
Yuan et al. BMC Psychiatry          (2024) 24:197  
https://doi.org/10.1186/s12888-024-05579-5

RESEARCH Open Access

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http://creativecom‑
mons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

BMC Psychiatry

Modeling and mobile home monitoring 
of behavioral and psychological symptoms 
of dementia (BPSD)
Haihang Yuan1, Tianyi Yang1, Qiaolian Xie1,2, Guilhem Lledos3, Wen‑Huei Chou4 and Wenwei Yu1,5* 

Abstract 

With the increasing global aging population, dementia care has rapidly become a major social problem. Current diag‑
nosis of Behavior and Psychological Symptoms of Dementia (BPSD) relies on clinical interviews, and behavioral rating 
scales based on a period of behavior observation, but these methods are not suitable for identification of occurrence 
of BPSD in the daily living, which is necessary for providing appropriate interventions for dementia, though, has been 
studied by few research groups in the literature. To address these issues, in this study developed a BPSD monitoring 
system consisting of a Psycho-Cognitive (PsyCo) BPSD model, a Behavior-Physio-Environment (BePhyEn) BPSD model, 
and an implementation platform. The PsyCo BPSD model provides BPSD assessment support to caregivers and care 
providers, while the BePhyEn BPSD model provides instantaneous alerts for BPSD enabled by a 24-hour home moni‑
toring platform for early intervention, and thereby alleviation of burden to patients and caregivers. Data for acquiring 
the models were generated through extensive literature review and regularity determined. A mobile robot was uti‑
lized as the implementation platform for improving sensitivity of sensors for home monitoring, and elderly individual 
following algorithms were investigated. Experiments in a virtual home environment showed that, a virtual BPSD 
elderly individual can be followed safely by the robot, and BPSD occurrence could be identified accurately, demon‑
strating the possibility of modeling and identification of BPSD in home environment.
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1 Introduction
With the increase of the global aging population, demen-
tia care becomes a worldwide growing concern. It is 
estimated that by 2050, 132 million elderly will suffer 
from the disease [1, 2]. Dementia is often accompanied 

by many Behavioral and Psychological Symptoms of 
Dementia (BPSD), and studies have shown that 89.4% 
of people with Alzheimer’s disease, one major type of 
dementia, have at least one type of BPSD [3, 4]. BPSD 
manifests as physical aggression, screaming, depression, 
and delusions, etc. These behaviors can place a signifi-
cant burden on caregivers and care providers [5, 6], and 
reduce the quality of life for both patients, caregivers, and 
care providers.

Many factors can affect BPSD. Some studies have 
shown that impaired communication is related to 
various forms of aggression [7]. Some studies showed 
that discomfort contributes significantly to the vari-
ance in overall agitation [8]. And depression has been 
found to be significantly correlated with wandering [9]. 
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However, most of this research is about statistics of one 
or two single symptom manifestations of a single BPSD. 
This study aims to quantify the influence of multivari-
ate factors to one or more BPSDs.

The current diagnosis of dementia requires clini-
cal interviews, and behavioral rating scales based on a 
period of behavior observation. The specialized scales 
such as the Neuropsychiatric Inventory (NPI) [10], 
Alzheimer Disease Assessment Scale-Cognitive Test 
(ADAS-Cog) [11], Behavioral Pathology in Alzheimer’s 
Disease rating scale (BEHAVE-AD) [12], and Cohen-
Mansfield Agitation Inventory (CMAI) [13], etc. How-
ever, compared to the care facility, in the home where 
may be a lack of professional guidance, it can be chal-
lenging to utilize such scales for assessment. If BPSD 
could be properly modeled and its occurrence can be 
identified at home, more information could be provided 
to caregivers and care providers to help them make 
more accurate identifications and reduce their care 
burden [14].

Models of Dementia have been studied. A computer 
simulation model was established to simulate the daily 
lives of dementia, associating memory loss with changes 
in activities/tasks [15]. The model of the Dynamic Bio-
marker [16] and the model of brain function of demen-
tia patients [17] have been proposed. But all of them 
can’t be applied to BPSD. There have been few studies on 
BPSD models. The Multiple Indicators Multiple Causes 
(MIMIC) model was built for effectively capturing the 
complexity of the interrelationships among symptoms, 
factors, and clinical variables [18]. However, this model 
does not account for the relationship between multi-
ple behaviors of daily living and multiple BPSD and are 
unsuitable for identify BPSD at home.

An analysis of 25-year literature related to Creutzfeldt-
Jakob disease, a type of dementia, found that 80% of 
patients exhibit BPSD within the first 100 days of onset 
[19]. As family members may not be able to provide 
round-the-clock care for the elderly, as well as the fact 
that BPSD may not have severe manifestations, they 
are often overlooked, resulting in missed opportunities 
for early diagnosis and intervention. Therefore, a model 
based on daily living behaviors and physiological states 
which can be observed or measured in the daily living is 
needed for the purpose of home monitoring of BPSD.

In this study, a BPSD monitoring system consisting of 
two models and a monitoring platform is proposed. The 
first model is a Psycho-Cognitive (PsyCo) BPSD model, 
which establishes the relationship between some psy-
chological tests, cognitive scales about the patient, and 
BPSD, for providing BPSD assessment support to car-
egivers and care providers. The second model is a Behav-
ior-Physio-Environment (BePhyEn) BPSD model, which 

provides instantaneous alerts for BPSD enabled by a 
24-hour home monitoring platform.

Data for acquiring the models were generated through 
extensive literature review and regularity determined, 
which are described in Methods section. As there are 
multiple types of BPSD, this study has focused on three 
specific symptoms: agitation, apathy, and depression. 
These symptoms are selected due to their prevalence and 
the possibility of their identification with behavior obser-
vation and physiological measurement [3, 20]. The three 
symptoms are described as follows:

•	 Agitation: defined as inappropriate speech, sound, 
or motor activity, such as jumping, repetitive move-
ments, dressing, undressing, and so on. A state of 
agitation is accompanied by increased tension and 
irritability [21].

•	 Apathy: often accompanied by a lack of interest in 
daily activities and personal care, reduced cognitive 
activity and mood, and reduced different types of 
interaction. The main difference with depression is 
the absence of irritability [22].

•	 Depression: accompanied by feeling of inadequacy 
and guilty, low energy, appetite, and sleep disorder 
characterized by loss of sensation. The BPSD is quite 
closely related to the expression of fear, anxiety, ten-
sion, and panic [22].

A mobile robot was utilized as the implementation 
platform for improving sensitivity of sensors for home 
monitoring, and elderly individual following algorithms 
were investigated.

Considering the complexit1y and variability of home 
environment, the sensors placed in environment may 
have occlusion or dead-zone problems. The mobile robot 
can not only adjust the angle and position to find the best 
measurement location, combine multiple sensors to meet 
the detection requirements, but also detect the daily 
activities of elderly individuals [23–25]. On the other 
hand, many questionnaire studies show that care robots 
can play an important role in the field of care [26–28]. 
Therefore, a mobile robot is designed as the monitoring 
platform to follow the elderly individual, measure, and 
observe his/her behavioral and physiological data.

Due to the complexity and uncertainty of home envi-
ronment and the diversity of target (elderly individual) 
walking speed and trajectories, robots may easily lose 
their targets. In this study, different following algorithms 
were compared in different virtual home environments in 
terms of their performance indexes described.

The use scenario of the home BPSD monitoring sys-
tem is as follows: The mobile robot keeps observing and 
measuring the elderly individual for 24 h, does BPSD 
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evaluation with the BePhyEn BPSD model, and gives a 
timely alert, if necessary, together with a short record of 
data logged. After receiving the alert, the family mem-
bers can make use of the PsyCo BPSD model to have a 
basic assessment of the risk of BPSD by checking the 
short record and make a final identification. The potential 
interventions include individualized music therapy [29] 
and/or reminiscence therapy [30], etc., which are out of 
the scope of this study.

This paper is organized as follows. In Sect. 2, the design 
thought and model construction methods are described. 
In Sect. 3, the experiment design for testing the BePhyEn 
BPSD model and testing three following algorithms are 
described. And Sect.  4 shows the results of the experi-
ment. Sect. 5 is a discussion of these results. Finally, the 
conclusions of this study are described in Sect. 6.

2 Methods
2.1 System overview
As shown in Fig. 1, the BPSD monitoring system consists 
of the PsyCo BPSD model, the BePhyEn BPSD model, 
and a mobile robot monitoring platform. Generally, the 
input to the PsyCo BPSD model can be observed and 
recorded by caregivers and care providers but cannot 
be observed or measured by sensors. The input to the 
BePhyEn BPSD model can be detected by sensors.

The approach to the construction of the two models 
is overviewed in Fig. 1, too. First, various factors such 
as physiological, environmental, psychological, behav-
ioral, and other factors that affect BPSD were reviewed. 
These factors or manifestations were used as input to 
the models, while BPSD types were used as outputs. 
Then, based on many previous studies, the relationships 

between these factors and BPSD types were identified 
and designated as the regularities in these models. An 
amount of data generated by the regularities was then 
used to learn the models using decision tree algo-
rithms, which can extract information structure simple 
to understand and to interpret, based on information 
theory.

