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Abstract – This paper is devoted to two sensor 

technologies that may be employed in care services for 

elderly and disabled persons. The performance of 

monitoring systems, based on impulse-radar sensors 

and on depth sensors, has been systematically 

compared in a series of experiments which involved 

the estimation of several healthcare-informative 

quantities on the basis of data from such sensors. The 

results of the experiments have shown that, although 

the estimates based on the radar data are less accurate 

than those based on the depth data, both types of 

sensors provide information useful for the medical 

and healthcare users of the monitoring systems. 
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I. INTRODUCTION

The life expectancy has been growing in Europe for 

many years, while the healthy life expectancy has been 

slightly diminishing since the last decade of the XXth 

century [1]. Hence the growing importance of research on 

new technologies that could be employed in monitoring 

systems supporting care services for elderly and disabled 

persons. The capability of those systems to detect 

dangerous events, such as person’s fall, is of key 

importance [2]. However, those systems are expected not 

only to detect dangerous events, but also to predict those 

events on the basis of acquired data, and therefore 

contribute to the prevention of such events. The analysis 

of gait, as well as of the itinerary and timing of activities 

of the monitored persons, may thus contribute to 

prevention [3, 4]. 

This paper is focused on the systems for non-intrusive 

monitoring of the movements of elderly and disabled 

persons in their home environment, based on impulse-

radar sensors and depth sensors. Several quantities, 

carrying information important for medical and 

healthcare services, which can be estimated on the basis 

of data from such sensors, are described. The results of 

experiments, aimed at comparing the measurement 

uncertainty, achievable in case of these two types of 

sensors, are presented. 

II. LITERATURE OVERVIEW

There are three main categories of monitoring 

techniques already applied in healthcare practice – vision-

based [4–6], environmental [7–9] and wearable [10–12]. 

There are also two emerging categories: radar-based 

[13–15] and depth-sensor-based techniques [16–18]; the 

attempts to apply them for monitoring of elderly and 

disabled persons are mainly motivated by the conviction 

that they may be less intrusive than vision-based 

solutions, less cumbersome than the wearable solutions, 

and less invasive with respect to the home environment 

than the environmental solutions. The references [4–18] 

are provided here as representative examples of the 

abundant literature concerning monitoring techniques, 

published in 2014–2016 only. 

The most attractive feature of the radar-based 

monitoring techniques is the possibility of the through-

the-wall monitoring of human activity, thus allowing for 

monitoring in the whole area of the household without 

the need to install sensors in each room. The research 

options related to this topic may be broadly classified 

according to the spectrum of the radar signals applied. 

Some researchers prefer to focus on narrow-band 

solutions, especially those using the Doppler principle 

[15, 19], whereas others opt for ultrawideband solutions, 

especially those based on pulse-type signals [20, 21], 
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whose high time resolution facilitates very precise 

position estimation which – in turn – makes possible a 

variety of commodity applications. Radar-based systems 

have been proposed for applications varying from 

walking velocity estimation to fall detection [19, 21, 22]. 

Since several years numerous attempts have been 

made to apply the depth sensors for monitoring of elderly 

and disabled persons. The applicability potential behind 

this monitoring technique is related to the low price of 

depth sensors which are installed in such common 

gadgets as the Microsoft Kinect devices. Two last years 

brought numerous publications where the Kinect depth-

imaging cameras are used for patients monitoring; 

representative examples are provided in [17, 23–25]. 

Recently, the new generation of Kinect devices – the so-

called Kinect V2 – has gained interest among researchers; 

the 2015 paper by Lachat et al. [26] is providing a sound 

overview of the capabilities of the new sensor. 

The possibility of merging depth sensors and 

wearable accelerometers has also been recently studied 

[27, 28]; Caroppo et al. have proposed the fusion of depth 

sensors, accelerometers and radar sensors [29]. 

The relevance of features related to gait analysis in 

monitoring of elderly persons, and in particular – in fall 

prevention, has been emphasised in several recent papers 

[4, 30–32]. The 2016 book chapter by Baldewijns et al. 

[3] contains a comprehensive overview of fall prevention 

and detection methods, as well as of techniques that can 

be applied for this purpose. The Just Checking system 

[33] is a commercial example of a system for monitoring 

of elderly persons, based on movement sensors and door 

motion sensors, without vision-based, wearable and 

environmental components. 

 III. COMPARED METHODS OF DATA PROCESSING 

 

A set of procedures for estimation of the following 

quantities, useful in monitoring elderly and disabled 

persons, has been implemented: 

– average walking velocity, 

– distance travelled in a selected period of time, 

– frequency of sudden turns (which may result from the 

monitored person’s confusion), 

– time spent in selected areas of the household at 

different hours of a day (which allows for observing 

long-term trends and anomalies in the person’s 

behaviour), 

– time spent in motion (which may indicate the moni-

tored person’s level of activity, or – at night – bad 

sleep). 

