized in Figure 16. The quality of 
abundances estimated is substantially influenced by the positioning and size of material 
in a hyperspectral pixel. The direction of change indicated by overestimation or under
estimation is controlled by the spatial resolution.

The minimum threshold fraction that material should distribute in the ground 
sampling distance for detection is varied by the nature of the local background. If 
the imagery is acquired with a homogenous local background, then a material with 
at least 1% spatial extent in the pixel is detected. If the local background is hetero
genous, then the minimum threshold increases to 4%. In both the cases of back
grounds, there are substantial false positives until the spatial size of the material is 
up to 9%. Beyond this, the material is detected without any false positives and the 
estimated abundance is closer to the ground measured abundance. However, the 
estimated abundances are strongly influenced by the spatial resolution and are 
linearly overestimated with the decreasing spatial resolution. Apart from the size of 
the material, the relative orientation also influences the quality of abundance. The 
cross-positioned material fractions are estimated better compared to the parallel- 
positioned material (see Figure 12 and Table 9).

4.5. Algorithms

Compared to the generation of benchmark datasets specific to spectral unmixing, 
most of the studies during the last two decades have focused on the pre-processing 
and inversion algorithms. Variants of non-linear and sparse modeling-based 
approaches have been extensively reported. While the broad perspective of linear 
vs non-linear spectral mixture is widely discussed, most practical approaches for 
spectral unmixing consider linear spectral mixing. Considering the influence of algo
rithms on the retrieval quality of abundances under different cases of the material- 
endmember-spatial resolution continuum, the results have been analyzed for the 
patterns of changes in the abundances as a function of inversion algorithms. Results 
indicate that, at the finer spatial resolutions, the difference in abundances across the 
different inversion algorithms is marginal (about 2%) and is less than the inter- 
material changes. In contrast, at the coarser spatial resolution, the changes in 
abundances from constrained (CLS) and fully constrained (FCLS) inversion algorithms 
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are substantial (about 3% to 5%) and are comparable to that of inter-material 
abundance changes. Results from the sparse and non-sparse inversion algorithms 
are similar across the materials, spatial resolutions, and sources of endmembers. This 
observation supports the premise that reference spectral libraries can be used as 
sources of endmembers (Baldridge et al. 2009; Meerdink et al. 2019) for potential 
operational and knowledge transfer-based spectral unmixing across different applica
tion domains.

4.6. Method of validating the material abundances

As a measure of validation in spectral unmixing, analogous to a reverse engineering 
problem, the estimated abundances and endmembers are used to reconstruct spec
tra for further comparison with the original spectra. Popularly known as the signal-to- 
reconstruction error (SRE) (Jiang et al. 2018), the metric quantifies the bulk of spectral 
magnitudes considering the broad-based spectral features and the spatially contin
uous abundances in the ground sampling distance. As a result, assessment of the 
quality of abundance is indirect and is ambiguous in that only pixel‘s spectral 
characterization in a few spatial-spectral combinations is reflected. The SRE does 
not map the footprint of the estimated abundances to the actual abundances. 
Therefore, the validation of spectral unmixing is indicated by statistical comparison 
of the reconstructed pixel with the original pixel, and the explicit comparison of the 
estimated abundances vis-à-vis actual abundances is not possible. As evident across 
the different scenarios of abundance estimations in this work, the quality of recon
structed spectra is outstanding, thus theoretically suggesting the closer matching of 
estimated and actual abundances. However, there have been substantial differences 
in the actual and estimated abundances in multiple cases of spectral unmixing 
scenarios considered. Results point out that reflectance spectra can be reconstructed 
mathematically by various ways of combining the base spectra of a material. We, 
therefore, suggest using direct area-based abundance validation metrics such as the 
relative areal fraction used in this study.

This study was undertaken considering the fundamental nature of material- 
radiation interactions and the relevance of differential spectral features across differ
ent materials. The experiments are implemented on various datasets of hyperspectral 
imagery acquired in natural illumination settings representing different material 
types, sources of endmembers, and spatial resolutions. There may be some uncertai
nities in the imaging-geometry driven abundances due to residual uncontrollable 
rapid-changes in solar illumination and mechanical movements of the platform. 
Nevertheless, the quality of data acquisitions and the general nature of experimental 
strategies met to such as extent that these residual limitations would not alter the 
interpretation and observations. While the results elucidate some critical aspects of 
spectral unmixing unaddressed so far, care should be exercised while extrapolating 
the observations to experiments on remote sensing data from aerial and satellite 
platforms. We recommend further studies on the non-linear nature of the object- 
space and the likely impact of geometric and radiometric inconsistencies through 
drone, airborne or satellite hyperspectral imaging. The benchmark datasets acquired 
with corresponding ground truth data are available for public access.
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5. Conclusions

The impact of various vital parameters of imaging-space and material-space for 
material-abundance using spectral unmixing has been assessed. To advance the 
state-of-the-art benchmark studies, we acquired multi-resolution hyperspectral data
sets with point-to-point ground truth measurements of materials‘ abundances and 
implemented spectral unmixing from various perspectives. Demonstrating the proof- 
of-concept on abundance estimations from a reference level, the results imply some 
new insights on the spectral unmixing problem in general, as stated below.

● Unambiguous estimation of material abundance is possible if the magnitude of the 
material distribution is at least 1% in the pixel.

● Easing the complex process of endmember detection in the imagery, results suggest 
that an external spectral library can be a functional source of endmembers. The error- 
accuracy estimates are comparable to that of the imagery-based endmembers.

● Compared to the substantial variations observed with the results from imagery- 
based endmembers, the magnitude of material abundances obtained from in-situ 
spectral library-based endmembers is stable across different spatial resolutions.

● Contrary to the belief that spectral unmixing is for coarser-resolution remote sensing 
imagery, results indicate that material abundances vary substantially by spatial 
resolution and that there is an optimal spatial resolution for different types of pixel 
composition, the number of materials, relative spatial distribution, and spectral 
distinctness compared to the background.

● The variations in the performance of different inversion algorithms are not substan
tial, and the simplified sparse algorithms offer a similar level of abundance retrievals.

The benchmark datasets will be valuable resources for the research community for 
studying spectral unmixing from different scenario-based and methodological 
perspectives.
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