2.2 Construction of the PsyCo BPSD model results
2.2.1 To select the factors
The qualitative relationship between different factors 
and BPSD could be found in several databases [7, 8, 22, 
31–38]. To construct the PsyCo BPSD model for the 
monitoring system, two criteria were considered: those 
reflecting the relationship between a factor and at least 
one of the three selected BPSDs, and those with the 
factor that can be observed or acquired by the caregiv-
ers and care providers. It should be point that the accu-
racy of the Mini-Mental State Examination (MMSE) is 
not high enough to give an absolute decision [31]. And 
it is possible to combine MMSE with other methods to 
identify BPSD with precision. Based on the same con-
siderations, the other results of psychological tests, 
cognitive scales, are all treated as factors of PsyCo 
BPSD model.

For example, it has been shown that somatic diseases 
are associated with agitation and that more severe 
somatic diseases lead to more severe agitation, so 
somatic diseases are considered as a factor that influ-
ences agitation.

The factors selected similarly are shown in Table 1.

Fig. 1  BPSD monitoring system
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2.2.2 To quantify the factors
As preparation of the modelling, the selected BPSDs 
are assigned a nominal label as follows:

‘0’: represents Agitation.
‘1’: represents Apathy.
‘2’: represents Depression.
‘3’: represents no BPSD.

In the literature of dementia research, the factors 
have been divided into 4 ordinal levels: 0 (no change 
was observed) to 3 (the drastic change was observed) 
[8]. In this study, impaired communication, somatic 
diseases, weight loss, loss of insight, stressful events, 
self-esteem, and anxiety are divided into four lev-
els. Level 0 means no such situation, level 1 means 
low change, level 2 means medium change and level 
3 means high change. Since MMSE is a widely used 
quantitative scale, it is kept the same. The quantitative 
description of the factors is summarized in Table 2.

2.2.3 To determine the regularity of factor level range
Since each BPSD has different severity, which affects its 
manifestations and levels [8, 38]. In this study, only its 
influence on the factor level range is considered.

Suppose that BPSD has three levels, ‘high’, ‘mild’ and 
‘non’, indicating severe, intermediate and no symptoms, 
respectively. It is reasonable to assume that a severer 
BPSD has serious influence on its manifestations, i.e., 
factors. As an example, if an elderly individual has highly 
severe agitation, then it is highly likely for him/her to 
have severely impaired communication, more seri-
ous somatic diseases, and poorer MMSE scores. Based 
on this assumption, regularities for a certain BPSD are 
determined for modeling as follows:

For a related factor:

•	 high BPSD: level range (2–3).
•	 mild BPSD: level range (1–3).
•	 no BPSD: level range (0–1).

For an unrelated factor (other than MMSE and anxiety):

•	 high BPSD, mild BPSD, and no BPSD: level range 
(0–2).

For MMSE: set referring to [39].

•	 high BPSD: 0–22.
•	 mild BPSD: 22–26.
•	 no BPSD: 27–30.

For anxiety: set referring to [40], which denotes that 
anxiety level decreases as the severity of dementia 
increases.

•	 high BPSD: level range (1–3).
•	 mild BPSD: level range (2–3).
•	 no BPSD: level range (0–1).

Note that, for simplicity, the cross interaction between 
different BPSDs is not considered. With the determined 
regularities, all the levels for related and unrelated factors 
for the three BPSD with different severity levels (high, 
mild, no) are determined in Table 3.

2.2.4 To generate the data for training the PsyCo BPSD model
Based on these regularities, 120 data samples, 40 for agi-
tation, 40 for depression, and 40 for apathy, were gener-
ated using the random number function. For each type 
of BPSD, there are 20 high, 10 mild, and 10 no symp-
toms samples. Figure  2 shows the pseudocode for the 
generation of the agitation data samples. Those of the 

Table 1  The relationship between factors and BPSD

○indicates that this factor affects this type of BPSD
a MMSE Mini-Mental State Examination

Factor Agitation Apathy Depression

Impaired communication [7] ○ ○
Somatic diseases [8] ○
MMSEa [31] ○ ○ ○
Weight loss [32–34] ○
Loss of insight [36, 37] ○ ○
Stressful events [22] ○
Self-esteem [22] ○
Anxiety [38] ○

Table 2  Quantitative description of factors

a MMSE Mini-Mental State Examination

Factor Quantitative definition

Impaired communication [0 1 2 3] for [Nought Low Medium High]

Somatic diseases

Weight loss

Loss of insight

Stressful events

Self-esteem

Anxiety

MMSEa [0 ~ 30] for [poor mental state ~ good mental 
state]
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depression and apathy types are generated using the sim-
ilar pseudocode.

2.2.5 To acquire the model
After the data were generated, they were fed into the 
classification learner application in MATLAB. The deci-
sion tree algorithm was chosen. The parameters in the 
decision tree include the splitting criterion, which is the 
Gini diversity index, and the maximum number of splits, 
which is 20. The other parameters were optimized by the 
application.

2.3 Construction of the BePhyEn BPSD model
Since the approach is same as that for the construc-
tion of the PsyCo BPSD model, which is detailed in 
Sect. 2.2, only the aspects different are explained in this 
sub-section.

2.3.1 To select the behaviors, physiological states, and other 
factors for the model
The influence of BPSD on daily-living behaviors and 
the other manifestations has been reported by vari-
ous researchers [9, 41–48]. Two selection criteria were 

Table 3  Regularities between the quantified factors and the three levels of BPSD. The items in yellow, orange, blue represent 
agitation, apathy and depression-related factors, respectively

a MMSE Mini-Mental State Examination

High 
agitation

Mild 
agitation

No agitation High apathy Mild apathy No apathy High 
depression

Mild 
depression

No 
depression

Impaired 
communica‑
tion

2–3 1–3 0–1 0–2 0–2 0–2 2–3 1–3 0–1

Somatic 
diseases

2–3 1–3 0–1 0–2 0–2 0–2 0–2 0–2 0–2

MMSEa 0–22 22–27 27–30 0–22 22–27 27–30 0–22 22–27 27–30

Weight loss 0–2 0–2 0–2 2–3 1–3 0–1 0–2 0–2 0–2

Loss of insight 0–2 0–2 0–2 2–3 1–3 0–1 2–3 1–3 0–1

Stressful 
events

0–2 0–2 0–2 0–2 0–2 0–2 2–3 1–3 0–1

Self-esteem 0–2 0–2 0–2 0–2 0–2 0–2 2–3 1–3 0–1

Anxiety 0–2 0–2 0–2 0–2 0–2 0–2 1–3 2–3 0–1

Fig. 2  The pseudocode for generating data for training the PsyCo BPSD (agitation) model
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employed: those reflecting the relationship between 
a manifestation and at least one of the three selected 
BPSDs, and those can be observed or measured by sen-
sors in home environment. The following six manifesta-
tions are selected accordingly:

•	 ‘Time’ (a period time in a day).
•	 ‘Environmental changes’ (which can be obtained by 

comparing the current environment with the previ-
ous one [49])

•	 ‘Walking speed’ (which can be obtained by the 
mobile robot following the elderly individual).

•	 ‘Heart rate variability’ (which can be obtained by mil-
limeter wave radar [50, 51])

•	 ‘Daily activity’ (which can be reflected by walking 
distance or activity identification techniques [52, 53])

•	 ‘Wandering behavior’ (which can be obtained by 
checking trajectory of the elderly individual [54]).

The relationships between these manifestations and 
BPSD are summarized in Table 4.

HRV in Table  4 is an important physiological param-
eter. Physiological responses are controlled by the auto-
nomic nervous system (ANS), which is subdivided into 
the sympathetic nervous system and the parasympa-
thetic nervous system. Heart rate variability (HRV) is the 
fluctuation between successive heartbeat cycles. Stud-
ies in psychology and neuroscience have confirmed that 

cyclical variations in heart rate are caused by a continu-
ous interaction between the sympathetic and parasympa-
thetic nervous systems, which can be reflected by HRV 
measurements [47]. As shown in [55, 56], the parasympa-
thetic activity is significantly reduced and HRV is low in 
depressive state. Whereas agitation was associated with 
higher sympathetic activity and exhibited higher HRV 
index values [57].

2.3.2 To discretize the manifestations
Although the manifestation selected are naturally quanti-
tatively, they need to be discretized so that these manifes-
tations are under the same order of magnitude and also 
contribute to the understanding for the care givers or 
home care providers. The discretization of the manifesta-
tions is shown in Table 5.

‘Time’: [42] showed that the temporal pattern of total 
agitation found showed a gradual increase from morn-
ing to approximately 4 p.m. and a gradual decrease 
thereafter. So 3 to 5 p.m. was set as the time period 
when aggression is more likely to occur (Time ‘2’), and 
9 a.m. to 12 p.m. was set as the morning period (Time 
‘0’) [58, 59]. showed a relationship between the sun-
downing effect and depression and [9] showed the cor-
relation between depression and wandering behavior. 
Wandering behavior is often seen from 5 to 7 p.m [41]. 
. So 5 to7 p.m. was set as the time period when wander-
ing may occur (Time ‘3’), and 5 to 9 p.m. was set as the 
sundowning period (Time ‘3–4’).

