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ARTICLE INFO ABSTRACT
Keywords: We investigate the detection of a weak transient broadband signal, and compare a polynomial subspace detection ap-
Analytic eigenvalue decomposition proach to a likelihood ratio test. The former is based on an analytic eigenvalue decomposition of the array data in order

Space-time covariance

- to derive a subspace projection away from stronger stationary sources that obscure the transient signal. An energy de-
Subspace detection

Broadband signals te?tion in .the Tloise—onl.y subspace has been dem.onstrated to Yv?rk well iI.l anumber of brf)ad?)and arra'y applications. In

Weak transient signal detection this contribution, we aim to explore its comparison to a statistically optimum test, the likelihood ratio test (LRT). The

Likelihood ratio test LRT requires more information about the scenario than the subspace test — namely the data covariance due to the
transient signal — but can still serve as a suitable benchmark. Somewhat surprisingly, simulation results show that
the more dispersive the propagation environment and the weaker the transient signal is compared to any stationary
sources, the better it is to base a test — either the LRT or even a simple energy criterion — on the data in the noise-
only subspace. This is due to the reduced matrix dimensions and enhanced condition numbers of the involved
space-time covariance matrices.

Video to this article can be found online at https://doi.org/10.1016/
j.sctalk.2025.100451.

Figures and tables

Fig. 1. Background in defence: in the presence of stationary users (in green) we would like to detect an emerging transient source (in red) which could represent a mobile
phone signal triggering an improvised explosive device. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)

* Corresponding author.
E-mail address: stephan.weiss@strath.ac.uk (S. Weiss).

http://dx.doi.org/10.1016/j.sctalk.2025.100451

Received 14 October 2024; Received in revised form 3 March 2025; Accepted 12 March 2025

Available online xxxx

2772-5693/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.
0/).


https://doi.org/10.1016/j.sctalk.2025.100451
https://doi.org/10.1016/j.sctalk.2025.100451
http://dx.doi.org/10.1016/j.sctalk.2025.100451
mailto:stephan.weiss@strath.ac.uk
http://dx.doi.org/10.1016/j.sctalk.2025.100451
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.sciencedirect.com/science/journal/
www.elsevier.es/sctalk

