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AbstractThe research reported in this paper is related to the 

ultra-wide-band radar technology that may be employed in 

care services for elderly and disabled persons. Two 

algorithms for preprocessing of measurement data from an 

impulse radar sensor, when applied for elderly people 

monitoring, are compared with respect to the uncertainty of 

estimation of echo parameters. Preliminary results of 

numerical experiments performed on those algorithms are 

demonstrated. 
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1. INTRODUCTION 

The European and North-American populations are 

aging quickly. The problem of organised care over elderly 

people, especially those suffering dementia is, therefore, of 

increasing importance. Hence the demand for research on 

new technologies that could be employed in care services 

for such people. Its primary objective is to examine the 

applicability of various sensor systems for non-invasive 

monitoring of the movements and vital bodily functions, 

such as heart beat or breathing rhythm, of elderly persons in 

their home environment. There are three main categories of 

monitoring techniques already applied in care practice – 

wearable, environmental, vision-based – and three emerging 

categories: depth-camera-based (cf. the 2014 review paper 

[1]) and radar-based techniques (cf., for example, the 

documents [2-13]). This paper is devoted to the latter ones, 

more precisely to the application of an ultra-wide-band 

(UWB) monostatic radar system for monitoring elderly and 

disabled people. The 2014 authors' papers, [14] and [15], 

contain key information on the organisation of such a 

system and on the envelope-based algorithms for 

preprocessing of measurement data acquired by that system. 

Here, two algorithms for estimation of radar echo 

parameters – an envelope-based algorithm and a new 

modified CLEAN algorithm – are compared with respect to 

the uncertainty of estimation.  

2. PROBLEM STATEMENT 

The shape of a pulse emitted by the radar sensor is 

usually modelled with a real-valued function )(tx , where t  

is a variable modelling time. The received signal, i.e. the 

response to )(tx , is modelled with a real-valued function 

)(ty . In Fig. 1 a digitalised version of the pulse )(tx  – i.e. a 

sequence     tnxxn  , where t  is a sampling interval – is 

shown. 

 

Fig. 1. Measured pulse emitted by the radar sensor. 

Under the assumption that the emitted pulse is partially 

reflected from K  surfaces located at different distances, the 

signal )(ty  may be given the form: 
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where )...,,1( Kkrk   are the reflection coefficients, 

)...,,1( Kktk   are time locations of the K  echoes, and: 
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For the sake of simplicity, the coefficients kr  will be 

called magnitudes and the time locations kt  will be called 

positions hereinafter. 

The metrological performance of the following two 

algorithms for estimation of echo positions and magnitudes 

is compared: 

− the max-envelope-based algorithm (called ME 

algorithm) which operates directly on the received data 
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sequence, and provides estimates of the positions and 

magnitudes of echoes, computed on the basis of its max-

envelope; 

− the modified CLEAN algorithm (called MC algorithm) 

which uses the cross-correlation function between the 

received data sequence and the template of the emitted 

pulse for estimation of the positions of echoes, and 

provides the least-squares estimates of their magnitudes. 

The uncertainty of parameter estimation, attained by 

means of both algorithms, is evaluated in two test sets of 

semi-synthetic data generated on the basis of real-world data 

from an impulse radar sensor manufactured by Novelda SA. 

3. METHODOLOGY 

OF NUMERICAL EXPERIMENTATION 

3.1. Generation of semi-synthetic data 

The study reported in this paper is based on the use of 

semi-synthetic measurement data. Sequences of such data, 

designed for testing purposes, have been generated 

according to formula: 

       nn tnyy ~  with  



K

k

kk ttxrty
1

)(  (3) 

where  n  is a sequence representative of the noise 

extracted from real-world data acquired by means of the 

radar sensor. In Fig. 2, an estimate of the standard deviation 

of the sensor noise, obtained on the basis of its 4166R  

recorded realisations, is presented.

 

 

Fig. 2. Estimate of the standard deviation of the radar sensor noise, 

computed on the basis of its 4166 realisations. 

The length of each sequence of data, used for 

experimentation, is the same as that of the window of 

observation in the radar sensor, viz. 256 samples. Since the 

sampling frequency is 3743561856 Hz, this window covers 

the distance of ca. 1 m.  

3.2. Criteria for performance evaluation 

Each experiment, completed using 4166R  

realisations of semi-synthetic data, has resulted in K2  

sequences of estimates:  Nnntk ...,,1)(ˆ   and 

 Nnnrk ...,,1)(ˆ   for Kk ...,,1 . The results of all 

experiments have been assessed using the following 

uncertainty indicators: 

− the absolute standard deviation of the position estimates: 
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where 
t
k̂  is mean value of the position estimates for the 

k th echo; 

− the absolute standard deviation of the magnitude 

estimates: 
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where 
r
k̂  is the mean value of the magnitude estimates 

for the k th echo. 