‘Walking speed’: studies have shown that the walking 
speed of normal elderly people is about 0.97 m/s [60], 
slower walking speeds indicate a higher probability of 
dementia [61, 62]. Some studies have classified walking 
speed into 4 intervals as < 0.6 m/s, 0.6 ~ 0.8 m/s, 0.8 ~ 1 
m/s, > 1 m/s [63]. In this study, 4 intervals as < 0.7 m/s, 
0.7 ~ 0.9 m/s, 0.9 ~ 1.2 m/s, > 1.2 m/s was set repre-
sent very lower, lower, normal, higher walking speed 
respectively.

‘Environmental change’, ‘HRV’, ‘Daytime activity’: The 
discretization is similar to Table 2.

Table 4  The relationship between manifestation and BPSD

○indicates that this factor affects this type of BPSD

Behavior and other 
manifestations

Agitation Apathy Depression

Time [41, 42] ○ ○
Environmental change [43] ○ ○
Walking speed [44–46] ○ ○ ○
Heart rate variability (HRV) [47] ○ ○
Daytime activity [48] ○
Wandering behavior [9] ○

Table 5  Discretization of manifestation

x is the value of this manifestation

Manifestation Discretization Evidence

Time xϵ (9,12) o’clock→’0’; xϵ (12,15) o’clock→’1’; xϵ (15,17) o’clock→’2’; xϵ (17,19) 
o’clock→’3’; xϵ (19,21) o’clock→’4’; others→’5’

 [9, 41, 42, 58, 59]

Walking speed xϵ (0,0.7) m/s→’0’; xϵ (0.7,0.9) m/s→’1’; xϵ (0.9,1.2) m/s→’2’; xϵ (1.2,1.5) m/s→’3’  [60–63]

Environmental change [0 1 2 3] for [Nought Low Medium High]  [8]

Heart rate variability (HRV) [0 1 2 3] for [Nought Low Medium High]  [8]

Daytime activity [0 1 2 3] for [Nought Low Medium High]  [8]

Wandering [0 1] for [Nought exist]
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2.3.3 To determine the regularity of manifestation level range
The regularities between the discretized manifestations 
and the three levels of BPSD are shown in Table 6. The 
regularities and the evidence for them are described as 
follows:

•	 ‘Time’: Since the agitation tends to occur in the after-
noon during the day and peaks at 4 p.m [42]. , the 
time period of high agitation was set to 3 to 5 pm, 
i.e., Time ‘2’. The mild agitation time was set to 9 am 
to 5 pm, i.e., Time ‘0–2’. It had been shown that the 
wandering behavior mainly occurs from 5 to 7 p.m 
[41]. Therefore, the high depression patient will have 
wandering behavior in Time ‘3’. Mild depression will 
more likely occur from 3 to 9 p.m., i.e., Time ‘2–4’.

•	 ‘Environmental changes’: Environmental changes can 
exacerbate agitation and depression [43]. Same as the 
Sect.  2.2.3, the drastic environmental changes are 
connected to severe agitation and depression.

•	 ‘Walking speed’: Slower walking speeds indicate a 
higher probability of dementia [62]. According to this 
fact, the high BPSD, mild BPSD and no BPSD would 
have speed ‘0’, ‘0–2’, and ‘2–3’ respectively.

•	 ‘HRV’: It has been shown that depression was nega-
tively correlated with HRV [55, 56]. Thus, the HRV 
for high depression was set to ‘0–1’, mild depression 
to ‘0–2’ and no depression to ‘2’. Whereas HRV was 
higher in agitation [57], thus, for high aggression, 
mild agitation and no aggression, the HRV was set to 
‘3’, ‘2–3’, ‘2’, respectively.

•	 ‘Daytime activity’: Cognitive impairment reduces 
daytime activity, and apathy evaluation scale (AES) 
scores has significantly correlation with daytime 
activity [48]. Therefore, high apathy, mild apathy and 
no apathy, the Daytime activity was set to ‘0–2’, ‘1–2’, 
‘2–3’, respectively.

•	 ‘Wandering’: Wandering has correlation with depres-
sion [9]. Therefore, high depression and mild depres-
sion were set to wandering ‘0–1’.

2.3.4 To generate the data for training the BePhyEn BPSD 
model
As described in Sect.  2.2.4, 120 sets of data with the 
same composition were generated. Figure  3. shows 

Fig. 3  The pseudocode for generating data for training the BePhyEn BPSD (agitation) model
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pseudocode for generating the data of the agitation 
type, and the other two BPSD data were generated 
using similar procedures.

2.3.5 To compare the PsyCo BPSD model and BePhyEn BPSD 
model with and without HRV factor
HRV is usually represented by changes in the RR inter-
val from the electrocardiogram (ECG). Commonly used 
HRV indices include normalized low frequency power 
(LFn), normalized high frequency power (HFn), and 
standard deviation of normal-normal intervals (SDNN) 
[47]. Studies have shown that during happy states, the 
average heart rate, SDNN, and LFn are higher than dur-
ing sad states, while HFn is the opposite, indicating 
that sympathetic nervous system activity is greater and 
parasympathetic nervous system activity is smaller dur-
ing happy states [64]. In the field of dementia research, 
a study used HRV to assess influence to the sympathetic 
nervous system of dementia patients, showing statisti-
cally significant reductions in HFn in the disease group in 
both supine and standing positions [65].

Thus, it is expected that, HRV could be an important 
factor for the BPSD identification. Moreover, it is neces-
sary to discuss whether the same effect can be achieved 
by behavior identification without HRV in BePhyEn 
BPSD model, and whether it can lead to improvement in 
PsyCo BPSD model. Therefore, a BePhyEn BPSD model 
without using HRV and a PsyCo BPSD model with HRV 
were built to further investigate the significance of HRV.

2.4 Elderly individual following algorithms
Three following algorithms were selected for com-
parison. Algorithm  1  is a built-in following program, 
in which the robot constantly follows the target. How-
ever, if the target only moves within a small range, the 
robot needs to move all the time, which leads to more 
power consumption or collision risks. This is why Algo-
rithm  2  was proposed. However, Algorithm  2  may lose 
the target due to sudden turning and long following 
distance. Therefore, an algorithm that can automati-
cally adjust the following distance is needed. It has been 
reported that fuzzy logic control algorithm can enable 
decisions making in complex environments with a sim-
ple and light model and at the same time can perform 
effective path planning [66, 67]. The details of the algo-
rithms are shown as follows:

Algorithm  1: The robot follows the target at a cer-
tain distance from the target. If the target cannot be 
detected, it just stops until the target is detected.

Algorithm  2: The robot keeps a range of distance 
from the target. The robot adjusts the distance to 
the target in real time to ensure that the distance can 
be within the set range. Aso, if the target cannot be 
detected, it just stops until the target is detected.
Algorithm 3: If the target walks faster or if the devia-
tion of target from robot vision center is bigger, the 
robot is more likely to lose the target. In this situa-
tion, a closer following distance can effectively reduce 
the probability of losing. The fuzzy logic control algo-
rithm implemented was adapted from that in [68] 
and the parameters are set as follows: 

•	 Two input variables were defined: the speed of the 
target, deviation of target from robot vision center.

•	 One output variable was defined: the distance 
between the robot and the target during following.

•	 The fuzzy membership functions and rules were 
shown in Fig. 4.

3 Experiment settings
After establishing the two models, the experiments 
using the robot monitoring platform combined with the 
BePhyEn BPSD model in virtual home environments 
were conducted, as shown in Fig. 5.

To validate the BePhyEn BPSD model. Firstly, the Unity 
engine was used to build a virtual home environment. In 
the virtual home environment, a target (elderly individ-
ual) living alone, and a monitoring robot were designed. 
The detail of the virtual home environment construc-
tion was shown in Supplement 1–2. Then the data of the 
BPSD which was used for testing model was simulated 
in the virtual home environment. In the experiment, 120 
data examples (30 agitation data samples, 30 apathy data 
samples, 30 depression data samples, and 30 no BPSD 
data samples) were generated using the regularity deter-
mined in Table 6. Finally, the BePhyEn BPSD model pro-
posed was implemented and used by the robot to identify 
which BPSD type the target is at each moment.

To investigate the effectiveness of the robot follow-
ing in different home environments, first, three rooms 
were constructed, room 1 with a larger area and fewer 
occlusions, room 2 with a smaller area and more occlu-
sions and room 3 which was based on room 1 with more 
occlusions, which was shown in Supplement 2. A fixed 
roadmap was set up in each room, ensuring that there 
are no variables other than the following algorithms. 
Power consumption rate, Mean Absolute Error (MAE), 
lost time, and collision time were used as performance 
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indexes to compare the performance of the three follow-
ing algorithms.

3.1 BePhyEn BPSD model validation
There are many sensing and measurement modules that 
can be loaded on a mobile robot. In this study, considering 
practical meaning of verification, only some of them were 
implemented for the virtual experiments, and the others, 

such as, time, environmental change, HRV, daytime activity 
were assumed to be known. The detection of walking speed 
and wandering behavior were implemented as follows:

•	 Speed detection.

