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Abstract

This introduction to the R package rrcov is a (slightly) modified version of Todorov and
Filzmoser (2009), published in the Journal of Statistical Software.

Taking advantage of the S4 class system of the programming environment R, which facil-
itates the creation and maintenance of reusable and modular components, an object ori-
ented framework for robust multivariate analysis was developed. The framework resides
in the packages robustbase and rrcov and includes an almost complete set of algorithms
for computing robust multivariate location and scatter, various robust methods for princi-
pal component analysis as well as robust linear and quadratic discriminant analysis. The
design of these methods follows common patterns which we call statistical design patterns
in analogy to the design patterns widely used in software engineering. The application of
the framework to data analysis as well as possible extensions by the development of new
methods is demonstrated on examples which themselves are part of the package rrcov.
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1. Introduction

Outliers are present in virtually every data set in any application domain, and the identi-
fication of outliers has a hundred years long history. Many researchers in science, industry
and economics work with huge amounts of data and this even increases the possibility of
anomalous data and makes their (visual) detection more difficult. Taking into account the
multivariate aspect of the data, the outlyingness of the observations can be measured by
the Mahalanobis distance which is based on location and scatter estimates of the data set.
In order to avoid the masking effect, robust estimates of these parameters are called for,
even more, they must possess a positive breakdown point. The estimates of the multivariate
location vector L and the scatter matrix ¥ are also a cornerstone in the analysis of multi-
dimensional data, since they form the input to many classical multivariate methods. The
most common estimators of multivariate location and scatter are the sample mean X and
the sample covariance matrix S, i.e., the corresponding MLE estimates. These estimates are
optimal if the data come from a multivariate normal distribution but are extremely sensitive
to the presence of even a few outliers (atypical values, anomalous observations, gross errors)
in the data. If outliers are present in the input data they will influence the estimates X and
S and subsequently worsen the performance of the classical multivariate procedure based on
these estimates. Therefore it is important to consider robust alternatives to these estimators
and actually in the last two decades much effort was devoted to the development of affine
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equivariant estimators possessing a high breakdown point. The most widely used estimators
of this type are the minimum covariance determinant (MCD) estimator of Rousseeuw (1985)
for which also a fast computing algorithm was constructed—Rousseeuw and Van Driessen
(1999), the S estimators (Davies 1987) and the Stahel-Donoho estimator introduced by Sta-
hel (1981a,b) and Donoho (1982) and studied by Maronna and Yohai (1995). If we give up
the requirement for affine equivariance, estimators like the one of Maronna and Zamar (2002)
are available and the reward is an extreme gain in speed. Substituting the classical location
and scatter estimates by their robust analogues is the most straightforward method for ro-
bustifying many multivariate procedures like principal components, discriminant and cluster
analysis, canonical correlation, etc. The reliable identification of multivariate outliers which
is an important task in itself, is another approach to robustifying many classical multivariate
methods.

Some of these estimates and procedures became available in the popular statistical packages
like S-PLUS, SAS, MATLAB as well as in R but nevertheless it is recognized that the robust
methods have not yet replaced the ordinary least square techniques as it could be expected
(Morgenthaler 2007; Stromberg 2004). One reason is the lack of easily accessible and easy to
use software, that is software which presents the robust procedures as extensions to the classi-
cal ones—similar input and output, reasonable defaults for most of the estimation options and
visualization tools. As far as the easiness of access is concerned, the robust statistical methods
should be implemented in the freely available statistical software package R, (R Development
Core Team 2009), which provides a powerful platform for the development of statistical soft-
ware. These requirements have been defined in the project “Robust Statistics and R”, see
http://www.statistik.tuwien.ac.at/rsr/, and a first step in this direction was the initial
development of the collaborative package robustbase, (Rousseeuw et al. 2009), with the inten-
tion that it becomes the essential robust statistics R package covering the methods described
in the recent book Maronna et al. (2006).

During the last decades the object oriented programming paradigm has revolutionized the
style of software system design and development. A further step in the software reuse are the
object oriented frameworks (see Gamma et al. 1995) which provide technology for reusing both
the architecture and the functionality of software components. Taking advantage of the new
S4 class system (Chambers 1998) of R which facilitate the creation of reusable and modular
components an object oriented framework for robust multivariate analysis was implemented.
The goal of the framework is manyfold:

1. to provide the end-user with a flexible and easy access to newly developed robust meth-
ods for multivariate data analysis;

2. to allow the programming statisticians an extension by developing, implementing and
testing new methods with minimum effort, and

3. to guarantee the original developers and maintainer of the packages a high level of
maintainability.

The framework includes an almost complete set of algorithms for computing robust multi-
variate location and scatter, such as minimum covariance determinant, different S estima-
tors (SURREAL, FAST-S, Bisquare, Rocke-type), orthogonalized Gnanadesikan—Kettenring
(OGK) estimator of Maronna and Zamar (2002). The next large group of classes are the
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