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ABSTRACT

Loneliness is a common condition associated with aging and
comes with extreme health consequences including decline
in physical and mental health, increased mortality and poor
living conditions. Detecting and assisting lonely persons
is therefore important-especially in the home environment.
The current studies analyse the Activities of Daily Living
(ADL) usually with the focus on persons living alone, e.g.,
to detect health deterioration. However, this type of data
analysis relies on the assumption of a single person being
analysed, and the ADL data analysis becomes less reliable
without assessing socialization in seniors for health state
assessment and intervention. In this paper, we propose a
network of cheap low-resolution visual sensors for the detec-
tion of visitors. The visitor analysis starts by visual feature
extraction based on foreground/background detection and
morphological operations to track the motion patterns in
each visual sensor. Then, we utilize the features of the vi-
sual sensors to build a Hidden Markov Model (HMM) for
the actual detection. Finally, a rule-based classifier is used
to compute the number and the duration of visits. We eval-
uate our framework on a real-life dataset of ten months. The
results show a promising visit detection performance when
compared to ground truth.
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1. INTRODUCTION
It is estimated that the proportion of Europeans aged 65

years and older will increase by a percentage of 79%, namely
from 84.6 million to 151 million. The population of Euro-
peans older than 80 years is estimated to increase by a per-
centage of 181%, namely from 21.8 to 61.4 million [1]. The
majority of these older adults want to age autonomously
in their trusted home environment [10]. Shifting from in-
stitutional care to care at home is also in the interest of
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policy makers, who are confronted with scarce budgets and
lacking health care professionals [14]. However, age-related
physical, cognitive and perceptual decline makes ageing in
place challenging. Even the still healthy and active elders
might need some form of assistance in the near future [9].
Informal caregivers, such as family members, often provide
assistance, but caring for a family member can be stressful
and overwhelming [26].

Loneliness and social isolation are probably the most preva-
lent psychosocial problems connected to ageing. Several fac-
tors contributing to loneliness and social isolation in later
life such as: decline in physical and mental health; change
of the social environment due to relocation; retirement or
loss of a partner; the demand to care for a partner in poor
health; the lack of transportation options and poor living
conditions in general [23, 7]. To meet these challenges the
concept of Ambient Assisted Living was introduced (AAL).
The vision of AAL is to increase the several health benefits
associated with socialization, accurate detection whether a
person has visitors to their home, which is considered one of
the essential aspects of elders’ behaviors.

Detecting visitors is beneficial for the carers to construct
a social logbook. For instance, each time one of the carers
who visit an elder, his entrance is logged by the visual sen-
sor placed at the entrance of the house. All carers receive
periodically by email a report on earlier visits of caregivers
when they came, and how intense was the visit (how long,
how many visitors). The information is also archived in a
shared agenda which will aid them to coordinate their help.

Without automatically detecting the visitors, carers such
as family would have to rely on asking the elder about vis-
itors during the week, and about their activity levels. The
answers would be subjective and not very accurate. This is
a well-known phenomenon even for people with top mental
capabilities, let alone for possibly forgetful elders. The social
logbook helps to give a measure of the elder’s socialization
and reassure the family.

We have been monitoring an elder user living in a ser-
vice flat in Belgium for one year using a network of 10 low-
resolution visual sensors [8]. Our earlier research focused on
real-time tracking of people [17]. Currently we are focus-
ing on recognising and quantifying visits on this long term
dataset, e.g., by monitoring day by day changes in socializa-
tion levels and by detecting loneliness at the earliest phases.
The visual sensors have a very low spatial resolution (30×30
pixels) which is a key feature to ensure a cheap monitoring
solution: the low data rates allow cheap data processing
and transmission. Despite the low resolution, these cam-



eras offer richer data analysis than e.g., PIR sensors which
detect presence only. The focus of this paper is on using
low-resolution visual sensors for objectively and unobtru-
sively detecting visitors, so that the carers can evaluate the
socialization level of the elderly.
The main contributions of this paper are: (1) a framework

for detecting visitors, formal and informal (family members
and friends) caregivers. (2) The introduction and evalua-
tion of visit detection using a network of low-resolution vi-
sual sensors which, to the best of our knowledge, has not
been examined before. (3) The evaluation of this method
on a real-life dataset covering ten months by comparing the
results to ground truth.
The paper is organized as follows. In section 2 , we present

related work. Section 3 gives an overview of the data col-
lection using a low-resolution visual sensor network. Section
4 explains our visit detection framework, including the dif-
ferent layers. Section 5 describes our experimental results.
Finally, Section 6 offers some conclusions.