Speed of the target, in the unity, was calculated by 
recording the change in the target’s position. In Unity, the 

Fig. 4  Fuzzy membership functions and fuzzy rules. a membership chart of speed, ranging from 0 to 1.3. SS: small speed, MS: middle speed, LS: 
large speed. b membership chart of deviations, ranging from 0 to 0.5. SD: small deviation, MD: middle deviation, LD: large deviation (c) membership 
chart of distance output, for which different output values were set depending on the room. VS: very small distance, S: small distance, M: middle 
distance, L: large distance, VL: very large distance (d) control rules. When the target speed is faster, the closer the robot follows, and vice versa, 
the farther it is. When the deviation of the target is larger, the closer the robot follows, and vice versa

Fig. 5  Robot monitoring platform
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position and angle of the robot can be obtained. The robot 
position in time t was set as (XR(t),YR(t)) and the angle of 
the robot in time t was set asangle(t) . The distance between 
the robot and the target in time t was set as distance(t) . The 
position of the target in time t was set as (XT (t),YT (t)) . 
The following formula can be used to calculate the target’s 
position at time t.

(1)XT (t) = XR(t)+ distance(t)*cos angle t))

The speed of the target V(t) is determined by calculat-
ing its movement per second. As there is up-and-down 
in the speed of the robot during the target following, the 
average value of every 5 s was used for judgement.

(2)YT (t) = YR(t)+ distance(t)*sin
(

angle
(

t))

(3)
V (t) =

2

√

(XT (t + 1)− XT (t))2 + (YT (t + 1)− YT (t))2

Table 6  Regularities between the discretized manifestations and the three levels of BPSD. The items in yellow, orange, blue represent 
agitation, apathy, and depression-related manifestations, respectively

High 
agitation

Mild 
agitation

No agitation High apathy Mild apathy No apathy High 
depression

Mild 
depression

No 
depression

Time 2 0–2 0–5 0–5 0–5 0–5 3 2–4 0–5

Environmental 
change

2–3 1–3 0–2 0–2 0–2 0–2 2–3 1–3 0–2

Walking speed 0 0–2 2–3 0 0–2 2–3 0 0–2 2–3

Heart rate 
variability(HRV)

3 2–3 2 2 2 2 0–1 0–2 2

Daytime activity 1–3 1–3 1–3 0–2 1–2 1–3 1–3 1–3 1–3

Wandering 
Behavior

0 0 0 0 0 0 0–1 0–1 0

Fig. 6  Wandering behavior simulation. Red rectangle: mark position. Blue: the target (elderly individual); Purple: the robot and image caught 
by robot. (a) a white circle: a typical lapping route. (b) white lines: a typical pacing route
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•	 Wandering detection.

There are many wandering behaviors including lap-
ping, pacing and random [69]. In this study, the lapping 
and pacing were simulated for the virtual experiments. 
A typical lapping route was shown with a white circle 
in Fig.  6.(a). A typical pacing route was shown with 
white lines in Fig. 6.(b). To detect this wandering behav-
ior in the home environment, rectangles were set for 
counting the times of arrival. As shown in Fig.  6.(a). 
When the target traverses a rectangle, the rectangle is 
marked, and when the target traverses four rectangles 
in sequence, the target is considered to have made a cir-
cle once. When the target circled four times, it was con-
sidered wandering behavior. In Fig. 6.(b), there are two 
rectangles.

3.2 Target following algorithm evaluation
For comparison and analysis of the algorithms, some 
experimental procedures were set to evaluate the perfor-
mance of each algorithm in different rooms.

3.2.1 To set the scenarios:
A process was designed as the target goes back home to 
eat in the dining room, then goes to the living room to 
watch TV, and finally goes to the bedroom for rest. The 
target walked at different speeds of 0.6, 0.67, 0.74, 0.81, 
0.87, 0.94, 1.01, 1.08, 1.14, and 1.2, respectively. Each 
algorithm tests ten walking speeds in each room.

3.2.2 To determine the maximum and minimum following  
distance:
The maximum and minimum distance were deter-
mined for the robot to follow. It has been found that 
the personal following distance between the robot and 
target is 45–120 cm, and the social following distance 
between the robot and target is 120–360 cm. Usually, 
people prefer the social follow distance, and those with 
a high affinity with robots prefer a closer distance [70]. 
In this study, it was considered that the robot needed 
to achieve a better following effect within the following 
range and would not easily lose the target. So, for dif-
ferent rooms, different following distances were set as 
follows:

Room1: maximum distance: 2.1 m, minimum dis-
tance: 1.3 m.
Room2: maximum distance: 1.8 m, minimum dis-
tance: 1.3 m.
Room3: maximum distance: 2.1 m, minimum dis-
tance: 1.3 m.

Table 8  Comparison regarding room 2

Room 2 Algorithm 1 Algorithm 2 Algorithm 3

Power consumption rate 0.67 0.62 0.63

MAE 0.12 0.14 0.13

Lost times 1 1 1

Collision times 0 0 0

3.2.3 Four performance indexes:
Finally, four indexes were set to compare the following 
algorithms:

Lost times: the number of times the target is lost in 
ten tests.
Collision times: the number of times the robot col-
lided with a person or a wall among the ten tests.

Power consumption rate is the ratio of walking distance 
between robot and human. The smaller the value means 
the less power consumption for following. And the MAE 
is used to calculate the speed detection accuracy. The 
lost time is the number of times the robot lost the target 
during ten tests. The collision time is the number of colli-
sions that occurred during ten tests.

In the whole experiment, the target would walk accord-
ing to the fixed roadmap, and three following algorithms 
were applied to make the robot follow the target, and 
then the four indexes were calculated to analyze the fol-
lowing performance.

4 Results
4.1 The results of three following algorithms
Each following algorithm was tested ten times in each 
room, and the average of power consumption rate and 
MAE were calculated. The lost times and the collision 
times were summed. The comparison results of the three 
algorithms are shown in Tables 7, 8 and 9.

(4)Power consumption rate =
robot distance travelled

human distance travelled

(5)MAE =
1

m

∑m

i=1

∣

∣yi − ŷi
∣

∣

Table 7  Comparison regarding room 1

Room 1 Algorithm 1 Algorithm 2 Algorithm 3

Power consumption rate 0.75 0.69 0.69

MAE 0.11 0.14 0.11

Lost times 0 2 0

Collision times 0 1 0
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In the room 1, as shown in Table  7, Algorithm  1  has 
a better MAE value, and results in no collisions and no 
cases of lost-target. But the robot has a higher power 
consumption rate. On the other hand, Algorithm  2 is 
more power efficient than Algorithm  1. But there are 
more cases of lost-target. Algorithm 3 shows the perfor-
mance no worse than the other two algorithms.

Table  8 shows the comparison results in room 2. As 
shown, in a narrow room, because there were more 
occlusions (walls, furniture), and the target has to turn 
more frequently, the robot with all the three algorithms is 
more likely to lose the target when the target moves with 
a high speed. However, the MAE value did not change 
greatly, which means the speed detection accuracy was 
still satisfactory. In terms of power consumption rate, 
Algorithms 2 and 3 have advantages over Algorithm 1.

Table  9 shows the comparison regarding room 3. As 
shown in the table, the room is large, but with more 
occlusions (furniture), so the robots of all three algo-
rithms are likely to lose the target when the target is 
turned at high speed. In addition, the velocity detection 
accuracy in room 3 is lower than that of room 1.

4.2 The two PsyCo BPSD model and two BePhyEn BPSD 
models
The final decision tree model obtained was shown in 
Fig. 7, which can be used to identify BPSD using assess-
ment of psychological and social characteristics by care 
professionals and care staff. MMSE has the largest con-
tribution in the model. When MMSE > 26.5, the result of 
the model discrimination was no BPSD symptoms. And 
if MMSE < 26.5, agitation and depression behaviors can 
be judged by loss of insight and anxiety.

PsyCo BPSD model with the manifestation HRV is 
depicted in Fig.  8. Same as the PsyCo BPSD model, 
MMSE shows the highest importance, and if MMSE is 
greater than 26.5 then no BPSD is determined. If MMSE 
is less than 26.5 then HRV, ranked the second in impor-
tance, is the next attribute to judge. If HRV is lower than 
1.5, the model gives judgement of depression.

The BePhyEn BPSD model is shown in Fig.  9. In this 
model, the importance of HRV manifestation is the high-
est, which is in line with the previous analysis. A lower 
HRV indicates a lower parasympathetic activity thus the 
depression can be identified. Walking speed was the sec-
ond important attribute. The higher walking speed and 
higher daytime activity are likely to indicate no BPSD.

The BePhyEn BPSD model without manifestation 
HRV is shown in Fig.  10. Different from the BePhyEn 
BPSD model, walking speed became the first important 
manifestation. Both the BePhyEn BPSD model and this 
model give the judgment of no BPSD only when the 
walking speed is normal. This reflects that slow walking 
speed is an important index of dementia.

Table 9  Comparison regarding room 3

Room 3 Algorithm 1 Algorithm 2 Algorithm 3

Power consumption rate 0.8 0.78 0.78

MAE 0.19 0.18 0.18

Lost times 3 3 2

Collision times 1 1 1

Fig. 7   PsyCo BPSD model. 0: Agitation, 1: Apathy, 2: Depression, 3: no BPSD. Please see Sect. 2.2.2 for the meaning of the factors
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4.3 The validation of the models using the data generated 
following BPSD regularities
Table 10 presents the validation results using 120 data 
samples generated for testing the four models. For each 
model, its testing data samples were generated in the 
same way with the same composition as the training 
data samples. The validation accuracy of the models 
was all above 80%. In particular, the validation accuracy 
of the PsyCo BPSD model with manifestation HRV can 
reach more than 90%.

