




















Table 1. Average SAD score (cosine of the spectral angle) of matched endmembers with regards to USGS reference spectral
signatures for each set of p = 9 endmembers extracted by OSP, N-FINDR and the proposed algorithm from the synthetic
scenes without noise and with SNRs from 30:1 to 110:1.

Scene SNR OSP N-FINDR Proposed
Fractall | No noise | 0.0031 0.0030 0.0041
110:1 0.0031 0.0030 0.0041
90:1 0.0029 0.0033 0.0041
70:1 0.0030 0.0029 0.0042
50:1 0.0048 0.0046 0.0073
30:1 0.0349 0.0324 0.0352
Fractal2 | No noise | 0.0011 0.0012 0.0011
110:1 0.0011 0.0012 0.0011
90:1 0.0011 0.0012 0.0011
70:1 0.0014 0.0014 0.0013
50:1 0.0039 0.0040 0.0039
30:1 0.0354 0.0339 0.0347
Fractal3 | No noise | 0.0077 0.0077 0.0175
110:1 0.0077 0.0077 0.0175
90:1 0.0077 0.0077 0.0175
70:1 0.0078 0.0077 0.0176
50:1 0.0092 0.0093 0.0192
30:1 0.0384 0.0364 0.0381
Fractal4 | No noise | 0.0077 0.0058 0.0052
110:1 0.0060 0.0058 0.0052
90:1 0.0069 0.0072 0.0053
70:1 0.0055 0.0068 0.0054
50:1 0.0074 0.0088 0.0073
30:1 0.0359 0.0363 0.0405
Fractal5 | No noise | 0.0121 0.0138 0.0121
110:1 0.0121 0.0138 0.0121
90:1 0.0129 0.0146 0.0121
70:1 0.0129 0.0146 0.0121
50:1 0.0140 0.0139 0.0133
30:1 0.0401 0.0435 0.0557

USGS reference signatures. Interestingly, the SAD spectral similarity scores obtained for the proposed algorithm
were similar and, in some cases, superior to those reported by the OSP and N-FINDR algorithms.

For illustrative purposes, Fig. 6 maps the spatial locations of the p = 18 endmembers extracted by the OSP, N-
FINDR and the proposed method. Asshown by Fig. 6, the three considered methods provide several endmembers
which are overlapped in terms of their spatial locations in the scene. On the other hand, Table 2 indicates that
the endmembers which are not overlapped are similar in spectral terms, since the SAD scores reported in the
table (comparing the best matched endmember for each method with regards to each USGS reference spectral
signature) are very similar, thus indicating that the three methods perform similarly in the considered real
hyperspectral image analysis scenario. Future work should comprise an evaluation of the considered methods
under different analysis scenarios, using hyperspectral data sets collected by different instruments and in the
context of different application domains.

To conclude our experimental results section, we provide an idea about the computational complexity of the
proposed method in the task of processing the AVIRIS Cuprite hyperspectral scene in a personal computer with
Intel Core 2 Duo processor at 1.83 GHz and 3 GB of RAM memory. In this platform, our Matlab implementation
of the OSP algorithm extracted the p = 18 endmembers in 149.73 seconds, while our Matlab implementation
of N-FINDR needed 780.67 seconds. Finally, our Matlab implementation of the proposed approach selected all
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Table 2. SAD-based spectral similarity scores among selected USGS mineral spectra in Fig. 5(b-c) and the endmembers
produced by different algorithms.

Mineral OSP N-FINDR Proposed
Alunite 0.1002 0.1134 0.1002
Buddingtonite 0.0929 0.0929 0.0985
Calcite 0.1849 0.1216 0.1216
Kaolinite 0.1969 0.2185 0.2250
Chlorite 0.2695 0.2834 0.2695
Jarosite 0.1371 0.1715 0.1441
Montmorillonite | 0.1045 0.1050 0.0903
Pyrophilite 0.1735 0.1434 0.1397
Muscovite 0.1077 0.1104 0.0946
Nontronite 0.2045 0.2185 0.2297

(a) OSP (b) N-FINDR (¢) Proposed

Figure 6. Spatial locations of the p = 18 endmembers extracted by the three considered extraction methods.

p = 18 endmembers in 155.4 seconds. It should be noted that the proposed algorithm was implemented with
PCA-based dimensionality reduction as its initial step, which consumed about 20 seconds of processing time
(already included in the total processing time reported).

6. CONCLUSIONS AND FUTURE RESEARCH LINES

In this paper, we have described a new algorithm for automatic endmember extraction which sequentially finds
a pre-determined number of endmembers by considering both the extremity of sample pixel vectors (tested iter-
atively as potential endmember candidates) and the capacity of endmember candidates to satisfy the abundance
non-negativity and sum-to-one constraints (on a per-pixel basis) after using an unconstrained linear spectral
unmixing model. Our assumption in this work is that the aforementioned constraints should naturally hold
in the fractional abundance estimations if the endmembers are properly selected, and thus make use of this
assumption to intelligently guide the image endmember searching process to a combination of available extreme
image pixels that minimize the number of fractional abundance estimations that do not satisfy such constraints.
Our experimental results, obtained using both synthetic and real hyperspectral scenes, indicate the importance
of considering not only the convexity or extremity of spectral endmembers (accounted for in this work in spectral
angle sense), but also their capacity to produce fractional abundance estimations which can naturally fulfill the
ASC and ANC constraints when applying an unconstrained linear spectral unmixing model in the process of au-
tomatically extracting such endmembers, i.e. without imposing such constraints during the endmember searching
process. As future work, additional criteria for measuring the convexity of extracted endmembers (e.g., volume
of the simplex defined by the endmembers or their orthogonality) in combination with the proposed error term
(measuring the deviation of unconstrained versus constrained linear unmixing) should be considered. Further
experiments should also be conducted in order to substantiate if the proposed method can also provide adequate
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(either unconstrained or constrained) fractional abundance estimations when the set of derived endmembers is
used to unmix additional synthetic and real hyperspectral scenes.
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