All the above-mentioned quantities can be estimated 

using data representative of the two-dimensional coordi-

nates of the monitored person’s position. 

 

 A. Estimation of position 

The coordinates of the monitored person’s position 

can be estimated on the basis of radar data according to 

the following scheme [34]: 

– extraction of the useful signal from the raw data, 

– estimation of the distances between the monitored 

person and the sensors, 

– estimation of the two-dimensional coordinates of the 

monitored person’s position. 

The same coordinates can be estimated on the basis of 

depth images acquired by means of the depth sensors 

according to the following scheme [35]: 

– extraction of the monitored person’s silhouette, 

– estimation of the silhouette centre coordinates, 

– transformation of the image coordinate system into 

the spatial coordinate system. 

The principles of estimation of the two-dimensional 

position by means of the impulse-radar sensors and the 

depth sensors are illustrated in Fig. 1 and Fig. 2. 
 

 

Fig. 1. Estimation of two-dimensional position 

by means of two impulse-radar sensors. 

 

 

Fig. 2. Estimation of two-dimensional position 

by means of a depth sensor. 
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B. Detection of motion

Motion can be detected by comparing the distance, 

travelled in a fixed period of time 
mT , with a 

threshold  . The values of the parameters 
mT and   

should be empirically optimised to prevent small devia-

tions in the position estimates – caused, for example, by 

the movement of the monitored person’s limbs – from 

being considered as motion. The values 0.45 smT   and 

0.15 m  have been selected via numerical optimisa-

tion.

For smoothing the sequences generated by the 

algorithm of motion detection, one-dimensional morpho-

logical opening and closing filters have been used [36]. 

C. Estimation of walking velocity

Two methods for the estimation of the average

walking velocity have been implemented. The first 

method involves numerical differentiation of the 

monitored person’s trajectory and averaging the velocity 

estimates over the time intervals in which motion has 

been automatically detected. A regularised version of the 

central-difference method, involving the optimisation of 

the differentiation step, has been used for differentiation. 

To avoid underestimation of the average velocity, the 

periods during which the monitored person is accelerating 

or decelerating have been rejected. This has been done by 

applying one-dimensional morphological erosion to the 

Boolean sequence representative of the results of motion 

detection. 

The second method involves estimation of the so-

called transfer time, i.e. time needed for the monitored 

person to pass through a predefined area [3]. In practical 

applications, an area such as a corridor – through which 

the monitored person passes frequently without stopping 

– should be chosen for this goal. The average walking

velocity is estimated on the basis of the detected moments

at which the monitored person enters and leaves the area,

and the distance between the points at which it happens.

D. Detection of sudden turns

The movement direction can be estimated by

computing the four-quadrant inverse tangent of two 

position estimates, obtained at two different time points. 

Small insignificant movements can cause noise in the 

direction estimates; it may be filtered out by comparing 

the distance travelled in the interval between the two time 

points with a threshold and eventually keeping the 

previous direction estimate instead of the updated one. 

The monitored person’s sudden turns can be detected 

by comparing the average walking direction in two 

neighbouring time windows and returning a positive 

decision whenever the difference exceeds a threshold. 

The threshold values from the range of [100°, 145°] have 

allowed for faultless detection of sudden turns in the 

experiments reported in this paper. 

The movement direction is represented by a number 

from the range  π, π . Due to the periodicity of this

representation, a small change in the direction can cause a 

large difference in that number when it is close to π or 

π , thus causing false turn detections. Such jumps have 

to be smoothed out by extending the domain to  ,   

and correcting the direction estimate every time the 

difference between two consecutive estimates exceeds the 

value of π. 

E. Estimation of travelled distance

Prior to estimation of the travelled distance, outlying

position estimates have to be removed by means of a 

median filter. Then, the travelled distance can be 

estimated by summing up the distances between 

consecutive position estimates. 

IV. EXPERIMENTAL RESULTS AND DISCUSSION

In a series of experiments, the performance of a 

monitoring system based on impulse-radar sensors and 

the one based on a depth sensor has been compared. The 

data for those experiments have been acquired by means 

of both types of sensors simultaneously. The uncertainty 

of the estimates of the healthcare-informative quantites, 

obtained on the basis of those data, has been evaluated. 

In order to enable the monitored person to walk along 

predefined trajectories, marks have been placed on the 

floor at 21 points (called reference points hereinafter) 

located at the nodes of a regular grid, as shown in Fig. 3. 

Walking with the velocity of assumed value (called 

reference value hereinafter) has been ensured by making 

half-meter steps in equal time intervals, signalled by a 

metronome set to an appropriate tempo. 

The statistics of the errors in the estimates of the 

healthcare-informative quantites are presented in Table 1. 

Fig. 3. The experimental setup; the crosses indicate the 

reference points, i.e. the points where marks have 

been placed on the floor. 
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Exemplary trajectories of the monitored person, estimated 

in of the experiments, are shown in Fig. 4. The mean 

absolute errors of the position estimates at different 

reference points are shown in Fig. 5. 