Table 11 shows validation results of the BePhyEn BPSD 
model for 25 samples (all (13) incorrect cases and part of 
(12, 3 for each BPSD label) correct cases).

4.4 The validation of BePhyEn BPSD model using the data 
acquired in virtual home environment
In the virtual home environment experiment, the Algo-
rithm 3 was chosen for testing the BePhyEn BPSD model. In 
room 1, the lapping route of wandering behavior was tested. 
In room 3, the pacing route of wandering behavior was 
tested. Table 12 shows the validation results of 24 (6 for each 
BPSD label) of the 120 data samples for the robot to identify, 
ground truth BPSD labels, and the identification results by 
the BePhyEn BPSD model. The results indicate that target 
following and the speed detection in room 1 was effective. 
However, in room 2 and room 3, the robot tends to lose the 
target due to more occlusions, especially when the target is 

Fig. 8  PsyCo BPSD model with manifestation HRV. 0: Agitation, 
1: Apathy, 2: Depression, 3: no BPSD. Please see Sect. 2.2.2 
for the meaning of the factors

Fig. 9  BePhyEn BPSD model. 0: Agitation, 1: Apathy, 2: Depression, 3: no BPSD. Please see Sect. 2.3.2 for the meaning of the attributions



Page 14 of 21Yuan et al. BMC Psychiatry          (2024) 24:197 

walking faster than 1.2 m/s. Generally, the BePhyEn BPSD 
model achieved identification accuracy of 80% for the 120 
data samples in the virtual home environment experiment.

5 Discussion
In this study, a BPSD monitoring system is presented, 
which consists of two models and a monitoring platform. 
The PsyCo BPSD model enables caregivers and care pro-
viders to make a preliminary judgement of BPSD through 
observation. On the other hand, the BePhyEn BPSD 
model can be implemented on a robot to achieve real-
time warning of BPSD. It was implemented and validated 
on a robot in virtual home environment. Additionally, 
three following algorithms were also compared for better 
following performance in the virtual home environment.

5.1 BPSD model
In PsyCo BPSD model, the second importance was 
given to loss of insight, which denotes the psychological 

symptom that an elderly individual is unable to recognize 
changes in behaviour and personality. Loss of insight was 
used as a diagnostic criterion for frontotemporal demen-
tia (FTD) [71]. While in our model, loss of insight is an 
important indicator to distinguish the agitation. In the 
BePhyEn BPSD model, HRV was found to be a significant 
factor. The identification accuracy is higher than that of 
the model without HRV by approximately 4.2%, which 
aligns with the physiological interpretation. HRV is gener-
ally obtained by measuring beat-to-beat heartbeat inter-
val. We have made progress in applying millimeter-wave 
radar for mobile sensing to detect heartbeats [51], which 
made the non-constraint monitoring of HRV feasible in 
home environment.

The validation results showed that the accuracy of 
PsyCo BPSD model was lower than that of BePhyEn 
BPSD model (Table  10). This is due to the following 
reasons: (1) Parameter selection: MMSE, the primary 
parameter of the PsyCo BPSD model (Fig.  7), intui-
tively represents the mental state of an older person, but 
doesn’t contain much information about BPSD. Whereas 
HRV, the primary parameter of the BePhyEn BPSD model 
(Fig.  9), contains significant information for identifying 
BPSD types such as aggression or depression. When the 
manifestation HRV was added to PsyCo BPSD model, 
the accuracy of the model reached 93.3% (Table 10); (2) 
The regularities of data generation: in this study, the data 
for training and validation were generated by regularities 
determined from numerous relevant literatures. In the 

Fig. 10  BePhyEn BPSD model without manifestation HRV. 0: Agitation, 1: Apathy, 2: Depression, 3: no BPSD. Please see Sect. 2.3.2 for the meaning 
of the attributions

Table 10  Model validation result

Model Validation 
Accuracy

PsyCo BPSD model 82.5%

PsyCo BPSD model with manifestation HRV 93.3%

BePhyEn BPSD model 89.2%

BePhyEn BPSD model without manifestation HRV 85%
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literature related to PsyCo BPSD model, most of findings 
are qualitative. Therefore, more probabilistic ambiguity 
needs to be accounted in the regularities, which is more 
likely to cause overlapping value range of factors across 
different BPSDs. In contrast, in BePhyEn BPSD model 
related literature, manifestations such as time, walking 
speed, HRV, etc. are quantitatively and clearly defined, 
which resulted in clear regularities, thereby, better data 
samples for training and validating the models.

Regarding the BePhyEn BPSD model (as shown in 
Fig. 9), all the incorrect identification cases were shown 
for discussion (Table  11). The first type of incorrect 
identification is that the data samples of different BPSD 
labels were judged as a same label because they have 
similar attribute values for the BePhyEn BSPD model to 
make the same judgement. For example, between No.5 
and No.13, only Time attribute is different (4 vs. 2). The 
nodes and leaves these two samples undergone are as 
follows:

•	 No.5 (label 1): HRV ‘2’, Walking speed ‘1’, HRV ‘2’, 
Time ‘4’, Environment change ‘2’, Wandering ‘0’ ⇒ 
label ‘1’;

•	 No.13 (label 0): HRV ‘2’, Walking speed ‘1’, HRV ‘2’, 
Time ‘2’, Environment change ‘2’, Wandering ‘0’ ⇒ 
label ‘1’;

The second type of incorrect identification is that the 
data samples of different BPSD labels underwent dif-
ferent nodes and leaves of the BePhyEn BPSD model 
and ended up with a same label. For example, No.3 and 
No.24, have the different attributes in most manifesta-
tion attributes. The nodes and leaves they underwent are 
as follows:

•	 No.3: HRV ‘2’, Walking speed ‘2’, Daytime activity ‘1’ 
⇒ label ‘0’;

•	 No.24: HRV ‘2’, Walking speed ‘1’, HRV ‘2’, Time ‘3’, 
Environment change ‘3’ ⇒ label ‘0’;

Table 11  validation results of 25 data samples. Red: the incorrect cases. Pink: further discussed in Sect. 5.1. Please see Sect. 2.3.2 for the 
meaning of the attributions

Number Walking 
speed

Environment 
change

Wandering Time Daytime 
activity

HRV BPSD labels Validation 
results

1 1 1 0 0 2 2 0 0

2 1 2 0 0 2 2 0 0

3 2 2 0 1 1 2 0 0

4 0 1 0 1 2 2 1 1

5 1 2 0 4 2 2 1 1

6 1 2 0 4 2 2 1 1

7 1 3 0 4 2 1 2 2

8 0 3 1 3 1 1 2 2

9 0 2 1 3 2 2 2 2

10 2 2 0 2 2 2 3 3

11 2 1 0 5 2 2 3 3

12 3 2 0 2 3 2 3 3

13 1 2 0 2 2 2 0 1

14 2 2 0 1 2 2 0 3

15 2 2 0 0 2 2 0 3

16 2 2 0 0 1 2 1 0

17 2 2 0 1 2 2 0 3

18 2 2 0 0 1 2 1 0

19 0 2 0 3 2 2 2 1

20 2 1 0 2 2 2 1 3

21 0 1 0 0 2 2 1 0

22 2 1 0 3 1 2 1 0

23 0 2 0 0 0 2 1 0

24 1 3 0 3 2 2 2 0

25 2 3 1 2 1 2 2 0
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It should be noted that some of the first type of 
incorrect identification cases (samples colored pink 
in Table  11) were caused by the overlapping value 
ranged for the manifestation determined in regulari-
ties (Table  6). For example, in manifestation values 
in No.13, which takes values in the range of agitation 
(e.g., manifestation values in No.2) but also take val-
ues in the range of apathy (e.g., manifestation values in 
No.5). The reasons for this situation were considered 
as follows:

1)	 The overlapping of range of manifestation values 
of different BPSDs is large. Although the regulari-
ties for each BPSD (agitation, apathy, depression) 
related manifestations were determined (as shown 
in Table 6) based on references in the literature, for 
unrelated manifestations, a wide range was set with 
the expectation that the obtained model would 
exhibit strong robustness in diverse situations.

2)	 Insufficient number of data samples resulted less 
diversity in combinations of manifestation values, 
leading to the case that single leaf of decision trees 
contains multiple BPSD labels. A further analysis of 
60, 120, 240, and 480 training data samples were per-
formed. As a result, the training accuracy was 86.7%, 
88.3%, 89.5%, and 91.2%, and the area under curve 
(AUC) were 0.87, 0.95, 0.96, and 0.96, respectively. 
Considering that more samples can achieve higher 
accuracy but also lead to complexity and overfitting 
of the decision tree, 120 samples were considered to 
be sufficient in this study.

3)	 An elderly individual has only one type of BPSD but 
has the manifestations in range of two BPSD. The 
BePhyEn BPSD model can only identify the BPSD 
from the observed manifestations, and more precise 
determination still needs further confirmation.

5.2 Virtual home environment experiment
The simulation of dementia behavior in a virtual home 
environment has advantages, as targets can display a 
variety of daily behavioral actions [60], and the param-
eters of these actions can be precisely controlled. In addi-
tion, it is easier to control environmental variables in the 
virtual home environment and eliminate unnecessary 
noise interference. Because the target following and man-
ifestation detection (walking speed, wandering detection, 
colored in green in Table  12) in the virtual experiment 
achieved the accuracy sufficient for the BePhyEn model 
to identify most of the test cases, no further misidenti-
fication was caused by the mobile robot monitoring 
platform. Besides, considering that the limited number 

of variables to be tested, and number of training data 
samples, which is 120, it is sufficient to input 120 data 
samples (40 per room) for the virtual robot to test 
performance.