2. RELATED WORK
The use of different sensors such as Passive Infrared Mo-

tion Sensor (PIR) [16, 2], visual sensors [17, 12] and Kinect
sensors [15] became popular among researchers to analyze
the Activities of Daily Living (ADL). PIR sensors detect
motion and do not provide detailed information on motion
patterns. Their use is mostly restricted to single-person sce-
narios [22]. However, there have been few attempts to detect
visits using PIR sensor data. In [3], the authors presented
an unsupervised method for modeling visits as an abnormal
activity. They used a Markov modulated multidimensional
non-homogeneous Poisson process (M3P2) to model weekly
and daily variations. Petersen et al. [18] used a Support
Vector Machine (SVM) to identify periods where visitors
are present in the home. The model features were the dwell
time, the number of sensor firings and the number of transi-
tions between major living spaces (living room, dining room,
kitchen and bathroom). They evaluated their approach on
six weeks of sensor data in a living lab. In [16], an HMM
is used for visitor detection using a binary sensor in a living
lab. In [2], a comparison between a Naive Bayes classifier
and an HMM for visitor detection is conducted on an office
equipped with binary sensors for two months.
The use of multi-camera systems for visitor detection is

limited due to the nature of the acquired high-resolution
images and the privacy concerns of the users [24, 13]. Post-
processing on the images is required to address the privacy
issue. In [20], the authors used high-resolution video sensor
network to distinguish between different people in a multi-
person setting, e.g., the resident vs. a visitor. They ex-
tracted the silhouettes of the persons as a means of preserv-
ing the privacy of the residents. Kuutti et al. [21] designed
a home control system to identify visitors and confirm the
person’s identification using wired image cameras and RFID
sensors.
Most of the ADL research uses data from living labs for

relatively short time periods. As a result, visitor detection
methods from literature are also only analyzed over short
periods. Visual sensors have shown promising results in per-
son tracking [11, 17] and behavior analysis [25, 12]. They are
designed to offer an acceptable sensing mechanism for ad-
dressing the privacy concerns of the users, while the kinect
sensor requires post-processing algorithms to solve the pri-

vacy concern problem [6]. In this paper, we utilize a network
of low-resolution visual sensors [5] to detect visits in a long-
term real-life dataset.

3. VISUAL SENSOR DATA
We have continuously collected data for more than ten

months in a service flat of an elder living alone in Belgium
with daily visits from caregivers and regular visits from fam-
ily members. The service flat is equipped with a network of
ten visual sensors covering an area of 8×4.4 m2. Each visual
sensor has a pair of image sensors (30× 30 pixels resolution
sensors used in computer mice). An overview of the loca-
tion of the visual sensors in the service flat of one resident
is shown in Figure 1. The elder is living his routine life
and is not told to modify his behaviour in any way. The
voluntary older person participating in the installation is 83
years old with diabetes and decreased mobility due to a lit-
tle paralysis. However, the resident has a very clear mind.
The visits were happening naturally without instructing the
family members or the caregivers on the way performing the
visits.

4. VISITOR DETECTION FRAMEWORK
Our visitor detection framework is composed of three pro-

cessing layers. In the low-level layer, the visual sensor fea-
tures are extracted by running a series of image processing
operations such as foreground/background subtraction and
morphological dilation to track the motion patterns in each
visual sensor and to select the active visual sensors. Next,
an HMM is used in the mid-level layer for visitor detection.
Finally, a rule-based classifier to compute the number and
the duration of each visit. Figure 2 shows the framework
architecture.

4.1 Low-level processing layer
In this section we propose a simple feature vector from

which we will estimate the presence of multiple people. Let
pk(t) be the average number of foreground pixels in frames
t . . . t+L−1 of camera k. If all of the pk(t) exceed a threshold
Tp, then we consider this as a possible indication that more
than one person is in the room. This step is important to
ensure the cameras have no overlapping field of view. We
then output a feature vector ~xt = (k, k′) where k and k′ are
the indices of the cameras producing the largest and second
largest pk(t) at time instant t. We selected not to have more
than two camera indices for the following: First, the large
dimension of the feature vector leads to high computational
complexity of the training and detection in the HMM model.
Second, there is at most one to two cameras allocated for
each location in the service flat (e.g., camera 5 and camera
7 are allocated for the bathroom).

