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Abstract— We propose a new regression-based filter for 
multivariate time series that separates signals from noise and 
outliers in real time. The new method merges the 
advantageous properties of two existent filtering procedures 
for online-monitoring time series. Our multivariate and robust 
procedure yields signal estimations at the right end point of a 
moving time window whose width is adapted to the current 
data situation. Since the proposed filter works in real time, it 
can be used, e.g., to lower the rate of false positive threshold 
alarms of intensive care online-monitoring systems. 
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I. INTRODUCTION  

Intensive care online-monitoring systems are used to 
supervise the condition of a patient. Those systems provide 
measurements of several physiological variables at a certain 
frequency, e.g., once per second. The resulting multivariate 
time series are noisy and non-stationary with patterns such 
as level shifts or trend changes. The data frequently contain 
outliers that are technically related or measurement artifacts. 
Furthermore, the physiological variables are correlated. 
Figure 1 shows a multivariate online-monitoring time series 
measured on an intensive care unit at a frequency of once 
per second.  

Common online-monitoring stations include a threshold 
alarm system: an alarm sounds once a measurement exceeds 
the preassigned upper or lower threshold. Due to frequent 
outliers many false alarms occur, leading to a desensitization of 
the clinical staff. Under the assumption that the observations 
consist of relevant signals which are overlaid by noise and 
outliers, the number of alarms can be decreased if the alarm 
thresholds are not compared to the raw measurements but to 
the separated signals. 

We propose a new procedure for extracting signals from 
multivariate time series in real time. Our method combines 
the advantageous properties of two filters that are based on 
robust regression in moving time windows. Therefore, we 
firstly introduce those two filters in the following section. 
Afterwards the new method is explained. In the third section 
the proposed procedure is applied to a multivariate time 
series from intensive care to demonstrate its use. The final 
section provides a summary. 

 

 

Fig. 1 Multivariate online-monitoring time series. From the top down: 
systolic, mean, and diastolic arterial blood pressure, pulse, heart rate, and 

systolic, mean, and diastolic pulmonary artery blood pressure. For 
presentational reasons the particular time series are shifted up- or downwards, 

respectively, by a fixed amount.

II. THE FILTERING PROCEDURE 

For k-variate online-monitoring time series , kt Ry ∈)(
,,...,1 Tt =  we assume that the observed data can be 

decomposed into a true but unknown signal which is 
overlaid by noise and outliers: 

   ,...,T.ttttt 1  ),()()()( =++= ηεµy                              (1) 

In this model  denotes the k-

dimensional signal at time t. The noise term is , 
where 

k
k ttt Rµ ∈′= ))(),...,(()( 1 µµ

kt Rε ∈)(
)(),...,(1 tt kεε  are errors from a symmetric distribu-

tion with zero median and time-dependent variances 
).(),...,(1 tt kσσ  The errors may be correlated, i.e., 

( ), )(),( ttCov ji εε  ,,...,1, kji =   may be unequal to 
zero. An outlier generating mechanism that produces impul-
sive spiky noise is denoted by . 

 , ji ≠

kt Rη ∈)(
Due to frequent outliers the k-dimensional signal  ),(tµ

,,...,1 Tt =  should be estimated robustly, e.g., by applying 
the running median [1] to each univariate component of the 
multivariate time series. However, online-monitoring time 
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series from intensive care often contain enduring trends. 
Hence, robust regression filters, that approximate k-variate 
time series by k regression lines within a moving time 
wi

line at the midmo oving tim w

ndow, lead to better results [2].  
We consider two kinds of regression filters: delayed 

filters approximate the signal by the level of the regression 
st position t in a m e windo  

( )wttwt +− ,...,,...,  of odd width ,12 += wn  .N∈w  
Hence, the signal is estimated with a delay of w time units. 
Unlike delayed filters rs ate the signal 
within a time window ( ),,...,1 tnt +−  ,N∈n  by the level of 
the regression line at the rightmost position t. By this 
approach the signal is estimated without time delay (except 