Two reasons were considered for the errors caused in 
virtual home environment experiments, the first was the 
same as the analysis of Table 11, and the other was due 
to robot following errors (lost-targets). In terms of fol-
lowing algorithms, the advantage of algorithm 3 is that it 
can automatically adjust the following distance according 
to the target’s walking speed and the deviation of target 
from robot vision center. Therefore, the robot doesn’t fol-
low the target all the time, but with a reduced loss time 
and power consumption rate, as shown in Tables  7 and 
8. However, algorithm  3  tends to lose the target when 
there is more occlusion and the target is turning fast, 
as shown in Tables  8, 9 and 12. For wandering detec-
tion, pacing route is more difficult to detect than lap-
ping route. Because when detecting the lapping route, 
the robot only needs to follow behind the target. In pac-
ing route, the robot was located in front of or to the side 
of the target, which requires a higher adaptation of the 
robot’s position, As shown in Table 12, When the target 
walking speed is 1 m/s, the lapping route (in room 1) can 
be detected, while the pacing route (in room 2) cannot be 
detected.

5.3 Contribution
1) For the first time, multi-variate hierarchical models 
for identify three BPSDs (Agitation, Depression, Apathy) 
were proposed and verified. The models are represented 
as decision trees, trained with data sets generated based 
on a systematic analysis of the amount of data about 
BPSD manifestations in the literature.

2) Through validation of the BePhyEn BPSD model, it is 
clearly shown that, internal psychological states of elderly 
individual can be identified by measuring their behavior 
data and physiological data (HRV). Among them, HRV is 
the most important indicator to identify the three BPSDs.

3) A mobile robot was used for the first time as the 
implementation platform for home monitoring of BPSD. 
The feasibility has been demonstrated by the experiments 
in the virtual home environment. Non-constraint meas-
urement of the HRV and walking speed can be realized 
effectively by the mobile robot with a fuzzy based follow-
ing algorithm.

4) The monitoring of the various parameters will affect 
care giving and placement needs. It can help caregivers 
document daily activities, behavioral and vital signs, for 
assessing their healthy and live patterns, analyzing indi-
vidual behavior changes for early detection of BPSD, and 
further exploring the cause of such changes in daily life. 



Page 18 of 21Yuan et al. BMC Psychiatry          (2024) 24:197 

With the accumulated documents about BPSD identified 
and the situations likely to induce BPSD in home envi-
ronment, it is possible to help decide suitable care plan 
for older persons living home. This can also help place 
the older persons in the relevant care setting.

5.4 Limitations
1) The data generated for training and testing the BPSD 
models exhibit a gap when compared to real-world data. 
However, this gap does not affect the validity of this 
study. The generated data are from real-world observa-
tion and investigation studies [9, 41–48], so that, it can 
reflect the real nature of BPSD, i.e., multivariate factors 
interacting with each other to affect one single or multi-
ple BPSDs.

2) Only three BPSD were modelled, which may limit 
the application of the model. To identify more BPSDs, 
it is necessary to consider other factors and manifesta-
tions, such as the influence of living environment and 
cultural background. Though possibility to detect or 
observe those factors and manifestations within the cur-
rent implementation platform needs to be considered.

3) An elderly individual with two or more BPSDs was 
not considered. It had been shown that an elderly indi-
vidual may be affected with both agitation and apathy 
[72], apathy and depression [73], and depression and 
agitation [74] at the same time. The lack of considera-
tion for elderly individuals with two or more BPSDs 
might be a reason resulted in incorrect judgments. In 
the future, we will consider the correlation between 

BPSDs and add the cases of “agitation & apathy, agita-
tion & depression, depression & apathy” to the mod-
els. By investigating the common and specific factors 
between them, the identification of BPSD can be fur-
ther improved.

4) Both implementation and validation of BePhyEn 
BPSD model were done in virtual environments. The 
uncertainty of home environment, BPSD patients, 
mobile robot and their interaction could not be taken 
into account, but also, the ethic and privacy issues and 
user acceptance issues could not be reflected, which 
might be influential factors when conducting real-
world experiments.

5) Besides, The PsyCo BPSD model has been vali-
dated with the data generated but has not been vali-
dated in the virtual home environment.

6 Conclusion
Our study aims to develop a BPSD monitoring system 
that can detect and alert caregivers and care providers 
to BPSD. Based on a systematic analysis of the amount 
of data about BPSD manifestations in the literature, data 
sets for training and testing two BPSD models, the PsyCo 
BPSD model, the BePhyEn BPSD Model, were generated. 
The BePhyEn BPSD Model was further tested by a mobile 
robot monitoring platform implemented in a virtual 
environment, and three target following algorithms were 
compared. The results showed the proposed BePhyEn 
BPSD is feasible for BPSD identification in a virtual home 
environment.

Fig. 11  The construction of virtual home environment.a The construction of the home environment. b The construction of the elderly. c The 
construction of the robot
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Appendix
1 Virtual home environment construction

The virtual home environment was constructed as 
shown in Figure  11. Figure  11. (a) shows the construc-
tion of the virtual home environment, the room is pro-
vided by the SIGVerse project [75]. Figure 11. (b) shows 
the construction of elderly. After research and search-
ing, there is a 3D model of "Sporty Granny" in Mixamo 
(https://​www.​mixamo.​com/) that fits the requirements 
of this study. Figure  11. (c) shows the construction of 
the robot. The turtlrbot2 robot was selected, which was 
controlled by ROS (Robot Operating System, version: 
Kinetic). SIGVerse: The connection code from the SIG-
Verse project was used to create the connection between 
Unity and ROS.

2 Different environment construction
Rooms in home environment can be categorized into 

many types based on size, style, amount of occlusion, 
light intensity and so on. A total of three rooms were 
selected in this study to evaluate the environment in 
terms of room size and amount of occlusion, which are 
two important factors for target tracking algorithms. 
Room 1 is a typical home environment as referred to 

[75]. Room 2 is based on a typical Japanese single room 
as referred to [76]. Thus, they represent a relatively 
wide and small (about 160 and 70 square meters) typi-
cal home environment, respectively. Room 3 has the 
same room size, but with more furniture, thus, paired 
with Room 1, they represent a home environment with 
relatively more occlusions and less occlusions, respec-
tively. Three rooms with corresponding fixed roadmaps 
as shown in Figure 12.(a)-(c) were built.

Acknowledgements
The authors are grateful to all the participants who participate in the study. 
Thanks to Charvy NGOMA-MBY for his previous contribution.

Authors’ contributions
Each author made indispensable contributions to this research paper. The spe‑
cific contributions of each author are as follows:Haihang Yuan: wrote the main 
manuscript text, built model, and conducted simulation experiments. Tianyi 
Yang, Qiaolian Xie, and Wen-Huei Chou: reviewed the manuscript. Guilhem 
Lledos: conducted simulation experiments. Wenwei Yu: provided guidance for 
this study, and reviewed the manuscript.

Funding
None.

Availability of data and materials
The datasets used and/or analysed during the current study available from the 
corresponding author on reasonable request.

Fig. 12  The fixed roadmap. a A large room has less obstructions. b A small room with more obstructions. c (a) A large room has more obstructions. 
Black line: the fixed roadmap was set

https://www.mixamo.com/


Page 20 of 21Yuan et al. BMC Psychiatry          (2024) 24:197 

Declarations

Ethics approval and consent to participate
We do not do experiments on humans or the use of human tissue samples, so 
we feel that it is not relevant to our study.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 3 August 2023   Accepted: 3 February 2024

References
	1.	 Rao GP, Sivakumar PT, Srivastava S, Sidana RC. Cognitive therapy and 

family intervention for patients with dementia and psychosis. Indian J 
Psychiatry. 2020;62 Suppl 2:183.

	2.	 Poon E. A systematic review and meta-analysis of dyadic psychological 
interventions for BPSD, quality of life and/or caregiver burden in demen‑
tia or MCI. Clin Gerontologist. 2022;45:777–97.

	3.	 Rangseekajee P, Aphisitphinyo S, Paholpak P, Piyavhatkul N, Vadhanavikkit 
P, Kaenampornpan M, et al. Mobile application for monitoring behavioral 
and psychological symptoms of dementia in patients with moderate to 
severe dementia. Geriatr Gerontol Int. 2021;21:472–7.

	4.	 Ekiz E, Videler AC, Van Alphen SP. Feasibility of the cognitive model for 
behavioral interventions in older adults with behavioral and psychologi‑
cal symptoms of dementia. Clin Gerontologist. 2022;45:903–14.

	5.	 Schoenmakers B, Buntinx F, De Lepeleire J. Can pharmacologi‑
cal treatment of behavioural disturbances in elderly patients with 
dementia lower the burden of their family caregiver? Fam Pract. 
2009;26:279–86.

	6.	 Schumann C, Alexopoulos P, Perneczky R. Determinants of self-and 
carer-rated quality of life and caregiver burden in Alzheimer disease. Int J 
Geriatr Psychiatry. 2019;34:1378–85.