In the following section we will use this feature vector to
detect the actual presence of visitors using an HMM.

4.2 Mid-level processing layer
We use an Hidden Markov Model (HMM) to tackle the

problem of detecting visitors. An HMM is defined in terms
of an observable variable ~xt and a hidden variable yt at each
discrete time instant t. The observation variable is the fea-
ture vector ~x which holds the indices of the cameras from
the low-level layer, and the hidden variable is the detection
of visitors. Let X = {~x1, ~x2, . . . , ~xT } be the sequence ob-



Figure 1: A layout of the service flat in Belgium equipped with a network of 10 visual sensors covering an
area of 8× 4.4 m2.

Figure 2: System architecture of the proposed visit detection framework.



served. The corresponding sequence of hidden states is rep-
resented as Y = {y1, y2, . . . , yT } where for Q possible states
yt ∈ {1...Q}. The possible states are visitor and no visitor.
An HMM is denoted as λ = (A,B, π), where π is the initial
distribution, A is the transition distribution and B is the
observation distribution. Let A = {aij} be the state transi-
tion from state yt−1 = i to state yt = j and B = {bj(~xt)}
represent the probability of producing ~xt at state yt = j.
Learning the parameters of these distributions corresponds
to maximizing the joint probability of a sequence of states
and observations. The three distributions described earlier
can be factorized as follows:

p(Y1:T , X1:T ) =

T∏

t=1

p(~xt | yt)p(yt | yt−1) (1)

Inferring which state sequences best explains a new sequence
of observations can be found efficiently using the Viterbi
algorithm [19]. Figure 3 shows the proposed HMM for the
detection of visitors. HMM is trained based on the Baum-
Welch parameter estimation algorithm [4].

Figure 3: A Hidden Markov Model used to detect
the presence of visitors.

4.3 High-level processing layer
In this section, we utilize the extracted state sequence

{y1, y2, . . . , yT }, that is the most likely to have generated
from the given observation sequence {~x1, ~x2, . . . , ~xT } to build
a rule-based approach to compute the number and the du-
ration of visits. The inference rules have the generic form:
if a and/or b then C. For instance, the number of vis-
its are found, when a visitor is detected and no other visits
took place within a certain time range (e.g. one hour), then
update the visitor count. As another example, the visits du-
ration are found, when a visitor is detected and the visitor
continuously confirms his/her presence within a certain time
range, then update the time of being with a visitor. Visual
inspection of the recordings has been performed to define
the rules with the most appropriate thresholds to extract
the number and the duration of visits.

5. EXPERIMENTS
We collected 10 months of real-life recordings using 10 low-

resolution visual sensors producing an image of 30 x 30 pixels
at a frame rate of 50 fps. The captured videos suffer from
a problem, which is quite prominent indoors environment:
intensity fluctuations due to fluorescent lights. In Europe,
these lights flicker at a frequency of about 100 Hz. If the
visual sensors are operated at a frame rate not harmonically

Month #Ground truth #Estimated ground truth #Visual sensors
April 14 10 7
May 43 10 7
June 35 21 9

October 44 30 9
November 61 54 9
December 33 19 7

January 2015 0 0 9

Table 1: Comparison between the number of the
ground truth and the estimated ground truth visits.

related to this flicker frequency, the captured videos will dis-
play unwanted intensity variations. As a result, we operate
the camera at a frame rate of 50 fps to reduce this effect
[17]. The collected visual sensor data includes partial (from
5 to 8 running visual sensors) and full recordings. We use
both types of recordings to have a continuous data for visit
analysis. Video capturing is synchronized. Each day of data
corresponds to a 24 hour period starting from midnight.

There are two type of visits: (1) daily visits from the
caregivers that could last for a few minutes (2) regular non-
daily visits from family members that could last for several
hours. The ground truth consist of diaries where the family
members and the caregivers wrote down the start and the
end time of each visit. According to the diaries, the con-
current visits do not happen too often. So, our approach of
using low-resolution visual sensors assumes the user receives
a single visit at a time.

Table 1 shows the comparison between the number of vis-
its for the ground truth and the estimated ground truth
per month. In May, the number of visits for the estimated
ground truth (10) is the lowest compared to the ground
truth (43), while April, November and January 2015 have
the best estimated ground truth results with 10, 54 and 0
visits. June, October and December have the second best
estimated results with 21, 30 and 19 visits, respectively.