, online filte

co

 [3]. Bo

 online 
filters in the special situation of online-monitoring. 

nd, an 
op

tructure of the variables, in contrast to 
mu

In [5] a

 estim

mputing time), and also even window widths are eligible. 
Our new procedure is based on online Repeated Median 

(oRM) regression which is an online modification of the 
delayed Repeated Median (RM) regression th filters 
are highly robust since they resist up to ⎣ ⎦ nn /2/  outliers 
within a sample of length n. In a simulation study, [2] 
compare several delayed filtering techniques w. r. t. their 
suitability in online-monitoring and find the RM filter to 
offer best compromise results. Moreover, in [4] it is shown 
that the oRM regression also outperforms other

A.  The adaptive online Repeated Median filter (aoRM) 

 The output of a moving-window filter is strongly 
affected by the window size: large windows induce 
‘smooth’ signal estimations with little variability whereas 
small windows lead to small biased signal estimations. 
Since the data structure is not known beforeha

timal choice of the window width is not possible. 
One basis of our proposed method is the adaptive online 

Repeated Median filter (aoRM) [5] that approaches this 
bias-variance trade-off problem by adapting the size of the 
window sample to the current data situation. However, the 
aoRM is a univariate filter, i.e., it must be applied 
separately to each univariate component of a multivariate 
time series. That means the aoRM filter does not account 
for the correlation s

ltivariate filters. 
 univariate online-monitoring time series ,)( R∈ty  
,,...,1 Tt =  is assumed to be locally linear. Hence, it can be 

by a straight lapproximated ine within a small movi
t ,...,1+  of length n: 

)() sttsnt

ng window 
( )tn−

   ( ) ),,()(( stnsty ),( ηεβµ +⋅++− +−=      (2) 
where ns ,...,1=  and Ttn ≤≤ . Here R∈)(tµ  is the level of 
the straight line at the recent time point t, and R∈)(tβ  is the 

the time window; 

associated slope indicating the general direction of the trend in 

R∈),( stε  is a noise component with zero 
median and time-dependent variance, and R∈),( stη  an 
outlier generating process.  

The aoRM filter is based on oRM regression. The oRM 
estimates of )(tµ  and )(tβ  are given by 

                                                  (3)   
{ }

{ )(med)(ˆ
,...,1

szt
ns

oRM
∈

=β }

with 
{ } ⎭

⎬
⎫

⎩
⎨
⎧

−
+−−+−

=
∈≠ vs

vntysntysz
nvsv

)()(med)(
,...,1,

   and     

{ }
{ })()(ˆ)(  med)(ˆ   

,...,1
nstsntyt oRM

ns
oRM −⋅−+−=

∈
βµ ,    (4)                  

where  is used to estimate the signal at time t. )(ˆ toRMµ
The aoRM has basically the same signal estimation output 

as the oRM filter with the difference that for the oRM the 
window width n is fixed while for the aoRM the window width 
is adapted to the current data situation at each time t and hence 
is denoted by n(t). We demand : 
the minimum bound  guarantees robustness against a 
certain number of outliers while  limits the computing 
time. The inputs  and  must be set beforehand by 
the user. However, previous knowledge is not required.  

{ } Ν⊂∈ maxmin ,...,)( nntn

minn

maxn

minn maxn

The aoRM algorithm can be described as follows: 
 
start  set { }maxmin ,...,)( nntnt ∈=  
 1  perform the oRM regression in the time window 
( )ttnt ,...,1)( +−  and obtain  )(ˆ toRMµ

 2  if   min)( ntn =  ⇒  store  and go to step 4   )(ˆ toRMµ

 3  if  is appropriate ⇒  store  and )(ˆ toRMµ )(ˆ toRMµ
go to step 4;  
if  is not appropriate  set  to )(ˆ toRMµ ⇒ )(tn 1)( −tn   
and go back to step 1  
 4  update: set { }max,1)( min)1( ntntn +=+ ;  
set 1+t  to and go to step 1 t
 