C.A.D. Pahalson et al. Science Talks 14 (2025) 100451

1) .
0

Fig. 2. Background cognitive radio: in the presence of secondary users (in red), the aim is to detect an emerging primary user (in green), such that secondary users can vacate
the frequency band. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Signal model. The measurement vector x[n] € CM acquired by M sensors, which are illuminated by L < M stationary sources through a convolutive mixing system
Hin]. This system also models the source power spectral densities, such that the source signal vector u[n] € C* contains temporally and spatially uncorrelated Gaussian
excitations. The measurement vector is corrupted by additive Gaussian noise v[n] € C¥; a transient signal may be present, modelled the source u,[n], which contributes to
the sensors via a vector of impulse responses h;[n]. Many applications aim to detect such a transient signal [1-16]. In the innovation filter model [17], the system H|n]
defines the space-time covariance matrix in the stationary case with the transient signal absent; its z -transform R(z), a parahermitian matrix [18] such that
RP(z) = (R(1/z*))" = R(2) admits an analytic eigenvalue decomposition R(z) = Q(z) A(z)Q" (2), with an analytic paraunitary matrix Q(z) such that Q' (z) = Q"(z)
[19-22]. The diagonal matrix A(z) = diag(41(2), ..., Am(2)) contains the analytic eigenvalues A,,(z), m =1, ..., M. Only L of these eigenvalues will be significant, with
the remainder defining the noise-only subspace.
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Fig. 4. Subspace projection and syndrome vector. Using algorithms for the analytic eigenvalue decomposition of R(z) [23-27] or for its approximation [28-31], the
eigenvectors that correspond to eigenvalues due to noise form the columns of Q, (z)~Q, [n]. The latter can be used to project the measurement data x[n] onto the noise-
only subspace. The resulting projection is refered to as syndrome vector s[n]; it will ideally only contain noise, but if a transient source is present, some of its energy will
fall into s[n]. Thus, the syndrome energy, which follows a generalised chi-square distribution, forms a surprisingly good discriminator for the presence of a transient source
[9], and has been successfully applied to e.g. voice activity detection for weak speakers in the presence of background noise [10], other speakers [11], or for primary user
detection [12] in cognitive radio scenarios [13]. This complements related findings that successfully exploit polynomial subspace decompositions in the area of audio pro-
cessing [32,33].
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Fig. 5. Simulation parameters for example scenario. We operate with L = 5 sources and M = 8 sensors; the transient signal, if present, has the same power as the additive
noise in v[n]. The SNR, the power level between the stationary sources and the noise, is set to either 10 dB or 20 dB. We also vary the order of the convolutive mixing system
as K = 8 or K = 16. The simple syndrome energy detector will be compared to a likelihood ratio test [34,35], which assumes significantly more knowledge of the scenario,
since the covariance of the transient signal contribution to x[n] must be known.
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Fig. 6. Simulation results for separability of distributions for moderately strong stationary users and moderate temporal correlation. The stationary users are 10 dB above the
noise floor and all signals are observed through convolutive mixing of order K = 8. As decision variable, we either use the energy of the syndrome vector, or an LRT test
applied to either the measurement vector x[n| or the syndrome vector s[n], and measure a simple separability between the distributions for the decision variable with and
without transient signal. The decision variables can be averaged over T subsequent snapshots. For small value of T, methods operating on the syndrome vector perform
slightly better due to the temporal decorrelation effect of the subspace projection. As the window T gets large enough, the LRT applied to the measurement vector captures
enough of this correlation to perform best. Results marked by circles refer to statistics estimated from 1e5 snapshots of data rather than from the signal model in Fig. 3
[34-36]. The covariance matrices are sufficiently accurate to yield no significant difference to the case where the ground truth is available (marked by asterisks).
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Fig. 7. An experiment which repeats the system parameters from Fig. 6 but here estimated quantities are based on only 1e3 snapshots. The experimental results for the LRT
operating on the measurement vector are more sensitive to perturbations by the estimation errors [36-42] particularly as the data window T increases. This is due to the large
dimensions and the increasingly poor conditioning of the involved covariance matrices, and as a result, the experimental values (blue circles) start to drop below the theo-
retical ones (blue asterisks). The experiments based on the subspace projection do not share this sensitive and remain largely unperturbed by the reduced sample size. (For

interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 8. Simulation results for separation of distributions with stronger stationary users and a more dispersive propagation environment. The stationary users are now 20 dB
above the noise and the transient signal, and the order of the convolutive mixing matrices is or K = 16, and as in Fig. 6, the graph shows the separability of the distributions
over the window T over which the decision variable is averaged. The temporal whitening of the projection in Fig. 4 now leads to an exaggerated advantage for operarting on
the syndrome vector for lower values of T. For high values of T, where the LRT requires the inversion of covariance matrices of dimension MT x MT, numerical problems start
to surface, and the application to estimated space-time covariances, i.e. a generalised LRT, shows a catastrophic decline in performance.
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Fig. 9. Condition number for covariance matrices vs temporal window T. Over the window of snapshots over which the decision variable is averaged, we observe the
condition number of the MT x MT covariance matrix required for the LRT and GLRT, as well as the condition number for the LRT/GLRT-internal (M — LT x (M — L)T co-
variance matrix when applied to the syndrome vector. Because the covariance matrix of the measurement vector contains the eigenvalues pertaining to the strong stationary
sources, the resulting condition number is large. The resulting numerical instability is further emphasised when estimated covariance matrices (circles instead of asterisks) are
utilised, justifying the performance drop in Fig. 8 for the LRT applied to the measurement vector for large values of T [43]. In case of applying the LRT/GLRT to the syndrome
vector, the dominant eigenvalues relating to the stationary sources are removed.

CRediT authorship contribution statement

Cornelius A.D. Pahalson: Writing — review & editing, Software, For-
mal analysis. Louise H. Crockett: Writing — review & editing, Conceptual-
ization. Stephan Weiss: Writing — review & editing, Writing — original
draft, Software, Formal analysis, Conceptualization.

Acknowledgments

Funding: Cornelius Pahalson has been supported by the Tertiary Educa-
tion Trust Fund, Nigeria.

Declaration of interests

The authors declare that they have no known competing financial inter-
ests or personal relationships that could have appeared to influence the
work reported in this paper.

Data availability

Data will be made available on request.

References

[1]
[2]

[3]

[4]

[5]

[6]

[7]
[8]

[91

[10]

[11]

Z. Quan, S. Cui, H.V. Poor, A.H. Sayed, Collaborative wideband sensing for cognitive ra-
dios, IEEE Signal Process. Mag. 25 (6) (Nov. 2008) 60-73.

