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Editorial 
 
Special Issue on Statistical Signal Processing Solutions and Advances for 
Data Science: Complex, Dynamic and Large-scale Settings 
 
Over the last sixty years, Data Science has expanded the boundaries of academic statistics 
beyond its classical domain. According to the definition by David Donoho in his Discussion 
Article 50 Years of Data Science, the science of learning from data studies the methods 
involved in the analysis and processing of data and proposes technology to improve methods 
in an evidence-based manner. Such a definition includes statistical signal processing and 
machine learning and goes beyond purely data-driven methods. 
 
This Special Issue contains new approaches, methods, theory and tools that have been 
developed by the signal processing community to account for modern complex, dynamic and 
large-scale settings with complex yet hidden low-dimensional underlying structures. The 
purpose is to report some recent trends and advances that account for a) complexity of the 
data which can be represented as low rank structures and subspaces, sparsity and missing 
values, or due to sheer variety of the data b) large-scale settings which refers to high-
dimensionality but also to the settings where sample size is smaller or not much larger than 
the dimension and hence make asymptotically optimal methods perform poorly and c) 
dynamic nature of the data which accumulates or streams at fast pace. 
 
The first article, entitled “Robust Estimation of Structured Scatter Matrices in (Mis)matched 
Models” by B. Meriaux, C. Ren, M. N. El Korso, A. Breloy and P. Foster takes into account 
particular structures and non-Gaussian behavior of signal processing data for scatter 
(covariance) matrix estimation. This research leads to a novel estimator, named StructurEd 
ScAtter Matrix Estimator (SESAME) for which asymptotic analysis is provided. A recursive 
estimation procedure that iteratively applies the SESAME method (R-SESAME), reaches the 
(Mismatched) Cramér-Rao Bound with improved performance at lower sample support.  
 
The second article, entitled “Anomaly Detection in Mixed Telemetry Data using a Sparse 
Representation and Dictionary Learning” by B. Pilastre, L. Boussouf, S. D’Escrivan and J.-Y. 
Tourneret introduces a new machine learning method for anomaly detection in telemetry time 
series based on a sparse representation and dictionary learning. The main advantage of the 
proposed method is the possibility to handle multivariate telemetry time-series described by 
mixed continuous and discrete parameters, taking into account the potential correlations 
between these parameters. The work is useful for health monitoring and failure prevention in 
space operations.  
 
The third article, entitled “Robust Tensor Decomposition via t-SVD: Near-optimal Statistical 
Guarantee and Scalable Algorithms” by A. Wang, Z. Jin and G. Tang proposes new methods 
to recover a signal tensor from its mixture with outliers and noise. Assuming a low-tubal-
rank, and sparse outliers, this paper first proposes a penalized least squares estimator for 
robust tensor decomposition. Two algorithms are presented to efficiently solve the proposed 
estimator. Usefullness of the proposed method is illustrated in colorimage denoising problem.  
 
The fourth article, entitled “Multi-Marginal Optimal Mass Transport using Partial Information 
with Applications in Robust Localization and Sensor Fusion” by F. Elvander, I. Haasler, A. 
Jakobsson and J. Karlsson considers multi-marginal problems wherein only partial 
information of each marginal is available. An algorithm is proposed based on an entropy 
regularized approximation of the original transport problem. This algorithm is made 
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computationally tractable for large-scale settings by utilizing the tensor structure that arises in 
practical problems, such as, for example, tracking and barycenter problems in spatial spectral 
estimation. 
 
The fifth article, entitled “Combining F0 and Non-Negative Constraint Robust Principal 
Component Analysis for Singing Voice Separation” by F. Li and M. Akagi studies the 
problem of separating the singing voice from a musical mixture. An algorithm is proposed 
that combines prior information and non-negative constraint robust principal component 
analysis (RPCA). In addition, the original phase recovery is used to estimate the spectral 
components of the separated singing voice. The effectiveness of the proposed algorithm is 
illustrated on two datasets on singing voice separation. 
 