	7.	 Talerico KA, Evans LK, Strumpf NE. Mental health correlates of aggression 
in nursing home residents with dementia. Gerontologist. 2002;42:169–77.

	8.	 Pelletier IC, Landreville P. Discomfort and agitation in older adults with 
dementia. BMC Geriatr. 2007;7:1–8.

	9.	 Jeong JG, Song JA, Park KW. A relationship between depression and 
wandering in community-dwelling elders with dementia. Dement Neu‑
rocognitive Disorders. 2016;15:1–6.

	10.	 Cummings JL, Mega M, Gray K, Rosenberg-Thompson S, Carusi DA, 
Gornbein J. The neuropsychiatric inventory: comprehensive assessment 
of psychopathology in dementia. Neurology. 1994;44:2308–2308.

	11.	 Rosen WG, Mohs RC, Davis KL. A new rating scale for Alzheimer’s disease. 
Am J Psychiatry. 1984;141:1356–64.

	12.	 Reisberg B, Auer SR, Monteiro IM. Behavioral pathology in Alzheimer’s 
Disease (BEHAVE-AD) rating scale. Int Psychogeriatr. 1997;8:301–8.

	13.	 Cohen-mansfield J, Marx MS, Rosenthal AS. A description of agitation in a 
nursing home. J Gerontol. 1989;44:M77–84.

	14.	 Ozdemir D, Cibulka J, Stepankova O, Holmerova I. Design and implemen‑
tation framework of social assistive robotics for people with dementia - a 
scoping review. Health Technol. 2021;11:367–78.

	15.	 Campillo-Sánchez P, Gómez-Sanz J. Modelling and simulation of Alzhei‑
mer’s disease scenarios. Procedia Comput Sci. 2016;83:353–60.

	16.	 Petrella JR, Hao W, Rao A, Doraiswamy PM. Computational causal mod‑
eling of the dynamic biomarker cascade in Alzheimer’s disease. Comput 
Math Methods Med. 2019;2019:e6216530.

	17.	 Duch W. Computational models of dementia and neurological problems. 
In: Crasto CJ, Koslow SH, editors. Neuroinformatics. Totowa: Humana; 
2007. p. 305–36.

	18.	 Proitsi P, Hamilton G, Tsolaki M, Lupton M, Daniilidou M, Hollingworth P, 
et al. A multiple indicators multiple causes (MIMIC) model of behavioural 
and psychological symptoms in dementia (BPSD). Neurobiol Aging. 
2011;32:434–42.

	19.	 Wall CA, Rummans TA, Aksamit AJ, Krahn LE, Pankratz VS. Psychiatric 
manifestations of Creutzfeldt-Jakob disease: a 25-year analysis. J Neu‑
ropsychiatry Clin Neurosci. 2005;17:489–95.

	20.	 Steinberg M, Shao H, Zandi P, Lyketsos CG, Welsh-Bohmer KA, Norton MC, 
et al. Point and 5-year period prevalence of neuropsychiatric symptoms in 
dementia: the Cache County study. Int J Geriatr Psychiatry. 2008;23:170–7.

	21.	 Cohen-Mansfield J. Theoretical frameworks for behavioral problems in 
dementia. Alzheimer’s Care Today. 2000;1:8–21.

	22.	 International Psychogeriatric Association. IPA complete guides to Behav‑
ioral and Psychological Symptoms of Dementia (BPSD). https://​www.​
ipa-​online.​org/​resou​rces/​publi​catio​ns/​guides-​to-​bpsd.

	23.	 Nergui M, Yoshida Y, Imamoglu N, Gonzalez J, Yu W. Human behavior 
recognition by a bio-monitoring mobile robot. In: Su CY, Rakheja S, Liu H, 
editors. Intelligent robotics and applications. Berlin, Heidelberg: Springer; 
2012. p. 21–30.

	24.	 Dorronzoro Zubiete E, Nakahata K, Imamoglu N, Sekine M, Sun G, Gomez 
I, et al. Evaluation of a home biomonitoring autonomous mobile robot. 
Comput Intell Neurosci. 2016;2016:e9845816.

	25.	 Imamoglu N, Dorronzoro E, Sekine M, Kita K, Yu W. Spatial visual attention 
for novelty detection: a space-based saliency model in 3D using spatial 
memory. IPSJ Trans Comput Vis Appl. 2015;7:35–40.

	26.	 Suwa S, Tsujimura M, Kodate N, Donnelly S, Kitinoja H, Hallila J, et al. 
Exploring perceptions toward home-care robots for older people in 
Finland, Ireland, and Japan: a comparative questionnaire study. Arch 
Gerontol Geriatr. 2020;91: 104178.

	27.	 Ide H, Kodate N, Suwa S, Tsujimura M, Shimamura A, Ishimaru M, et al. The 
ageing ‘care crisis’ in Japan: is there a role for robotics-based solutions? Int 
J Care Caring. 2021;5:165–71.

	28.	 Kodate N, Donnelly S, Suwa S, Tsujimura M, Kitinoja H, Hallila J, et al. 
Home-care robots – attitudes and perceptions among older people, 
carers and care professionals in Ireland: a questionnaire study. Health Soc 
Care Commun. 2022;30:1086–96.

	29.	 Gerdner LA. Effects of Individualized versus classical relaxation music on 
the frequency of agitation in elderly persons with Alzheimer’s disease 
and related disorders. Int Psychogeriatr. 2000;12:49–65.

	30.	 Chou WH, Ko YL, Huang XY. Design of occupational therapy interventions 
for middle-aged and elderly family caregivers. Healthc (Basel). 2021;9:275.

	31.	 Robert PH, Verhey FR, Byrne EJ, Hurt C, De Deyn PP, Nobili F, et al. Group‑
ing for behavioral and psychological symptoms in dementia: clinical and 
biological aspects. Consensus paper of the European Alzheimer disease 
consortium. Eur Psychiatry. 2005;20:490–6.

	32.	 Ismail Z, Herrmann N, Rothenburg LS, Cotter A, Leibovitch FS, Rafi-Tari 
S, et al. A functional neuroimaging study of appetite loss in Alzheimer’s 
disease. J Neurol Sci. 2008;271:97–103.

	33.	 Benoit M, Koulibaly PM, Migneco O, Darcourt J, Pringuey DJ, Robert PH. 
Brain perfusion in Alzheimer’s disease with and without apathy: a SPECT 
study with statistical parametric mapping analysis. Psychiatry Research: 
Neuroimaging. 2002;114:103–11.

	34.	 Drago V, Foster PS, Chanei L, Rembisz J, Meador K, Finney G, et al. Emo‑
tional indifference in Alzheimer’s Disease. JNP. 2010;22:236–42.

	35.	 Santangelo G, Vitale C, Baiano C, D’Iorio A, Longo K, Barone P, et al. Intero‑
ceptive processing deficit: a behavioral marker for subtyping Parkinson’s 
disease. Parkinsonism Relat Disord. 2018;53:64–9.

	36.	 Ott BR, Noto RB, Fogel BS. Apathy and loss of insight in Alzheimer’s 
disease: a SPECT imaging study. J Neuropsychiatry Clin Neurosci. 
1996;8:41–6.

	37.	 Silva R, de da A, Mograbi DC, Camelo EVM, Santana CMT, Landeira-
Fernandez J, Cheniaux E. Clinical correlates of loss of insight in bipolar 
depression. Trends Psychiatry Psychother. 2017;39:264–9.

	38.	 Teri L, Ferretti LE, Gibbons LE, Logsdon RG, McCurry SM, Kukull WA, et al. 
Anxiety in Alzheimer’s disease: prevalence and comorbidity. Journals 
Gerontology: Ser A. 1999;54:M348–352.

	39.	 Abushakra S, Porsteinsson A, Scheltens P, Sadowsky C, Vellas B, Cummings 
J, et al. Clinical effects of tramiprosate in apoe4/4 homozygous patients 
with mild alzheimer’s disease suggest disease modification potential. J 
Prev Alzheimer’s Disease. 2017;4:149–56.

	40.	 Seignourel PJ, Kunik ME, Snow L, Wilson N, Stanley M. Anxiety in demen‑
tia: a critical review. Clin Psychol Rev. 2008;28:1071–82.

	41.	 Bliwise DL. Sleep disorders in Alzheimer’s disease and other dementias. 
Clin Cornerstone. 2004;6:16–28.

https://www.ipa-online.org/resources/publications/guides-to-bpsd
https://www.ipa-online.org/resources/publications/guides-to-bpsd


Page 21 of 21Yuan et al. BMC Psychiatry          (2024) 24:197 	

	42.	 Cohen-Mansfield J. Temporal patterns of agitation in dementia. Am J 
Geriatric Psychiatry. 2007;15:395–405.

	43.	 Anthony K, Procter AW, Silverman AM. Mood and behaviour problems fol‑
lowing the relocation of elderly patients with mental illness. Age Ageing. 
1987;16:355–65.

	44.	 IJmker T, Lamoth CJ. Gait and cognition: the relationship between gait 
stability and variability with executive function in persons with and 
without dementia. Gait Posture. 2012;35:126–30.

	45.	 Saho K, Sugano K, Uemura K, Matsumoto M. Screening of apathetic 
elderly adults using kinematic information in gait and sit-to-stand/
stand-to-sit movements measured with Doppler radar. Health Inf J. 
2021;27:1460458221990051.