E. Axell, G. Leus, E.G. Larsson, H.V. Poor, Spectrum sensing for cognitive radio : state-of-
the-art and recent advances, IEEE Signal Process. Mag. 29 (3) (May 2012) 101-116.
M.H. Al-Alj, K.C. Ho, Objective bayesian approach for binary hypothesis testing of mul-
tivariate Gaussian observations, IEEE Trans. Inform. Theor. 69 (2) (Feb. 2023)
1337-1354.

L.L. Scharf, B. Friedlander, Matched subspace detectors, IEEE Trans. Signal Process. 42
(8) (Aug. 1994) 2146-2157.

P. Strobach, Low rank detection of multichannel Gaussian signals using a constrained
inverse, IEEE International Conference on Acoustics, Speech, and Signal Process Apr.
1994, pp. 245-248.

M. Viberg Lundstrom, A.M. Zoubir, Multiple transient estimation using bootstrap and
subspace methods, IEEE Workshop Statistical Signal and Array Proc Sep. 1998,
pp. 184-187.

Z. Wang, P. Willett, A performance study of some transient detectors, IEEE Trans. Signal
Process. 48 (9) (Sep. 2000) 2682-2685.

7. Wang, P.K. Willett, All-purpose and plug-in power-law detectors for transient signals,
IEEE Trans. Signal Process. 49 (11) (Nov. 2001) 2454-2466.

S. Weiss, C. Delaosa, J. Matthews, 1. Proudler, B. Jackson, Detection of weak transient
signals using a broadband subspace approach, Sensor Signal Processing for Defence
Conference, Edinburgh, Scotland Sep. 2021, pp. 65-69.

V.W. Neo, S. Weiss, P.A. Naylor, A polynomial subspace projection approach for the de-
tection of weak voice activity, Sensor Signal Processing for Defence Conference,
London, UK Sep. 2022, pp. 1-5.

V.W. Neo, S. Weiss, S.W. McKnight, A.O.T. Hogg, P.A. Naylor, Polynomial eigenvalue
decomposition-based target speaker voice activity detection in the presence of

[12]

[13]

[14]
[15]

[16]

[17]
[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

competing talkers, International Workshop on Acoustic Signal Enhancement, Bamberg,
Germany, Sep. 2022.

C.A.D. Pahalson, L.H. Crockett, S. Weiss, Detection of weak transient broadband signals
using a polynomial subspace and likelihood ratio test approach, 32"¢ European Signal
Processing Conference, Lyon, France Aug. 2024, pp. 1312-1316.

A. Shukla, A. Alptekin, J. Bradford, E. Burbridge, D. Chandler, M. Kennett, P. Levine, S.
Weiss, Cognitive radio technology — a study for OFCOM, OFCOM, London, UK, Feb.
2007 , Tech. Rep.

Friedlander, B. Porat, Detection of transient signals by the Gabor representation, IEEE
Ttrans. Acoust. Speech Signal Proc. 37 (2) (Feb. 1989) 169-180.

Friedlander, B. Porat, Performance analysis of transient detectors based on a class of lin-
ear data transforms, IEEE Trans. Inform. Theor. 38 (2) (Mar. 1992) 665-673.

B. Porat, B. Friedlander, Performance analysis of a class of transient detection
algorithms-a unified framework, IEEE Trans. Signal Process. 40 (10) (Oct. 1992)
2536-2546.

A. Papoulis, Probability, Random Variables, and Stochastic Processes, 3rd edition
McGraw-Hill, New York, 1991.

P.P. Vaidyanathan, Multirate Systems and Filter Banks, Prentice Hall, Englewood Cliffs,
1993.

V.W. Neo, S. Redif, J.G. McWhirter, J. Pestana, L.K. Proudler, S. Weiss, P.A. Naylor, Poly-
nomial eigenvalue decomposition for multichannel broadband signal processing, IEEE
Signal Process. Mag. 40 (7) (Nov. 2023) 18-37.

S. Weiss, J. Pestana, LK. Proudler, On the existence and uniqueness of the eigenvalue
decomposition of a parahermitian matrix, IEEE Trans. Signal Process. 66 (10) (May
2018) 2659-2672.

