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1. Introduction

Extreme events have become one focus of climate

research (Meehl et al., 2000). This type of natural hazard

has potential societal effects (McCarthy et al., 2001).

Detecting extremes in records of past climates is

important for projecting future risks of such events.

The task of detection may be difficult when back-

ground signal and climatic variability are time-depen-

dent, which is common in many types of records and

climate archives. For example, in the application

analyzed here, we search for peaks in the sulfate time

series from a Greenland ice core. The peaks (sulfate

extremes) come from volcanic eruptions, whereas the

background and variability reflect changing oceanic and

other input. A reliable detection requires robustness:

number and size of the extremes, which are indeed

assumed to be in the data, should have little influence on

background and variability estimates (Lanzante, 1996).

See for an extensive review of theory and methods for

the statistics of extremes the following books: Beirlant

et al. (2004), Coles (2001), Embrechts et al. (1997), and

Reiss and Thomas (1997).
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CLIM-X-DETECT is a Fortran 90 program that

estimates robustly time-dependent background by run-

ning median smoothing (Härdle and Steiger, 1995) and

time-dependent variability by the running median of

absolute distances to the median (MAD) (Tukey, 1977).

It uses an efficient updating scheme of the window data

that allows processing of data sizes in the order of many

thousands at PC level. CLIM-X-DETECT is a separate

part of the XTREND package for analyzing trends in

the occurrence of extreme climatic events (Mudelsee et

al., 2003). CLIM-X-DETECT can readily be applied in

other fields where extremes are searched in time series

data, such as geophysics, astronomy, or econometrics.
2. Background and variability estimation

Hampel (1985) considers robust outlier or extremes

detection on a data sample (no time dependence): if

xðiÞ4MEDðxÞ þ zMADðxÞ, (1)

i ¼ 1; . . . ; n, then xðiÞ may be considered as an extreme

value. xðiÞ are the data (size n); MEDðxÞ and MADðxÞ

are the median and MAD of the sample, respectively.

(That is, MADðxÞ ¼ median of fjxðiÞ �MEDðxÞj; i ¼
1; . . . ; ng.) z is a threshold to be selected. z too small

produces a liberal detection (too many extreme events), z

too large a conservative detection (too few events);

Hampel (1985) used extensive Monte Carlo simulation
d.
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experiments and concluded that z ¼ 3:5 yields a good

compromise in many cases of distributions of x.

The extension to a time series, fxðiÞ; tðiÞ; i ¼ 1; . . . ; ng,
time tðiÞ strictly monotonically increasing, is straightfor-

ward: if

xðiÞ4MED
j¼iþk
j¼i�kðxðjÞÞ þ zMAD

j¼iþk
j¼i�kðxðjÞÞ, (2)

i ¼ k þ 1; . . . ; n� k, then xðiÞ is the detected extreme

at time tðiÞ. MED
j¼iþk
j¼i�kðxðjÞÞ is the running median

(2k þ 1 window points, with kpðn� 1Þ=2), and

serves as estimate of time-dependent background;

MAD
j¼iþk
j¼i�kðxðjÞÞ is the median of absolute distances to

the running median, and serves as estimate of time-

dependent variability. When also the size of an extreme

is important, it might be useful to consider the scaled

quantity

x�ðiÞ ¼ ½xðiÞ �MED
j¼iþk
j¼i�kðxðjÞÞ�=MAD

j¼iþk
j¼i�kðxðjÞÞ, (3)

i ¼ k þ 1; . . . ; n� k.

Cross-validation can be used to solve the smoothing

problem (choice of k). We use two such criterions: L1-

norm (Marron, 1987) and median criterion (Zheng and

Yang, 1998):

CV 1ðkÞ ¼
Xn

i¼1

jxðiÞ �MED
j¼iþk
j¼i�k;jaiðxðjÞÞj

" #,
n, (4)

CVmðkÞ ¼ medianfjxðiÞ �MED
j¼iþk
j¼i�k;jaiðxðjÞÞjg, (5)

where MED
j¼iþk
j¼i�k;jaiðxðjÞÞ is the delete-one background

estimate. The cross-validation functions measure the

average performance of the delete-one estimate to

predict the observation xðiÞ. Optimal k values minimize

CV 1ðkÞ or CVmðkÞ. (One leaves out the point j ¼ i to

exclude the trivial solution k ¼ 0.)

Using two criterions allows a more balanced look at

the background and variability properties of the data

than using just one criterion. Note that also local

minima of the cross-validation functions may indicate

some relevant structure in the data (Marron, 1988).