Table 2 shows the visits duration of the ground truth and
the estimated ground truth. April and January 2015 have
the best estimated visit duration of 50.25 and 0 minutes
compared to the ground truth, because the elderly was hos-
pitalized in these months. We use the Mean Absolute Error
(MAE) to evaluate the estimation of visit duration perfor-
mance. The MAE is defined as the average of the absolute
errors between the estimated ground truth visits duration
and the ground truth visits duration:

MAE =

N∑

k=1

|v̂k − vk|

N
(2)

where v̂k is the ground truth visit duration, vk is the esti-
mated ground truth visit duration and N is the total number
of months. In table 2, May, October and November have the
second best absolute errors of 165, 147 and 275 minutes. The
MAE of the estimated ground truth visits duration is 195.25
minutes per month. This corresponds to MAE of 6.51 min-
utes per day. There are some obstacles to detect visitors
with the applied sensors which result in some wrong detec-
tion: (1) some visits are not detected, because these visits
last only for a few minutes which make them hard to detect,
(2) the number of the active visual sensors have an impact
on the detection of the visitor (3) often the rule-based ap-
proach does not lead to results with 100% certainty.



Month Ground truth Estimated ground truth Absolute error
April 70 50 19.75
May 215 50 165
June 3960 3528 432

October 2020 1873 147
November 2190 1915 275
December 1195 867 328

January 2015 0 0 0

Table 2: Comparison between the visits duration of
the ground truth and the estimated ground truth
(minutes).
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Figure 4: The running moving average of person
visits.

In the second set of experiments, we use the moving run-
ning average to analyse our data points and to smooth out
short-term fluctuations. Given a sequence of (m)Li=1, an
n-moving average is a new sequence of (u)L−n+1

i=1 defined
from mi by taking the mean of subsequence of n terms:

ui =
1

n

i+n−1∑

j=1

mj (3)

Figure 4 shows the visit trends after applying the moving
average. From April to July, there was a low visiting activ-
ity pattern because the elder was not present at home and
he was hospitalized (April and May). In this period, the
visits were performed most of the time by caregivers and
only few visits were performed by family members. This
indicates a low socialization level. From August to Decem-
ber, we can see a high visiting activity pattern, where the
peak is in August and September. This suggests that the
family members were less busy and had more time to visit
the elder. The visits decrease until they reach the lowest
duration in the end of December and January 2015, due to
a new hospitalization during Christmas time.
Finally, Figure 5 presents the moving average of the visits

duration. The highest peak is between late June until mid
July, we have visually inspected the recordings in this period
and we have found that the elder had long visits from a fam-
ily member. Generally, the visits duration are longer after
July. This confirms the occurrence of more family member
visits in these months. Figure 6 shows the time durations
when the elder was alone and with visitor(s). Also, we can
clearly notice the periods of hospitalization. The time of be-
ing with a visitor is computed using a rule-based approach
as explained in Section 6. While, the time of being alone is
computed by simply subtracting the hours of the day from
the time of being with a visitor.

6. CONCLUSION AND FUTURE WORK
We are interested to evaluate the socialization level of the
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Figure 5: The running moving average of visits du-
ration.
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Figure 6: The time spent alone and with visitor(s).

elderly. To be certain that, the elder is not alone for long
time which may affect his physical and mental health con-
dition. In this context, we proposed a framework for de-
tecting the presence of visitors using low-resolution visual
sensors (30 × 30 pixels). Firstly, we extracted the visual
sensor features by computing the foreground pixels to track
the motion pattern in each visual sensor. Then, we used
a Hidden Markov Model (HMM) for the actual detection.
Finally, we have introduced a rule-based classifier to infer
the number of visits and the visits duration. Our approach
to sensing aimed at evaluating the feasibility of using low-
resolution visual sensors for visitor detection. We have eval-
uated our framework on ten months of real-life recordings
of an elder user. The results show promising performance
compared to ground truth and the detailed analysis provided
insights on the mental and physical health condition of the
elderly. There is a need for further improvement, especially
in detecting the short visits from the caregivers that last for
only a few minutes. One of the improvement strategies is to
combine the visitor detection through low-resolution visual
sensors with other modalities such as the main door ring to
log all the events. Another improvement strategy is to train
a 3-state HMM or classifier (i.e. Support Vector Machine)
in order to predict/detect among the 3 states: (1) no visitor,
(2) caregiver visitor and (3) family visitor.
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