S. Weiss, J. Pestana, LK. Proudler, F.K. Coutts, Corrections to “on the existence and
uniqueness of the eigenvalue decomposition of a parahermitian matrix’, IEEE Trans.
Signal Process. 66 (23) (Dec. 2018) 6325-6327.

G. Barbarino, V. Noferini, On the Rellich eigendecomposition of para-Hermitian matri-
ces and the sign characteristics of *-palindromic matrix polynomials, Linear Algebra
Appl. 672 (2023) 1-27.

S. Weiss, LK. Proudler, F.K. Coutts, J. Pestana, Iterative approximation of analytic eigen-
values of a parahermitian matrix EVD, IEEE ICASSP, Brighton, UK May 2019,
Dpp. 8038-8042.

S. Weiss, LK. Proudler, F.K. Coutts, J. Deeks, Extraction of analytic eigenvectors from a
parahermitian matrix, Sensor Signal Processing for Defence Conference Sep. 2020,
pp. 1-5, online.

S. Weiss, LK. Proudler, F.K. Coutts, Eigenvalue decomposition of a parahermitian ma-
trix: extraction of analytic eigenvalues, IEEE Trans. Signal Process. 69 (Jan. 2021)
722-737.

S. Weiss, LK. Proudler, F.K. Coutts, F.A. Khattak, Eigenvalue decomposition of a
parahermitian matrix: extraction of analytic eigenvectors, IEEE Trans. Signal Process.
71 (Apr. 2023) 1642-1656.

F.A. Khattak, LK. Proudler, S. Weiss, Scalable analytic eigenvalue extraction algorithm,
IEEE Access 12 (Dec. 2024) 166652-166659.

J.G. McWhirter, P.D. Baxter, T. Cooper, S. Redif, J. Foster, An EVD algorithm for para-
Hermitian polynomial matrices, IEEE Trans. Signal Process. 55 (5) (May 2007)
2158-2169.

S. Redif, J.G. McWhirter, S. Weiss, Design of FIR paraunitary filter banks for subband
coding using a polynomial eigenvalue decomposition, IEEE Trans. Signal Process. 59
(11) (Nov. 2011) 5253-5264.

M. Tohidian, H. Amindavar, A.M. Reza, A DFT-based approximate eigenvalue and sin-
gular value decomposition of polynomial matrices, EURASIP J. Adv. Signal Process.
2013 (1) (2013) 1-16.

S. Redif, S. Weiss, J. McWhirter, Sequential matrix diagonalization algorithms for poly-
nomial EVD of parahermitian matrices, IEEE Trans. Signal Process. 63 (1) (Jan. 2015)
81-89.

A.O.T. Hogg, V.W. Neo, S. Weiss, C. Evers, P.A. Naylor, A polynomial eigenvalue de-
composition music approach for broadband sound source localization, IEEE Workshop


http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0005
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0005
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0010
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0010
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0015
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0015
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0015
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0020
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0020
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0025
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0025
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0025
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0030
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0030
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0030
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0035
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0035
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0040
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0040
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0045
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0045
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0045
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0050
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0050
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0050
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0055
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0055
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0055
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0055
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0060
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0060
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0060
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0060
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0065
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0065
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0065
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0070
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0070
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0075
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0075
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0080
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0080
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0080
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0085
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0085
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0090
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0090
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0095
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0095
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0095
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0100
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0100
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0100
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0105
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0105
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0105
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0110
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0110
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0110
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0115
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0115
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0115
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0120
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0120
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0120
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0125
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0125
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0125
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0130
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0130
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0130
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0135
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0135
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0140
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0140
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0140
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0145
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0145
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0145
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0150
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0150
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0150
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0155
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0155
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0155
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0160
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0160

C.A.D. Pahalson et al.

[33]

[34]
[35]
[36]
[37]
[38]

[39]

[40]

[41]

[42]

[43]

on Applications of Signal Processing to Audio and Acoustics, New Paltz, NY Oct. 2021,
pp. 326-330.

V.W. Neo, C. Evers, S. Weiss, P.A. Naylor, Signal compaction using polynomial EVD for
spherical array processing with applications, IEEE/ACM Transactions on Audio, Speech,
and Language Process, 31, Sep. 2023, pp. 3537-3549.

0. Besson, Maximum likelihood covariance matrix estimation from two possibly
mismatched data sets, Signal Process. 167 (2020), 107285.

E.L. Lehmann, J.P. Romano, Testing Statistical Hypotheses, 4th ed. Springer, 2022.