Further extensions of the method, considered to be

beyond the scope of this note, are: adaptive smoothing

(k time-dependent) and automatic safeguarding against

autocorrelation effects. In autocorrelated time series, an

extreme event at time tðiÞ may be the mere result of some

previous event, for example, at tði � 1Þ. In such cases,

the cross-validation functions suggest under-smoothing

(k ¼ 1 or 2). It might be advisable then to resample the

original time series at a lower time resolution to reduce

autocorrelation effects.
3. Optimal median smoothing

Running median smoothing and running MAD

determination are computationally expensive because
these procedures require some sorting operations on the

window points.

Härdle and Steiger (1995) devised an algorithm for

running median smoothing based on a double-heap

order of window points, which is optimal in the sense

that no faster other algorithm apparently exists. The

double-heap is an array fyðlÞ; l ¼ �k; . . . ; kg that stores
the window points fxðjÞ; j ¼ i � k; . . . ; i þ kg as follows

(see Härdle and Steiger (1995), page 260).
1.
 yð0Þ ¼ median of fxðjÞ; j ¼ i � k; . . . ; i þ kg;
2.
 max½yð�2mÞ; yð�2m� 1Þ�pyð�mÞ; mpðk � 1Þ=2;

3.
 min½yð2mþ 1Þ; yð2mÞ�XyðmÞ; mpðk � 1Þ=2.

Fig. 1 in the paper by Härdle and Steiger (1995)

illustrates this structure. Härdle and Steiger (1995;

p. 261) explain the updating of the double-heap order

when the window runs: ‘When xði � kÞ is removed from

the window the data structure has an empty place . . . To
update, we propagate the ‘hole’ to the apex of the

relevant heap [i.e., yð1Þ or yð�1Þ] . . . Inserting the new

value xði þ k þ 1Þ into the data structure is analogous.’

Running median calculation thus does not require more

expensive algorithms like those for bringing all window

points into numerical order; usage of Härdle and

Steiger’s (1995) double-heap algorithm is sufficient.

CLIM-X-DETECT (subroutine runmed) uses two

adaptations of the sort_heap algorithm (Press et al.,

1996) for updating the double-heap. First, generation of

the initial double-heap structure when the window starts

is performed by sorting (routine indexx (Press et al.,

1996)). Second, CLIM-X-DETECT’s subroutine

runmed performs also the delete-one running median

calculations for the cross-validation (Eqs. (4) and (5)) as

well as the running MAD calculations (see subroutine

background, which calls runmed).
4. Examples

Fig. 1A shows robust extremes detection and back-

ground estimation for an artificial time series. The

threshold selection (z ¼ 4:0) successfully achieves detec-

tion of all pre-defined extremes. (z ¼ 3:5 might be

slightly too liberal for these data.) The cross-validated

window width (k ¼ 21) captures the pre-defined sinu-

soidal background variation. On the other hand, the

non-robust method using running mean and standard

deviation (Fig. 1B) fails to detect nine of the 18 pre-

defined extremes.

The GISP2 ice core from Greenland is an archive of

environmental conditions in the North Atlantic region

over the past hundred thousand years (Hammer et al.,

1997). The GISP2 sulfate time series, here analyzed

using the early Holocene data (Zielinski et al., 1994),
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Fig. 1. Detection of extremes in artificial data. The time

series tðiÞ; xðiÞ (gray lines in A and B) was generated

as follows. tðiÞ ¼ i; i ¼ 1; . . . ; 300; xðiÞ ¼ 5þ �ðiÞ þ 3sðiÞ,

where �ðiÞ�Nð0; 1Þ, and sðjÞ ¼ sinð2pðtðjÞ � 100Þ=100Þ,
j ¼ 100; . . . ; 200, sðjÞ ¼ 0, elsewhere. Subsequently, 18 pre-

defined extremes were set as xð20Þ ¼ 20, xð22Þ ¼ 35,

xð24Þ ¼ 10, xð50Þ ¼ 15, xð55Þ ¼ 80, xð60Þ ¼ 100, xð100Þ ¼ 60,

xð120Þ ¼ 90, xð130Þ ¼ 50, xð140Þ ¼ 20, xð145Þ ¼ 100, xð175Þ ¼

70, xð180Þ ¼ 35, xð185Þ ¼ 50, xð200Þ ¼ 100, xð220Þ ¼ 50,

xð240Þ ¼ 30, and xð260Þ ¼ 80. (A) Robust detection using

running median as estimate of time-dependent background

(lower heavy line) and running median þz �MAD as time-

dependent threshold (upper heavy line). Cross-validated num-

ber of window points (Eq. (5)) is k ¼ 21. z ¼ 4:0 achieves

detection of the 18 extremes; z ¼ 3:5 finds two additional,

spurious events, at t ¼ 115 and t ¼ 124. (B) Non-robust

detection: running mean (k ¼ 21) as background estimate

(lower heavy line) and running mean þ2:7 standard deviations

as detection threshold (upper heavy line). (A normal distribu-

tion with standard deviation unity has an MAD of around

0:67 ’ 2:7=4:0.) Only nine events are detected. The non-robust

method is corrupted by the presence of the extremes (over-

estimations of background and variability) and therefore

unsuited for detecting extremes (Lanzante, 1996).