	46.	 Schwenk M, Zieschang T, Englert S, Grewal G, Najafi B, Hauer K. Improve‑
ments in gait characteristics after intensive resistance and functional 
training in people with dementia: a randomised controlled trial. BMC 
Geriatr. 2014;14:1–9.

	47.	 Zhu J, Ji L, Liu C. Heart rate variability monitoring for emotion and disor‑
ders of emotion. Physiol Meas. 2019;40:064004.

	48.	 Kuhlmei A, Walther B, Becker T, Müller U, Nikolaus T. Actigraphic daytime 
activity is reduced in patients with cognitive impairment and apathy. Eur 
Psychiatry. 2013;28:94–7.

	49.	 Wang Q, Fan Z, Sheng W, Zhang S, Liu M. Cloud-assisted cognition 
adaptation for service robots in changing home environments. Front Inf 
Technol Electron Eng. 2022;23:246–57.

	50.	 Ling Z, Zhou W, Ren Y, Wang J, Guo L. Non-contact heart rate monitoring 
based on millimeter wave radar. IEEE Access. 2022;10:74033–44.

	51.	 Yuan H, Lu Y, Yang T, Yu W. A study on the effect of measurement distance 
on the accuracy of millimeter-wave radar sensing for heartbeat measure‑
ment. Intelligent autonomous systems 18 IAS 2023 lecture notes in 
networks and systems. Accepted.

	52.	 Yang CC, Hsu YL. Remote monitoring and assessment of daily activities in 
the home environment. J Clin Gerontol Geriatr. 2012;3:97–104.

	53.	 Soma T, Lawanont W, Yokemura T, Inoue M. Monitoring system for detect‑
ing decrease of living motivation based on change in activities of daily 
living. In: In: 2020 IEEE International Conference on Consumer Electronics 
(ICCE). 2020. p. 1–4.

	54.	 Lin Q, Zhang D, Huang X, Ni H, Zhou X. Detecting wandering behavior 
based on GPS traces for elders with dementia. In: In: 2012 12th Interna‑
tional Conference on Control Automation Robotics & Vision (ICARCV). 
2012. p. 672–7.

	55.	 Kemp AH, Quintana DS, Gray MA, Felmingham KL, Brown K, Gatt JM. 
Impact of depression and antidepressant treatment on heart rate vari‑
ability: a review and meta-analysis. Biol Psychiatry. 2010;67:1067–74.

	56.	 Carney RM, Blumenthal JA, Stein PK, Watkins L, Catellier D, Berkman LF, 
et al. Depression, heart rate variability, and acute myocardial infarction. 
Circulation. 2001;104:2024–8.

	57.	 Chase JG, Starfinger C, Lam Z, Agogue F, Shaw GM. Quantifying agitation 
in sedated ICU patients using heart rate and blood pressure. Physiol 
Meas. 2004;25:1037.

	58.	 Silva MWB, Sousa-Muñoz RL, Frade HC, Fernandes PA, Magalhães AO. 
Sundown syndrome and symptoms of anxiety and depression in 
hospitalized elderly. Dement Neuropsychol. 2017 Apr-Jun;11(2):154-161. 
https://​doi.​org/​10.​1590/​1980-​57642​016dn​11-​020008.

	59.	 Bachman D, Rabins P. “Sundowning” and other temporally associated 
agitation states in dementia patients. Annu Rev Med. 2006;57:499–511.

	60.	 Peters DM, Fritz SL, Krotish DE. Assessing the reliability and validity of 
a shorter walk test compared with the 10-Meter walk test for meas‑
urements of gait speed in healthy, older adults. J Geriatr Phys Ther. 
2013;36:24–30.

	61.	 Welmer AK, Rizzuto D, Qiu C, Caracciolo B, Laukka EJ. Walking speed, 
processing speed, and dementia: a population-based longitudinal study. 
Journals Gerontology: Ser A. 2014;69:1503–10.

	62.	 Wang H, Zhang H, Chen Y, Cai M, Guo C, Chen P. Association between 
walking speed and cognitive domain functions in Chinese suburban-
dwelling older adults. Front Aging Neurosci. 2022;14: 935291.

	63.	 Demakakos P, Cooper R, Hamer M, de Oliveira C, Hardy R, Breeze E. The 
Bidirectional Association between depressive symptoms and Gait speed: 
evidence from the English Longitudinal Study of Ageing (ELSA). PLoS 
ONE. 2013;8: e68632.

	64.	 Valderas MT, Bolea J, Laguna P, Vallverdú M, Bailón R. Human emotion rec‑
ognition using heart rate variability analysis with spectral bands based on 

respiration. In: In: 2015 37th Annual International Conference of the IEEE 
Engineering in Medicine and Biology Society (EMBC). 2015. p. 6134–7.

	65.	 de Vilhena Toledo MA, Junqueira LF. Cardiac sympathovagal modulation 
evaluated by short-term heart interval variability is subtly impaired in 
Alzheimer’s disease. Geriatr Gerontol Int. 2008;8:109–18.

	66.	 Muhammad A, Ali MAH, Shanono IH. A review: on intelligent mobile 
robot path planning techniques. In: In: 2021 IEEE 11th IEEE Symposium 
on Computer Applications & Industrial Electronics (ISCAIE). 2021. p. 53–8.

	67.	 Patle BK, Parhi DR, Jagadeesh A, Kashyap SK. Probabilistic fuzzy controller 
based robotics path decision theory. World J Eng. 2016;13:181–92.

	68.	 Zavlangas P, Tzafestas S, Althoefer K. Fuzzy obstacle avoidance and 
navigation for omnidirectional mobile robots. 2000. https://​doi.​org/​10.​
13140/2.​1.​4770.​8164.

	69.	 Martino-Saltzman D, Blasch BB, Morris RD, McNeal LW. Travel behavior 
of nursing home residents perceived as wanderers and nonwanderers. 
Gerontologist. 1991;31:666–72.

	70.	 Siebert FW, Klein J, Rötting M, Roesler E. The influence of distance and 
lateral offset of follow me robots on user perception. Front Rob AI. 
2020;7:74.

	71.	 Neary D, Snowden JS, Gustafson L, Passant U, Stuss D, Black S, et al. 
Frontotemporal lobar degeneration: a consensus on clinical diagnostic 
criteria. Neurology. 1998;51:1546–54.

	72.	 Yu S, Lian T, Guo P, Li L, Ding D, Li D, et al. Correlations of apathy with 
clinical symptoms of Alzheimer’s disease and olfactory dysfunctions: a 
cross-sectional study. BMC Neurol. 2020;20:416.

	73.	 Marin RS, Firinciogullari S, Biedrzycki RC. Group differences in the 
relationship between apathy and depression. J Nerv Mental Disease. 
1994;182:235–9.

	74.	 Volicer L, Frijters DHM, Van der Steen JT. Relationship between symptoms 
of depression and agitation in nursing home residents with dementia. Int 
J Geriatr Psychiatry. 2012;27:749–54.

	75.	 Inamura T, Shibata T, Sena H, Hashimoto T, Kawai N, Miyashita T, et al. 
Simulator platform that enables social interaction simulation — SIGVerse: 
SocioIntelliGenesis simulator. In: In: 2010 IEEE/SICE International Sympo‑
sium on System Integration. 2010. p. 212–7.

	76.	 Takahasi K. Iwateken Ni Oker Dentouteki Minka no Madori no Bunka 
Keito Hatten Katei Ni Tsuite no Shiron [A preliminary consideration on 
cultural system and development process of floor plan of the traditional 
houses in Iwate Prefecture]. Artes Liberales. 2016;97:1–16.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://doi.org/10.1590/1980-57642016dn11-020008
https://doi.org/10.13140/2.1.4770.8164
https://doi.org/10.13140/2.1.4770.8164

	Modeling and mobile home monitoring of behavioral and psychological symptoms of dementia (BPSD)
	Abstract 
	1 Introduction
	2 Methods
	2.1 System overview
	2.2 Construction of the PsyCo BPSD model results
	2.2.1 To select the factors
	2.2.2 To quantify the factors
	2.2.3 To determine the regularity of factor level range
	2.2.4 To generate the data for training the PsyCo BPSD model
	2.2.5 To acquire the model

	2.3 Construction of the BePhyEn BPSD model
	2.3.1 To select the behaviors, physiological states, and other factors for the model
	2.3.2 To discretize the manifestations
	2.3.3 To determine the regularity of manifestation level range
	2.3.4 To generate the data for training the BePhyEn BPSD model
	2.3.5 To compare the PsyCo BPSD model and BePhyEn BPSD model with and without HRV factor

	2.4 Elderly individual following algorithms

	3 Experiment settings
	3.1 BePhyEn BPSD model validation
	3.2 Target following algorithm evaluation
	3.2.1 To set the scenarios:
	3.2.2 To determine the maximum and minimum following distance:
	3.2.3 Four performance indexes:


	4 Results
	4.1 The results of three following algorithms
	4.2 The two PsyCo BPSD model and two BePhyEn BPSD models
	4.3 The validation of the models using the data generated following BPSD regularities
	4.4 The validation of BePhyEn BPSD model using the data acquired in virtual home environment

	5 Discussion
	5.1 BPSD model
	5.2 Virtual home environment experiment
	5.3 Contribution
	5.4 Limitations

	6 Conclusion
	Appendix
	Acknowledgements
	References