T. Kato, Perturbation Theory for Linear Operators, Springer, 1980.

G.W. Stewart, J.-G. Sun, Matrix Perturbation Theory, Academic Press, 1990.

G.H. Golub, C.F. Van Loan, Matrix Computations, 4th edition John Hopkins University
Press, Baltimore, Maryland, 2013.

C. Delaosa, J. Pestana, N.J. Goddard, S. Somasundaram, S. Weiss, Sample space-time
covariance matrix estimation, IEEE International Conference on Acoustics, Speech,
and Signal Process, Brighton, UK May 2019, pp. 8033-8037.

C. Delaosa, F.K. Coutts, J. Pestana, S. Weiss, Impact of space-time covariance estimation
errors on a parahermitian matrix EVD, IEEE Sensor Array and Mulithcannel Signal
Processing Workshop July 2018, pp. 1-5.

F.A. Khattak, S. Weiss, L.K. Proudler, J.G. McWhirter, Space-time covariance matrix
estimation: Loss of algebraic multiplicities of eigenvalues, Asilomar Conference on
Signals, Systems, and Computers, Pacific Grove, CA, Oct. 2022.

C. Delaosa, J. Pestana, LK. Proudler, S. Weiss, Impact of space-time covariance matrix
estimation on bin-wise eigenvalue and Eigenspace perturbations, Signal Process. 233
(Aug. 2025), 109946.

C.A.D. Pahalson, L.H. Crockett, S. Weiss, Computational and numerical properties of a
broadband subspace-based likelihood ratio test, IEEE High Performance Extreme
Computing Conference, Waltham, MA Sep. 2024, pp. 1-7.

Cornelius A.D. Pahalson received his M.Eng degree in Com-
munications Engineering from the Federal University of Agri-
culture Makurdi, Benue State, Nigeria, 2019. He is a member
of the Nigeria Society of Engineers (NSE) and the Institute of
Physics (MNIP). He is currently pursuing a Ph.D. degree at the
University of Strathclyde Glasgow, United Kingdom. His re-
search interests include signal processing and communications,
emphasizing energy detection and communications. For his Ph.
D. studies, he receives a scholarship from the Tertiary Education
Trust Fund in Nigeria.

Science Talks 14 (2025) 100451

Louise H. Crockett was awarded MEng (distinction) and PhD
degrees in Electronic and Electrical Engineering, both from the
University of Strathclyde, in 2003 and 2008, respectively. She
is currently a Senior Teaching Fellow and senior member of
the StrathSDR (Strathclyde Software Defined Radio) research
team, where she supervises / manages researchers and key
sponsored projects. Her core research interests are in the imple-
mentation of DSP systems, FPGAs and SoCs, wireless communi-
cations, and SDR. Louise has previously co-authored three
books on Xilinx/AMD technology. Her teaching focuses on dig-
ital systems design targeting FPGAs and SoCs, and builds practi-
cal skills to equip graduates for roles in industry.

Stephan Weiss received a Dipl.-Ing. degree from the University
of Erlangen-Niirnberg, Erlangen, Germany, in 1995, and a Ph.D.
degree from the University of Strathclyde, Glasgow, Scotland, in
1998, both in electronic and electrical engineering. He is profes-
sor for signal processing at the University of Strathclyde, Glas-
gow, following previous academic appointments at both the
Universities of Strathclyde and Southampton. His research in-
terests include adaptive, multirate, and array signal processing
with applications in acoustics, communications, audio, and bio-
medical signal processing. Stephan is a member of EURASIP and
a senior member of the IEEE. He was the technical co-chair for
EUSIPCO 2009 and general chair of IEEE ISPLC 2014, both
organised in Glasgow, a special session co-chair for ICASSP
2019, and part of the organising committee for IEEE SSP

2025. He is a subject editor for Elsevier Signal Processing.


http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0160
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0160
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0165
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0165
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0165
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0170
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0170
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0175
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0180
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0185
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0190
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0190
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0195
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0195
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0195
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0200
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0200
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0200
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0205
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0205
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0205
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0210
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0210
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0210
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0215
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0215
http://refhub.elsevier.com/S2772-5693(25)00033-7/rf0215

	Detection of weak transient broadband signals: Subspace and likelihood ratio test approaches
	CRediT authorship contribution statement
	section2
	Acknowledgments
	Declaration of interests
	References