The bias of the estimates has been neglected in 

performance evaluation since the inference procedures 

usually include computation of velocity and acceleration by 

numerical differentiation of the sequences of those 

estimates. 

4. COMPAREDED ALGORITHMS 

4.1. Max-envelope-based algorithm (ME algorithm) 

The ME algorithm is almost the same as described in the 

paper [15]. Its sectioning part is composed of three steps: 

− transformation of the original sequence of radar data 

 ny~  into an auxiliary sequence of non-negative 

numbers  ny~ : 

     scyy nMn ,;~~ F
 (6) 

where  scM ,;F  is the operator of Marmet filtering 

[16] with the parameters 12c  and 40s ; 

− determination of the envelope  E

ny  of the sequence 

 ny~  according to the formula: 

       0,~max 0
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E
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where 
 0

thy  is a discrimination level fit to the level of 

noise in the data  ny~ ; 

− determination of the borders between sections as points 

where the sequence  E

ny  has a minimum between two 

subsequent maxima: 

  1...,,minarg 
 kk

E
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where kn  are ordered abscissas of all the maxima of the 

envelope, i.e.: 

 
   Nnyyn th

E

nnk ...,,10,maxmaxarg 1   (9) 

for Kk ...,,1  with 
 1

thy  being a discrimination level fit 

to the level of noise in the data  ny~ ;  

− supplementation of the set of minima abscissas with 1 

and N . 
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For each section, defined by two consecutive minima, 

parameters of an echo – position and magnitude – are 

estimated according to the formulae: 
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4.2. Modified CLEAN algorithm (MC algorithm) 

A preliminary examination of the basic CLEAN 

algorithm (known for ca. 40 years [17]), applied for 

estimation of the positions and magnitudes of echoes, 

demonstrated that it may be efficiently applied only for 

estimation of the echo positions, because the uncertainty of 

magnitude estimation is strongly dependent on the relative 

magnitudes of the echoes and the distance between them. 

Therefore, the algorithm has been modified and the 

magnitudes of the echoes are determined by means of the 

least-squares method. 

In the description of the modified CLEAN algorithm, 

provided below, the following symbols are used: 

)(tx  – emitted pulse; 

)(ty
 

– received signal; 

)(xx   – non-normalised autocorrelation function of 

  the emitted pulse )(tx ; 

)(yx
 – non-normalised cross-correlation function 

  between the emitted pulse )(tx  and received 

  signal )(ty ; 

it  –  position of the echo found by the algorithm 

  in the i th iteration; 

Τ  – constant offset between the maximum in 

  the cross-correlation domain and the echo 

  position in the time domain; 

ir  – magnitude of the echo found by the algorithm in 

  the i th iteration; 

)(tyi  – result of processing )(ty  by means of  the 

  CLEAN algorithm after the i th iteration; 

th  – threshold in the stopping criterion ( 0th  ); 

  – loop gain of the CLEAN algorithm (  1,0 ); 

y  – vector representation of the received )(ty ;

   TNyy ...1y ,  tnyyn   for Nn ...,,1 , 

  256N ;
 

Φ  – matrix containing shifted copies of the pulse

  )(tx ;  K1Φ  ... ,  Tk

N

k

k xx ...1

  
 k

k

n ttnxx  for Nn ...,,1 , 256N ;  

  K  – number of echoes found by the algorithm;
 

eem – vector of the estimates of the echo magnitudes. 

 

The modified CLEAN algorithm comprises the 

following steps: 

 

 0:)(0 ty , )(:)(1  yx , 1:i ; 

  )(max:,max  ii  ,  )(maxarg:   ii  ; 

  th,max  i
; 

 Τt ii : , )}(max{/: ,max  xxiir  ; 

 )()(:)( 1 iiii ttxrtyty   ; 

 )()(:)( xx1 iiii r   ; 

  ,1: ii ; 

 yΦeem
: . 

5. NUMERICAL EXPERIMENTS 

The performance of the algorithms has been evaluated 

using two test sets of semi-synthetic data. The first of them 

has contained data sequences representative of two strong 

echoes with magnitudes 0.11 m  and kmm /12   (an 

example in Fig. 3); while the second has grouped data 

sequences representative of two echoes having weak 

magnitudes, viz. 1.01 m  and kmm /12   (an example in 

Fig. 4). In both cases 5...,,1k , the position of the first 

echo has been fixed to 501 t  while the position of the 

second to dttt  12  for 150...,,1,0dt . For each value 

of the distance dt , the performance indicators, defined in 

Subsection 3.2, have been calculated for 4166R  

realisations of the data. The experiment based on the first set 

of data has been labelled EXP1, the experiments based on 

the second – EXP2.  