The sixth article, entitled “Cross-Covariance Matrix: Time-Shifted Correlations for 3D Action 
Recognition” by J. Zhang, Z. Feng, Y. Su and M. Xing introduces cross-covariance 
information to form Symmetric Positive Definite (SPD) matrix-based representations for 3D 
action recognition. The symmetric cross-covariance is also extended into the non-symmetric 
versions, where the time-order information can be embodied in the related matrix structures. 
The proposed method is tested on several databases for action recognition. 
 
The seventh article, entitled “Sparsity Independent Regularized Pursuit for Compressed 
Sensing Reconstruction” by T. J. Thomas and S. Rani concerns algorithms for compressed 
sensing to recover optimal recovery with minimum computation effort, where a compromise 
must be found in terms of ease of implementation, speed of recovery and noise resilience. The 
authors introduce the Sparsity Independent Regularized Pursuit (SIRP) which achieves an 
admirable trade-off between these key features. Further, it requires no prior knowledge of 
exact sparsity level and possesses a regular structure, making it amenable to low cost 
hardware solutions. 
 
The eight article, entitled “New Estimation Methods for Autoregressive Process in the 
Presence of White Observation Noise” by M. Esfandiari, S. A. Vorobyov and M. Karimi 
presents four new methods for estimating the parameters of an autoregressive (AR) process 
based on observations corrupted by white noise. The first method utilizes the null space of the 
AR parameter vector, while the second one uses both low- and high-order Yule-Walker 
equations to construct a constrained least squares optimization problem. The third method 
exploits an approximation reducing the problem of estimating the AR parameters with 
arbitrary order p to estimating just two parameters, while the last one estimates the variance of 
the observation noise using the minimum eigenvalue of the enlarged autocorrelation matrix. 
 
The ninth article, entitled “Model Selection With Covariance Matching Based Non-Negative 
Lasso” by A. Owrang, Y. Bresler and M. Jansson considers the problem of model selection 
for high-dimensional linear regressions in the context of support recovery with multiple 
measurement vectors available. The authors propose a non-negative Lasso estimator that is 
based on covariance matching techniques. Deterministic conditions are provided under which 
the support estimate is guaranteed to match the true support. Further, the extended Fisher 
information criterion is used to select the tuning parameter, and it is proven that the extended 
Fisher information criterion can find the true support with probability one as the number of 
rows in the design matrix grows to infinity. 
 
The tenth article, entitled “Dynamic Pattern Matching with Multiple Queries on Large Scale 
Data Streams” by S. Sukhanov, R. Wu, C. Debes and A. M. Zoubir concerns similarity search 
in large-scale data streams. A dynamic normalization approach that allows bringing streaming 
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signal subsequences to the scale of the query template is introduced. This significantly 
improves pattern retrieval capabilities, especially when sampling variance or time distortions 
are present. Further, a pattern matching approach is presented that utilizes the proposed 
normalization mechanism and extends it for the case when multiple examples of a query 
template are available. 
 
The eleventh article, entitled “A Robust Adaptive Lasso Estimator for the Independent 
Contamination Model” by J. Machkour, M. Muma, B. Alt and A. M. Zoubir introduces a new 
adaptive Lasso type regularization. The Lasso has become a benchmark method for 
simultaneous parameter estimation and variable selection in regression analysis. It is based on 
the least-squares estimator and, therefore, suffers from the presence of outliers. The authors 
present the MM-Robust Weighted Adaptive Lasso (MM-RWAL) estimator that takes into 
account cellwise outlyingness in the regression matrix and uses this information for robust 
variable selection. The MM-RWAL is applied to determine the temporal releases of the 
European Tracer Experiment (ETEX) at the source location. 
 
As Guest Editors, we would like to thank the authors, reviewers and editorial team of Elsevier 
Signal Processing for their effort in the preparation of this Special Issue. We hope that this 
issue provides the reader with an insight in the recent advances on Statistical Signal 
Processing Solutions and Advances for Data Science and stimulates further research in this 
direction. 
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