It follows from Table 1 that the system based on the 

depth sensor outperforms the one based on the impulse-

radar sensors in terms of three indicators of uncertainty 

(mean error, standard deviation of errors and maximum 

error) almost for all estimated quantities. It is a conse-

quence of the lower uncertainty of the position estimates 

obtained by means of the depth-sensor-based system 

when compared with the radar-based one. However, it 

should be noted that also the estimates provided by the 

Table 1. Uncertainty indicators for the estimates 

of healthcare-informative quantites.

Impulse-radar 

sensors 

Depth 

sensor 

position 

mean error –0.08 m –0.03 m

standard deviation of errors –0.27 m –0.06 m

maximum error –1.38 m –0.19 m

motion start/stop time 

mean error 0.36 s –0.10 s

standard deviation of errors 0.59 s –0.26 s

maximum error 1.83 s –0.87 s

walking velocity 

(differentiation-based method) 

mean error –0.04 m/s –0.02 m/s

standard deviation of errors –0.10 m/s –0.03 m/s

maximum error –0.29 m/s –0.09 m/s

walking velocity 

(transfer-time-based method) 

mean error 0.02 m/s 0.01 m/s 

standard deviation of errors 0.13 m/s 0.02 m/s 

maximum error 0.41 m/s 0.05 m/s 

walking direction 

mean error 5.6° –0.4°

standard deviation of errors 21.6° –6.6°

maximum error 100.9° 20.6° 

sudden turn 

undetected turns 0 0 

falsely detected turns 0 0 

travelled distance 

mean relative error 7.7% 8.1% 

standard deviation of relative errors 11.8% 3.2% 

maximum relative error 26.3% 16.0% 

a)

b) 

Fig. 4. Exemplary trajectories of the monitored person, 

estimated on the basis of the radar data (a) 

and the depth data (b). 

a)

b) 

Fig. 5. Errors in the position estimates obtained on the basis 

of the radar data (a) and the depth data (b); the length of the 

arms of each cross is proportional to the mean absolute error of 

the estimated x and y coordinates at different reference points. 
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radar-based system are quite useful for the medical and 

healthcare staff in detecting long-term trends and 

anomalies in the behaviour of a monitored person. 

It can be seen in Fig. 5a that the position estimates, 

obtained on the basis of radar data, are corrupted with 

larger errors for the points close to the borders of the 

monitored area than for the points located in its centre. 

Therefore, the area should be selected in such a way as to 

ensure that the monitored person is passing frequently 

through its centre. However, the radar sensors can be 

used for estimation of the time spent by the monitored 

person in selected areas away from the centre, such as the 

kitchen or bedroom, since the uncertainty is there suffi-

ciently low to correctly identify the room. 

The results of the presented comparison seem to 

speak in favour of the monitoring system based on the 

depth sensor. However, it has also some disadvantages if 

compared to the radar-based system: 

– First, the coverage of a depth sensor is limited to a

single room; even if multiple depth sensors are used

for monitoring of several rooms in a household, they

are still unable to track a person in certain hidden

places, e.g. behind furniture; on the other hand, the

radar sensors’ ability of through-the-wall monitoring

allows for covering a larger area without the need of

installing multiple sensors.

– Second, the amount of data, acquired by means of the

depth sensor, is very large, and the computational cost

of data processing is greater than in case of the radar-

based system.

– Third, even though the acquisition of depth data does

not violate the privacy of the monitored persons, it

may be less acceptable for them than the acquisition

of radar data – which do not provide silhouette

information.

– Fourth, it has been observed in the completed

experiments that the fraction of missing data may be

very high in case of the depth sensor exposed to

strong sunlight – which does not affect the radar

sensors at all.

Both types of sensors studied in this paper can be

used to support medical and healthcare staff in 

monitoring elderly and disabled persons, each having its 

advantages and disadvantages. Sensor fusion is also 

possible, e.g. if the radar-based position estimates are 

used for enabling the acquisition of data by depth sensors 

only when the monitored person is within their coverage. 

V. CONCLUSION

The novelty of the study, whose results are presented 

in this paper, consists in systematic comparison of two 

relatively new techniques for monitoring of elderly and 

disabled persons, viz. impulse-radar sensors and depth 

sensors. This comparison is based on 21 application-

specific criteria, viz. three indicators of uncertainty 

defined on the estimates of the following seven 

healthcare-specific quantities: position, motion start/stop 

time, walking velocity (determined by means of the 

differentiation-based method), walking velocity 

(determined by means of the transfer-time-based 

method), walking direction, sudden turn, and travelled 

distance. The study has shown that both tested sensor 

technologies can be used for supporting medical and 

healthcare staff in monitoring elderly and disabled 

people, and has revealed their strong and weak points. 

The analysis of those characteristics suggests that the 

combination of both types of sensors, followed by 

adequate data fusion, could be advantageous. 
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