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ABSTRACT

Vertex component analysis (VCA) has become a very
popular and useful tool to linear unmix large hyperspectral
datasets without the use of any a priori knowledge of the
constituent spectra. Although VCA is fast method, many
hyperspectral imagery applications require a response in real
time or near-real time.

This paper proposes two different optimizations for accel-
erating the computational performance of VCA: the first one
focus a parallel implementation based on graphics computing
units (GPUs) to alleviate the VCA computational burden; The
second one is focused on the development of a strategy to re-
move a large proportion of mixed pixels that play no effect on
the VCA functioning.

Experiments are conducted using simulated and real hy-
perspectral datasets. These results reveal considerable accel-
eration factors, which satisfies the real-time constraints given
by the data acquisition rate.

Index Terms— Hyperspectral Unmixing, Endmember
Extraction, Vertex Component Analysis, Graphics Process-
ing Unit, Parallel Methods.

1. INTRODUCTION

Remotely sensed hyperspectral images collect electromag-
netic energy scattered within their ground instantaneous
field of view in hundreds or thousands of nearly contigu-
ous spectral bands with high spectral resolution [1, 2]. This
technology provides enough spectral resolution for material
identification, facilitating an enormous number of applica-
tions in the fields of military surveillance, target detection,
environmental monitoring, oil spill and other types of chem-
ical contamination detection, biological hazards prevention,
and food safety [2].

This work was supported by FCT-IT under project PEst-
OE/EEI/LA0008/2011.

Due to low spatial resolution provided by these devices
and due to other effects (see [2, 3] for more details), sev-
eral spectrally distinct materials (also called endmembers) can
be found within the same pixel. Thus, each pixel can be
viewed as a mixture of the endmembers signatures. Linear
mixture model consider that these mixed pixels are a linear
combination of the endmember signatures present in the scene
weighted by the correspondent abundance fractions (i. e., the
percentage of each endmember). Consider a set of 𝑁 ob-
served vectors (pixels) of an hyperspectral image, where each
pixel denoted by y ∈ ℝ

𝐿 (𝐿 is the number of bands) is given
by

y = Ms+ n, (1)

where M ≡ [m1,m2, . . . , m𝑝] is a full-rank 𝐿 × 𝑝 mix-
ing matrix (m𝑗 denotes the 𝑗th endmember signature), 𝑝 is
the number of endmembers present in the covered area (with
𝑝 < 𝐿), s = [𝑠1, 𝑠2, . . . , 𝑠𝑝]

𝑇 is the abundance vector con-
taining the fractions of each endmember, and n is additive
noise vector (notation (⋅)𝑇 stands for vector transposed). To
be physically meaningful [3], abundance fractions are subject
to nonnegativity and full additivity constraints, thus, abun-
dance fractions are in the 𝑝− 1 probability simplex, i.e. {s ∈
ℝ

𝑝 : 𝑠𝑗 ≥ 0,
∑𝑝

𝑗=1 𝑠𝑗 = 1}. Considering that the columns
of M are affinely independent, the observed spectral vectors
in a given scene are in a 𝑝− 1 simplex in ℝ

𝐿 whose vertices
correspond to the endmembers.

Hyperpectral unmixing is a very important task in re-
motely sensed hyperspectral data exploitation. It amounts at
estimating the number endmembers (𝑝), their spectral signa-
tures (M), and their respective abundance fractions (s) [2].
Over the last decade several approaches have been developed
to automatically perform this task, exploiting geometrical and
statistical concepts [4].

Geometrical methods are based on the fact that, under the
linear mixing model, hyperspectral vectors belong to a sim-
plex set whose vertices correspond to the endmembers sig-
natures. Therefore, finding the endmembers is equivalent to
identifying the vertices of the referred to simplex [1]. These
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methods can be classified into pure-pixel-based and non-pure-
pixel-based methods. In the former case, it is assumed the
presence of at least one pure pixel per endmember in the
dataset, meaning that there is at least one spectral vector on
each vertex of the data simplex. This assumption, allows the
design of very efficient algorithms from the computational
point of view, some popular algorithms taking this assump-
tion are vertex component analysis (VCA), [1], the automated
morphological endmember extraction (AMEE) [5], the pixel
purity index (PPI), [6], and the N-FINDR [7, 8].

VCA has become a very popular and useful tool to unmix
large hyperspectral datasets in unsupervised fashion. VCA
is very fast, light from the computational point of view, and
accurate method that works with and without dimensionality
reduction. This method, since its publication has had an enor-
mous impact in the scientific community, being used on dif-
ferent areas such as band selection, clustering, and to initialize
other unmixing methods. Recently, VCA has been optimized
and implemented in different ways and in different platforms
towards the real time or near-real time required by many of
the above mentioned applications [9, 10, 11, 12, 13].