 
Fig. 3. Data sequences used in the experiment EXP1: 

for the magnitude ratio m1/m2 = 1 (top), 

for the magnitude ratio m1/m2 = 5 (bottom). 



 

Fig. 4. Data sequences used in the experiment EXP2: 

for the magnitude ratio m1/m2 = 1 (top), 

for the magnitude ratio m1/m2 = 5 (bottom). 

5.1. Experiment EXP1 

The dependence of the absolute standard deviation of the 

position estimate of the stronger echo on the distance 

between echoes is shown in Fig. 5; the same for the position 

estimate of the weaker echo is provided in Fig. 6. In case of 

the ME algorithm, both standard deviations decrease when 

the distance between echoes is growing from 0 to 45 

samples, and stabilise at the level of ca. 0.02 for the stronger 

echo and ca. 0.05 for the weaker echo. On the other hand, 

for the MC algorithm the absolute standard deviation of the 

estimate of the position is zero for both echoes, regardless of 

the distance between them. 

 

Fig. 5. Absolute standard deviation of the estimate of the stronger 

echo position in the experiment EXP1: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

 

Fig. 6. Absolute standard deviation of the estimate of the weaker 

echo position in the experiment EXP1: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

The dependence of the absolute standard deviation of the 

magnitude estimate of the stronger echo on the distance 

between echoes is shown in Fig. 7; the same for the 

magnitude estimate of the weaker echo is provided in Fig. 8. 

In case of the ME algorithm, both standard deviations 

decrease when the distance between echoes is growing from 

0 to 40 samples, and stabilise at the level of ca. 0.03 if the 

distance is greater than 40 samples. For the MC algorithm, 

the standard deviation of the estimate of both echoes 

magnitudes oscillates around 0.0014, regardless of the 

distance between them. 

 

 

Fig. 7. Absolute standard deviation of the estimate of the stronger 

echo magnitude in the experiment EXP1: 

for the ME algorithm (top) and for the MC algorithm (bottom). 
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Fig. 8. Absolute standard deviation of the estimate of the weaker 

echo magnitude in the experiment EXP1: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

5.2. Experiment EXP2 

The dependence of the absolute standard deviation of the 

position estimate of the stronger echo on the distance 

between echoes is shown in Fig. 9; the same for the position 

estimate of the weaker echo is provided in Fig. 10. It may be 

seen that for the ME algorithm the absolute standard 

deviation of the estimate of the position of both echoes is 

much larger than in the experiment EXP1. For the stronger 

echo, the standard deviation is reaching a minimum of 0.3-

0.4 at the distance of ca. 30 samples, and is slowly growing 

for its larger values; for the weaker echo, it assumes very 

large values even for very distant echoes. On the other hand, 

for the MC algorithm, the absolute standard deviation of the 

estimate of the position is zero for both echoes, regardless of 

the distance between them. 

 

Fig. 9. Absolute standard deviation of the estimate of the stronger 

echo position in the experiment EXP2: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

 

Fig. 10. Absolute standard deviation of the estimate of the weaker 

echo position in the experiment EXP2: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

The dependence of the absolute standard deviation of the 

magnitude estimate of the stronger echo on the distance 

between echoes is shown in Fig. 11; the same for the 

magnitude estimate of the weaker echo is provided in 

Fig. 12. It may be seen that the performance of both 

algorithms is similar to that in the experiment EXP1. For the 

ME algorithm, both standard deviations decrease when the 

distance between echoes is growing from 0 to 40 samples, 

and stabilise at the level of ca. 0.03 if the distance is greater 

than 40 samples. For the MC algorithm, the standard 

deviation of the estimate of both echoes magnitudes 

oscillates ca. 0.0014, regardless of the distance between 

them. 

 

Fig. 11. Absolute standard deviation of the estimate of the stronger 

echo magnitude in the experiment EXP2: 

for the ME algorithm (top) and for the MC algorithm (bottom). 
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Fig. 12. Absolute standard deviation of the estimate of the weaker 

echo magnitude in the Experiment EXP2: 

for the ME algorithm (top) and for the MC algorithm (bottom). 

6. CONCLUSION 

The performance of the max-envelope-based algorithm 

and the modified CLEAN algorithm has been compared 

with respect to measurement uncertainty, when applied for 

estimation of echo parameters in a radar-based system for 

monitoring of human movements. Two extensive numerical 

experiments, based on the semi-synthetic data, have shown 

the superiority of the MC algorithm both in terms of the 

level of uncertainty and its low sensitivity to the positions 

and magnitudes of echoes. This algorithm is able to 

determine the positions of both echoes with zero standard 

deviations, regardless of the ratio of their magnitudes and of 

the distance between them. Moreover, it is able to estimate 

the magnitudes of both echoes with the absolute standard 

deviation even 10 times smaller the ME algorithm. 
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