The main step of this algorithm is step 3 whereat the 

oRM signal estimation (4) from step 1 is tested to be 
appropriate or not appropriate. The test is based on the fact 
that oRM regression results in an equal number of positive 
and negative residuals. The test procedure is explained in 
detail in [5]. If  is not appropriate, the window 
sample is reduced by discarding the leftmost observation. Then 
the oRM regression is performed within the smaller time 
window, and it is tested again. These steps are repeated until 

)(ˆ toRMµ

MBEC_310.doc 



 3 

either  is equal to  (compare step 2) or the signal )(tn minn

estimation is appropriate. Then  is stored. )(ˆ toRMµ
Afterwards the window sample is updated for the next time 

point  by incorporating the next observation 1+t )1( +ty  (step 
4). Hence, the sample size is increased by one. If it exceeds the 
maximum bound  the leftmost or oldest window 
observation, respectively, is excluded from the window 
sample. Thus,  cannot be greater than  Finally, 

 is set to t and the next iteration starts. 

,maxn

)(tn .maxn
1+t

B. The multivariate online Trimmed Repeated Median-
Least Squares filter (oTRM-LS)  

The multivariate Trimmed Repeated Median-Least 
Squares filter (TRM-LS) [6] yields robust and efficient 
signal estimations and is able to detect multivariate outliers 
that are possibly not detected by univariate filters. However, 
the TRM-LS is a delayed filter that does not approach the 
bias-variance trade-off problem. Our new procedure 
includes an online modification of the TRM-LS filter that 
works in a moving window ( )tnt ,...,1+−  of fixed width n 
and is denominated as online TRM-LS (oTRM-LS) filter.  

Similarly to (2) we assume each univariate component of a 
multivariate time series to be locally linear. Under this 
assumption a multivariate time series can be described by k 
straight lines in a short time window : ( )tnt ,...,1+−

 ),,(),()()()()( ststnsttsnt ηεβµy ++−⋅+=+−         (5) 

 and  Here  is the level vector 

at time t and  the vector of the k slopes. An outlier 

generating process is denoted by , and the com-

ponents 

ns ,...,1= .Ttn ≤≤ kt Rµ ∈)(
kt Rβ ∈)(

kst Rη ∈),(

),(),...,,(1 stst kεε  of  are errors  from a 
symmetric distribution with zero median and time-
dependent variance, where 

kst Rε ∈),(

( ), ),(),,( ststCov ji εε  ,ji ≠  

 may be unequal to zero.  ,,...,1, kji =
The oTRM-LS signal estimate at time t, ,Ttn ≤≤  is 

obtained by the following computing steps: 
 
 a  perform the oRM regression in the time window 
( tnt ,...,1+− )  for each of the k univariate components of 
the multivariate time series 
 b  determine the oRM residuals for each component and  
combine them to vectors , koRM snt Rr ∈+− )( ns ,...,1=  
 c  utilize the n  residual vectors to estimate the local error 
covariance matrix  kkt ×∈RΣ )(

 d  determine the set  of window positions { nSt ,...,1⊂ }
corresponding to residual vectors  with )( sntoRM +−r

t
oRMoRM Ssdsnttsnt ∈≤+−′+− −     ,)()(ˆ )( 1rΣr       

 e  perform the multivariate LS regression based on 
{ }tSssnt ∈+−   )( y ; store the levels of the k LS lines at 

 the rightmost position t, denoted by  kLSoTRM t Rµ ∈− )(ˆ
 
At step c the error covariance matrix  is estimated. )(tΣ

Therefore, a robust estimator is required to avoid a masking 
effect. In [6] it is recommended to use the fast computable 
orthogonalized Gnanadesikan-Kettenring estimator [7]. At 
step d those time points within the window are determined 
whose corresponding residual vectors are ‘not too large’ 
with regard to the local correlation structure. [6,7] suggest 
some adequate choices for the upper bound d, e.g., the 

quantile−α of a chi-square distribution with k degrees of 
freedom. Based on the trimmed window sample a multi-
variate LS regression is performed (step e) to obtain the 
signal estimate  which consists of the 
levels of the k LS regression lines at time t. 

