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Preface

This book is directed to graduate students, practitioners, and researchers in signal
processing and machine learning. A basic understanding of linear algebra and prob-
ability is assumed. This background is complemented in the book with appendices
on matrix algebra, (complex) multivariate normal theory, and related distributions.

The book begins in Chap. 1 with a breezy account of coherence as it has com-
monly appeared in science, engineering, signal processing, and machine learning.
Chapter 2 is a comprehensive account of classical least squares theory, with a few
original variations on cross-validation and model-order determination. Compression
of ambient space dimension is analyzed by comparing multidimensional scaling
and a randomized search algorithm inspired by the Johnson-Lindenstrauss lemma.
But the central aim of the book is to analyze coherence in its many guises,
beginning with the correlation coefficient and its multivariate extensions in Chap. 3.
Chapters 4–8 contain a wealth of results on maximum likelihood theory in the
complex multivariate normal model for estimating parameters and detecting signals
in first- and second-order statistical models. Chapters 5 and 6 are addressed
to matched and adaptive subspace detectors. Particular attention is paid to the
geometries, invariances, and null distributions of these subspace detectors. Chapters
7 and 8 extend these results to detection of signals that are common to two or more
channels, and to detection of spatial correlation and cyclostationarity. Coherence
plays a central role in these chapters.

Chapter 9 addresses subspace averaging, an emerging topic of interest in signal
processing and machine learning. The motivation is to identify subspace models
(or centroids) for measurements so that images may be classified or noncoherent
communication signals may be decoded. The dimension of the average or central
subspace can also be estimated efficiently and applied to source enumeration
in array processing. In Chap. 10, classical quadratic performance bounds on the
accuracy of parameter estimators are complemented with an account of information
geometry. The motivation is to harmonize performance bounds for parameter
estimators with the corresponding geometry of the underlying manifold of log-
likelihood random variables. Chapter 11 concludes the book with an account of
other problems and methods in signal processing and machine learning where
coherence is an organizing principle.

This book is more research monograph than textbook. However, many of its
chapters would serve as complementary resource materials in a graduate-level
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course on signal processing, machine learning, or statistics. The appendices contain
comprehensive accounts of matrix algebra and distribution theory, topics that join
optimization theory to form the mathematical foundations of signal processing
and machine learning. Chapters 2–4 would complement textbooks on multivariate
analysis by covering least squares, linear minimum mean-squared error estimation,
and hypothesis testing of covariance structure in the complex multivariate normal
model. Chapters 5–8 contain an account of matched and adaptive subspace detectors
that would complement a course on detection and estimation, multisensor array
processing, and related topics. Chapters 9–11 would serve as resource materials
in a course on advanced topics in signal processing and machine learning.

It would be futile to attempt an acknowledgment to all of our students, friends,
and colleagues who have influenced our thinking and guided our educations.
But several merit mention for their contribution of important ideas to this book:
Yuri Abramovich, Pia Abbaddo, Javier Álvarez-Vizoso, Antonio Artés-Rodríguez,
Mahmood Azimi-Sadjadi, Carlos Beltrán, Olivier Besson, Pascal Bondon, Ron
Butler, Margaret Cheney, Yuejie Chi, Edwin Chong, Doug Cochran, Henry Cox,
Víctor Elvira, Yossi Francos, Ben Friedlander, Antonio García Marqués, Scott
Goldstein, Claude Gueguen, Alfred Hanssen, Stephen Howard, Jesús Ibáñez, Steven
Kay, Michael Kirby, Nick Klausner, Shawn Kraut, Ramdas Kumaresan, Roberto
López-Valcarce, Mike McCloud, Todd McWhorter, Bill Moran, Tom Mullis, Danilo
Orlando, Pooria Pakrooh, Daniel P. Palomar, Jesús Pérez-Arriaga, Chris Peterson,
Ali Pezeshki, Bernard Picinbono, José Príncipe, Giuseppe Ricci, Christ Richmond,
Peter Schreier, Santiago Segarra, Songsri Sirianunpiboon, Steven Smith, John
Thomas, Rick Vaccaro, Steven Van Vaerenbergh, Gonzalo Vázquez-Vilar, Javier
Vía, Haonan Wang, and Yuan Wang. Javier Álvarez-Vizoso, Barry Van Veen, Ron
Butler, and Stephen Howard were kind enough to review chapters and offer helpful
suggestions.