Thus, to met this requirement two different acceleration
strategies are proposed in this paper: i) To alleviate the VCA
computational burden, it is desirable to implement it in paral-
lel. Recently, graphics computing units (GPUs) have become
a topic of considerable interest due to their extremely high
floating-point processing performance, huge memory band-
width, compact size, and their comparatively low cost, which
have made them appealing for implementation of hyperspec-
tral imaging algorithms [14, 15]. In particular, they may be
suitable in the future for real-time processing of hyperspec-
tral data. This paper presents a GPU-based implementation
of the VCA algorithm; ii) Another optimization strategy pre-
sented in this paper focuses on the fact that VCA computa-
tional complexity is proportional to the number of pixels of
the dataset. It is found that not all the mixed pixels play a role
to find the vertices of the simplex. Therefore, a new prepro-
cessing technique is proposed to remove a large proportion
of mixed pixels that play no effect on the VCA functioning.
This procedure will cut down greatly the VCA computational
complexity.

The remainder of this paper is organized as follows. Sec-
tion 2 briefly describes the original VCA method, the pixel
removal optimization and the new and fully optimized GPU
implementation of VCA. Section 3 evaluates the proposed op-
timizations implementation in terms computational complex-
ity. Section 4 outlines the conclusions of the paper with some
remarks and future research lines.

2. VCA UNMIXING METHOD

VCA is an unsupervised method to unmix linear mixtures of
hyperspectral datasets and is based on the geometry of con-
vex sets. It exploits two facts: 1) the endmembers are the ver-

Fig. 1. Tree-dimensional diagram of an hyperspectral mixture
of four endmembers illustrating the VCA algorithm. Endme-
bers (circles); mixed pixels (dots).

tices of a simplex and 2) the affine transformation of a sim-
plex is also a simplex. VCA is a fully automatic algorithm
and it works with and without dimensionality reduction pre-
processing step. Has mentioned before, there are many real
situations where the hyperspectral vectors live in a subspace
of very low dimension compared with the available number
of bands (𝑝 ≪ 𝐿) and, thus, it is advantageous, in terms
of signal-to-noise ratio (SNR), memory usage, and computa-
tional complexity, to represent the spectral vectors in a signal
subspace basis [16].

The VCA algorithm iteratively projects data onto a direc-
tion orthogonal to the subspace spanned by the endmembers
already determined. The new endmember signature corre-
sponds to the extreme of the projection. The algorithm it-
erates until all endmembers are exhausted.

Fig. 1 illustrates the VCA method working on a sim-
plex defined by a mixture of four endmembers where circles
and dots represent pure-pixels (endmembers signatures) and
mixed pixels. In the first iteration, data is projected onto the
first direction f1. The extreme of the projection corresponds
to endmember m𝑎. In the next iteration, endmember m𝑏 is
found by projecting data onto direction f2, which is orthogo-
nal to m𝑎. Then, a new direction f3, orthogonal to the sub-
space spanned bym𝑎 andm𝑏 is generated and the endmem-
ber m𝑐 is found by seeking the extreme of the projection of
the dataset onto d3. VCA algorithm iterates until all 𝑝 end-
members are found (Full VCA algorithm can be found in [1]).

2.1. VCA Acceleration Strategies

2.1.1. Pixel Removal

Considering that VCA is applied for the dataset after the pro-
jection to the signal subspace [16], the computational com-
plexity of VCA is 2𝑝2𝑁 . Assuming thatY≡ [y1,y2, . . . , y𝑁 ]
is a 𝑝×𝑁 matrix where each column corresponds to the pro-
jection of the spectral vectors onto the signal subspace and f𝑘
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Fig. 2. Mixture of four endmembers illustrating the pixels
removal. (a) third iteration; (b) fourth iteration. Endmebers
(circles); mixed pixels (dots); removed pixels (crosses).

is the 𝑝× 1 vector representing the direction on 𝑘-th iteration,
the most consuming time operation is the projection of Y
onto direction d𝑘, i.e. the matrix-vector product f 𝑇𝑘 Y.

Since VCA computational complexity is proportional to
the number of pixels of the dataset, one way to reduce the
computational burden is to reduce the number of pixels to be
projected on each iteration. It is found that on each iteration
vectors that belong to the subspace spanned by the endmem-
bers found so far have null projection onto the new direction,
thus they can be removed since they are not candidates to be
endmembers. Fig. 2 illustrates the pixel removal strategy
functioning after two iterations. After the determination of
the first two endmembersm𝑎 andm𝑏 the direction f3 is gen-
erated. Note that all pixels in the edge {m𝑎, m𝑏} (denoted
by red crosses on Fig. 2(a) ) can be removed since they are
orthogonal to direction f3. On the next iteration, the new di-
rection will be orthogonal to subspace spanned by m𝑎, m𝑏

andm𝑐, thus all pixels inside this facet of the simplex can be
removed (illustrated by the shadow area on 2(b) ).