kLSoTRM t Rµ ∈− )(ˆ

C. The adaptive online Trimmed Repeated Median-
Least Squares filter (aoTRM-LS)  

Our new method arises from a combination of the aoRM 
and the oTRM-LS filter and therefore is denominated as 
adaptive online Trimmed Repeated Median-Least Squares 
filter (aoTRM-LS). The working assumption (5) of the 
oTRM-LS filter is also used here, and the inputs  and 

 of the aoRM filter must be set beforehand by the user. 
minn

maxn
 The aoTRM-LS algorithm is defined as follows: 
 
 start  set { }maxmin ,...,)( nntnt ∈=  
 A  apply the aoRM procedure in the time window 
( )ttnt ,...,1)( +−  to each of the k univariate components 
of the multivariate time series to obtain k adapted 
individual window widths  ,...,k itntni 1,)()( =≤
 B  set the overall window width { })( min)(

,..,1
tntn i

ki
ov

=
= ; 

 C  apply the oTRM-LS filter to the multivariate sample 
in the time window ( )ttnt ov ,...,1)( +−  and store the 

signal estimation, denoted by  kLSaoTRM t Rµ ∈− )(ˆ
 D  update: set { }max , 1)( min)1( ntntn ov +=+ ; 
set 1+t to t and go to step A 
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IV. SUMMARY  

Our new robust adaptive online Trimmed Repeated 
Median-Least Squares procedure serves for filtering multi-
variate time series in real time. It separates relevant signals 
from noise and outliers within a moving time window at the 
rightmost or current time point, respectively. The bias-
variance trade-off problem for the optimal choice of the 
window width is approached since the size of the time 
window is adapted to the current data situation at each point 
in time. Furthermore, the filter considers the local 
correlations between the variables in order to estimate the 
signal and to detect multivariate outliers which are possibly 
not detected by univariate filters. 

Our proposed procedure can be used, e.g., to lower the 
rate of false positive threshold alarms of intensive care 
online-monitoring systems. However, the problem of 
missing measurements must be solved for an online 
application in practice since the procedure does not work 
for ‘incomplete’ data. 

At step A the aoRM procedure is applied to obtain k 
individual window widths  that are used to get 
an overall window width  (step B). 

)(),...,(1 tntn k
{ )(,...,)( min tnntnov ∈ }

Since we assume each univariate component of the multi-
variate time series to be locally linear (5), we must set 

 to the minimum of the individual window widths. 
Then the oTRM-LS filter is applied to the multivariate 
sample in the time window ( )

)(tnov

ttnt ov ,...,1)( +−  to obtain the 

signal estimate  (step C). Finally, the kLSaoTRM t Rµ ∈− )(ˆ
window sample of width  is updated for the next time 
point  (step D). This is done similarly to the update 

)(tnov
1+t

step 4 of the aoRM algorithm. 

III. APPLICATION  

Figure 2 shows the online-monitoring measurements 
from Figure 1 (gray) and the corresponding aoTRM-LS 
signal extraction (black) with = 50 and = 100. 
The aoTRM-LS filter has been applied retrospectively to 
this data sample. However, it would have yielded the same 
signal extraction if it had been applied online. 

minn maxn

  

 
 

Fig. 2 Multivariate online-monitoring time series from Figure 1 (gray) and   
aoTRM-LS signal extraction (black).

 
The aoTRM-LS filter reproduces the information given 

by the online-monitoring system while observational noise 
is neglected. Moreover, the two conspicuous peaks of the 
arterial blood pressures around time 11:32 and 11:38 are 
ignored. An experienced physician annotated both peaks as 
being clinically irrelevant outliers. Hence, two false alarms 
would have been suppressed within these fifteen minutes if 
the filter had been applied online. 
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