(A)

(B)

Fig. 2. Detection of extremes in GISP2 sulfate record (gray

lines in A and B), n ¼ 1806. (A) Robust detection: running

median with a cross-validated (Eq. (5)) number of window

points, k ¼ 15, estimates time-dependent background (lower

heavy line); running median þ3:5 �MAD is time-dependent

detection threshold (upper heavy line). (B) Non-robust detec-

tion: running mean (k ¼ 15) as background estimate (lower

heavy line) and running meanþ 2:36 standard deviations as

detection threshold (upper heavy line).

M. Mudelsee / Computers & Geosciences 32 (2006) 141–144 143
records a steady input from oceanic and other sources

(background signal). Superimposed on this signal are

occasional peaks stemming from volcanic eruptions.

Besides to determine volcanic activity during the

Holocene, the record further allows to reconstruct the

climate evolution in the North Atlantic region (time-

dependent background and variability).

Fig. 2A shows robust extremes detection and back-

ground estimation for the GISP2 sulfate record. The
running MAD detection uses Hampel’s (1985) rule

(z ¼ 3:5), the window width (k ¼ 15) is from cross-

validation and corresponds to an average window length

of 66 years, thus allowing for decadal/centennial-scale

background variations. The number of detected sulfate

peaks is 201, which means that on average every 20 years

a peak occurs; the time-dependence of those occurrences

can be further analyzed using kernel estimation techni-

ques, see Mudelsee et al. (2003, 2004). Notably, the

cooling event at around 8200 years before present

(Hammer et al., 1997) seems not to have been caused

by elevated volcanic activity.

Fig. 2B shows non-robust extremes detection using

running mean and standard deviation. Only 71 peaks are

‘‘detected’’ because of overestimated background and

variability values. Such overestimations are clearly

visible at around the peaks at �7200 years before

present (defined as AD 1950) and �7600 years.

Although Lanzante (1996) warned of using non-robust

detection methods, this method has been frequently

used. An unfortunate example is Cuomo et al. (2000),

who even denoted usage of mean and standard deviation

as a ‘‘robust’’ method in the title of their paper.
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Appendix. Short CLIM-X-DETECT manual

CLIM-X-DETECT uses time series tðiÞ; xðiÞ in ASCII

format, one pair of values per line. Pass file names for

data input and output via configuration file ‘CLIM-X-

DETECT.cfg’. Data size (minimum: n ¼ 25) is detected

automatically. The time series is shown on the screen. In

Part 1 of the program, you may extract a time interval

for the analysis. Continuing with Part 2 (Extreme events

detection), you first enter the k range for which the

cross-validation functions (Eqs. (4) and (5)) are calcu-

lated. This is advisable for long time series and prior

knowledge about the timescale of background varia-

tions, to reduce computing costs. CLIM-X-DETECT

then plots CV 1ðkÞ and CVmðkÞ and gives the minimizing

k values to guide selection of k. Then appear the

graphs of xðiÞ, MED
j¼iþk
j¼i�kðxðjÞÞ, and MED

j¼iþk
j¼i�kðxðjÞÞ þ

zMAD
j¼iþk
j¼i�kðxðjÞÞ against tðiÞ. Initially, the curves for

two z values (z ¼ 2 and z ¼ 4) are shown simulta-

neously, but you may test other values. Note that the

curves are simply extrapolated (i ¼ 1; . . . ; k; i ¼ n� kþ

1; . . . ; n) by constants to cover the full time interval;

more adaptive approaches (k decreasing at the bound-

aries) can be implemented using the source code. The

plot setting can be changed (zooms, logarithmic x-axis).

When the treshold (z) is finally set and you continue, the

scaled extremes time series, x�ðiÞ, is shown. You may

either write data, background and variability estimates,

and scaled extremes to output files, or go back to Parts 1

or 2. The source code of CLIM-X-DETECT, the

configuration file, and the installation instructions give

further information.
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