David Ramírez wishes to acknowledge the generous support received from the
Agencia Española de investigación (AEI), the Deutsche Forschungsgemeinschaft
(DFG), the Comunidad de Madrid (CAM), and the Office of Naval Research (ONR)
Global.

Ignacio Santamaría gratefully acknowledges the various agencies that have
funded his research over the years, in particular, the Agencia Española de inves-
tigación (AEI) and the funding received in different projects of the Plan Nacional
de I+D+I of the Spanish government.

Louis Scharf acknowledges, with gratitude, generous research support from the
US National Science Foundation (NSF), Office of Naval Research (ONR), Air Force
Office of Scientific Research (AFOSR), and Defense Advanced Research Projects
Agency (DARPA).
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Acronyms

Applications of signal processing and machine learning are so wide ranging that
acronyms, descriptive of methodology or application, continue to proliferate. The
following is an exhausting, but not exhaustive, list of acronyms that are germane to
this book.

ACE Adaptive coherence estimator
ASD Adaptive subspace detector
BIC Bayesian information criterion
BLUE Best linear unbiased estimator
CBF Conventional (or Capon) beamformer
CCA Canonical correlation analysis
cdf Cumulative density function
CFAR Constant false alarm rate
CG Conjugate gradient
chf Characteristic function
CRB Cramér-Rao bound
CS Cyclostationary
DFT Discrete Fourier transform
DOA Direction of arrival
EP Estimate and plug
ETF Equi-angular tight frame
EVD Eigenvalue decomposition
FA Factor analysis
FIM Fisher information matrix
GLR Generalized likelihood ratio
GLRT Generalized likelihood ratio test
GSC Generalized sidelobe canceler
HBT Hanbury-Brown-Twiss
i.i.d. Independent and identically distributed
ISI Intersymbol interference
JL Johnson-Lindenstrauss (lemma)
KAF Kernel adaptive filtering
KCCA Kernel canonical correlation analysis

xix



xx Acronyms

KL Kullback-Leibler (divergence)
KLMS Kernel least mean square
LASSO Least absolute shrinkage and selection operator
LDU Lower-diagonal-upper (decomposition)
LHS Left hand side
LIGO Laser Interferometer Gravitational-Wave Observatory
LMMSE Linear minimum mean square error
LMPIT Locally most powerful invariant test
LMS Least mean square
LS Least squares
LTI Linear time-invariant
MAXVAR Maximum variance
MCCA Multiset canonical correlation analysis
MDD Matched direction detector
MDL Minimum description length
MDS Multidimensional scaling
mgf Moment generating function
MIMO Multiple-input multiple-output
ML Maximum likelihood
MMSE Minimum mean square error
MP Matching pursuit
MSC Magnitude squared coherence
MSD Matched subspace detector
MSE Mean square error
MSWF Multistage Wiener filter
MVDR Minimum variance distortionless response
MVN Multivariate normal
MVUB Minimum variance unbiased (estimator)
OBLS Oblique least squares
OMP Orthogonal matching pursuit
PAM Pulse amplitude modulation
PCA Principal component analysis
pdf Probability density function
PDR Pulse Doppler radar
PMT Photomultiplier tube
PSD Power spectral density
PSF Point spread function
RHS Right hand side
RIP Restricted isometry property
RKHS Reproducing kernel Hilbert space
RP Random projection
rv Random variable
s.t. Subject to
SAR Synthetic aperture radar
SAS Synthetic aperture sonar



Acronyms xxi

SIMO Single-input multiple-output
SNR Signal-to-noise ratio
SUMCOR Sum-of-correlations
SVD Singular value decomposition
SVM Support vector machine
TLS Total least squares
ULA Uniform linear array
UMP Uniformly most powerful
UMPI Uniformly most powerful invariant
wlog Without loss of generality
WSS Wide-sense stationary

NB: We have adhered to the convention in the statistical sciences that cdf, chf, i.i.d.,
mgf, pdf, and rv are lowercase acronyms.
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