2.1.2. Pixel Selection

Another acceleration strategy is based on the fact that end-
members have extreme values on one (or more bands) thus
the scheme is based on the selection of those pixels that fall
on the extreme ends of each band. This strategy will reduce
drastically the number of pixels to be projected, reducing the
computational complexity of VCA.

2.2. Parallel VCA

As referred in the previous section the computational inten-
sive part of VCA is the the matrix-vector product f 𝑇𝑘 Y. To al-
leviate the computational burden it is desirable to implement
it in parallel. It is worth noting that each pixel projection can
be done independently from the other pixels projections. Re-
cently, graphics computing units (GPUs) has become a topic
of considerable interest due to their extremely high floating-
point processing performance, huge memory bandwidth and
their comparatively low cost [15].

Fig. 3. Illustration of parallel VCA in the GPU.

The proposed implementation exploits the GPU architec-
ture at low-level, using global memory to map the hyperspec-
tral image. The scheme is as follows, on each iteration the
generation of the direction f𝑘 is performed on the CPU and
transferred to the constant memory of the device, then a ker-
nel is used to compute (in parallel) the pixel projection on
the GPU. Finally, the result of the product is then processed
by the CPU to select the new endmember. Fig. 3 illustrates
the proposed parallel implementation, where the dataset is di-
vided into blocks, and each block has 32 threads. Note that,
to fully optimized the memory transfer procedure, we have
used the float4 variable data type and the minimum memory
allocation is 32 float, filling the unused floats with zeros.

3. PERFORMANCE EVALUATION

In this section, we apply the sequential and the parallel VCA
to simulated scenes and to the Cuprite dataset collected by
the AVIRIS sensor. Several simulated scenes where created
with different number of pixels and different number of end-
members. Each pixel is generated according to expression
(1), the spectral signatures are selected from the USGS dig-
ital spectral library1, containing 224 spectral bands covering
wavelengths from 0.38 to 2.5𝜇𝑚with a spectral resolution of
10𝑛𝑚. The abundance fractions are generated according to
a Dirichlet distribution which enforces positivity and full ad-
ditivity constraints (see [17] for details). Regarding Cuprite
subset it contains 350× 350 pixels with 187 spectral bands.

Concerning the sequential VCA is implemented in C
programming language running on a computer platform
equipped with a Intel i7-2600, with 16 Gbyte memory and the
parallel VCA is CUDA-based implementation on a GPU card
equipped with a GTX-590 from NVidia2 with 1024 CUDA

1http://speclab.cr.usgs.gov/spectral-lib.html
2www.geforce.com/hardware/desktop-gpus/geforce-gtx-590
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Fig. 4. VCA speedup as a function of the number of endme-
bers (for different number of pixels).

Table 1. Percentage of removed pixels for sequential VCA as
a function of the iterations (𝑝 = 10).

iteration 1 2 3 4 5
removed pixels (%) 0.0 0.0 0.3 0.8 1.8
iteration 6 7 8 9 10
removed pixels (%) 4.3 6.9 12.0 15.3 25.0

cores and 3GB of memory. Figure 4 illustrates the achieved
speedup as a function of the number of endmembers for dif-
ferent number of pixels. Note that the significant acceleration
factors is higher as the number of pixels to be processed is
larger. For the real dataset the speedup achieved is about
4. Table 1 presents the number of pixels removed by the
strategy presented in Section 2.1.1 for a simulated dataset
with ten endmembers. Notice that the the number of pixels
removed increases with the iterations thus the computational
complexity becomes smaller. For the Cuprite dataset, where
the pixels are highly mixed [17], the total of removed pixels
are less than 5%. Table 2 presents the number pixels selected
by the strategy presented in Section 2.1.2 for the simulated
datasets. It is worth mention that the percentage of selected
pixels decreases as the total number of pixels become larger.
Concerning the tests for the Cuprite dataset the selected pixels
is 85, which is in accordancewith the results for the simulated
scenarios.

4. CONCLUSIONS

Vertex component analysis (VCA) [1] is one of the most used
tool on hyperspectral imagery applications. Although VCA is
a fast method, those applications very often require a response
in real time or near-real time.

This paper proposes and develops two different opti-
mizations strategies for accelerating the computational per-
formance of VCA: the first implements a parallel VCA on
graphics computing units (GPUs); The second proposes a
strategy to remove a large proportion of mixed pixels that
play no effect on the VCA functioning. The results obatined
on the conducted experiments reveal considerable acceler-

Table 2. Number of selected pixels for sequential VCA as a
function of the 𝑝 and𝑁 .

𝑝 = 3 𝑝 = 5 𝑝 = 10

𝑁 = 103 8 14 29
𝑁 = 104 18 23 40

ation factors, which can satisfy the real-time requirements.
Future work, include test on more recent GPU hardware and
on the the design and implementation of the VCA on FPGAs.
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