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system , Ge rontech nology 2005; 4(4):209 -222. Ch ange s  in a pe rson’s  routine  of 

daily activitie s  can s ignal a ch ange  in h e alth . To support th e  grow ing e lde rly popu-

lation w h o want to age -in-place , te ch niq ue s  and algorith m s  h ave  be e n de ve lope d 

to build a syste m  th at m onitors  functional h e alth  in th e  h om e  e nvironm e nt. Th is  

h e alth  m onitoring syste m  h as  be e n de ve lope d w ith  m ach ine  vis ion and patte rn 

analys is  com pone nts  to track  th e  occupant, le arn h is/h e r patte rn of activity, and 

de te ct s ignificant de viations  th at could indicate  a ch ange  in h e alth  status. Th e  e f-

fe ctive ne s s  of th e  h e alth  m onitoring syste m  was  inve stigate d w ith  a pilot study 

capturing vide o footage  of a 28-day s im ulation including 21 days  of norm al activ-

ity and s e ve n days  of abnorm al sce narios. Th e  syste m  was  e ffe ctive  in le arning an 

occupant’s  patte rn of activity and de te cting de viations  th at w e re  indicative  of 

ch ange s  in th e  occupant’s  functional h e alth  status. O ve rall, th e  re s ults  indicate  

th at a h e alth  m onitoring syste m  could be  de ve lope d th at us e s  m ach ine  vis ion and 

bas ic artificial inte llige nce  w ith  prom is ing pote ntial to support aging-in-place .

K e yw ords : e m e rge ncy, h e alth  m onitoring, aging-in-place , com pute r vis ion

Providing support to olde r adults  w h o 
want to continue  to live  inde pe nde ntly 
in th e ir own h om e s  is  a grow ing social 
conce rn, e spe cially for th os e  w h o live  

alone , pe rh aps  in rural locations  w h e re  
im m e diate  as s istance  is  not re adily avail-
able 1,2. 
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To support aging-in-place , a varie ty of 
alarm  syste m s  h ave  be e n de ve lope d to 
provide  a m e ans  of s ignalling for h e lp 
w h e n a pe rson is  in a s ituation w h e re  
h is/h e r safe ty is  com prom is e d. Th e s e  
de vice s  usually h ave  a panic button and 
are  typically worn on th e  w rist or 
around th e  ne ck  as  a ne ck lace . Th e  
m ain proble m  w ith  th is  approach  is  th at 
as  m uch  as  27 to 40% of us e rs  do not 
w e ar th e  alarm  on a daily bas is , w h ich  
re nde rs  th e  syste m  ine ffe ctive  in th e  
e ve nt of an e m e rge ncy. Many us e rs  m ay 
be  h e s itant to us e  th e  syste m  and m ay 
not re cognis e  a s ituation w h e re  s/h e  is  
in dange r3. Additionally, us e rs  m ay be  
unable  to pus h  th e  button if th e y h ave  
lost consciousne s s  or som e h ow  be com e  
injure d. Finally, th e s e  syste m s  can only 
provide  ale rts  for acute  e ve nts  s uch  as  a 
fall or an injury. Th e y cannot de te ct 
gradual de cline s  in ove rall h e alth  status , 
both  ph ys ical and cognitive , w h ich  
would place  th e  inde pe nde nce  and w e ll-
be ing of an olde r adult at ris k . 

Studie s  h ave  s h own th at a de cline  in an 
olde r adult’s  ability to com ple te  activit-
ie s  of daily living (AD L) such  as  s e lf-care  
tas k s , is  a strong indicator of de clining 
h e alth  and m ay also indicate  an in-
cre as e d lik e lih ood of an e m e rge ncy s itu-
ation occurring4. Ch ange s  in sle e p pat-
te rns , fre q ue ncy of toile t us e , and 
m e dication us e  can be  us e d as  indicat-
ors  of ph ys ical and m e ntal h e alth  dis -
orde rs. D e cline s  m ay pre s e nt as  a re duc-
tion in th e  num be r of AD L com ple te d 
and/or an incre as e  in th e  duration of 
tim e  it tak e s  to com ple te  AD L5,6. In re -
spons e  to th e s e  and oth e r s im ilar find-
ings , th e re  h as  starte d to be  m ore  re -
s e arch  and h e alth  m onitoring/ 
e m e rge ncy re spons e  syste m s  be ing de -
ve lope d th at us e  th e s e  type s  of h e alth  in-
dicators. 

In orde r to inte rpre t th e  colle cte d data 
and de te rm ine  th e  status  of th e  us e r, re -
s e arch  in th is  are a h as  focus s e d on two 

prim ary are as : m e asuring and track ing 
activity le ve ls  and patte rn analys is . Pre vi-
ous  work  in th e  are a of m e asuring activ-
ity h as  include d th e  us e  of force -s e ns it-
ive  load tile s 7,8, touch  s e nsors  on 
furniture  and m agne tic sw itch e s  on 
doors 9 , th e  us e  of Radio Fre q ue ncy Ide n-
tification (RFID ) tags 10, and m otion 
s e nsors 11. Th e  us e  of m ore  soph istic-
ate d s e ns ing syste m s , s uch  as  com pute r 
vis ion, h as  be e n far m ore  lim ite d. Th e  
CAREMe dia group inve stigate d th e  us e  
of m ach ine  vis ion in a nurs ing facility to 
autom atically as s e s s  patie nt progre s s  
traditionally docum e nte d by staff obs e r-
vation re ports  of patie nt activity12. In-
ve stigations  in patte rn analys is  include  
H one yw e ll’s  ILSA proje ct, w h ich  ana-
lyz e d s e q ue ntial patte rns  of m otion 
s e nsor firings 13, th e  Sm artH ous e  pro-
je ct14, w h ich  cons ide re d be h avioural pat-
te rns  bas e d on th e  tim e  inte rval th at 
e ve nts  occurre d, and th e  MavH om e  pro-
je ct15, w h ich  look e d for de viation from  
patte rns  w ith  m is s ing e ve nts , e xtra 
e ve nts , or ch ange s  in re gularity.  

Th is  pape r de scribe s  pre lim inary work  
on a com pute r vis ion-bas e d h e alth  m on-
itoring syste m  to support olde r adults  
w h o w is h  to re m ain inde pe nde nt in 
th e ir own h om e s , w h ile  at th e  sam e  
tim e  providing a m e ans  to m onitor for 
s igns  of unusual activity th at m igh t in-
dicate  a de cline  in h e alth . It is  th ough t 
th at com pute r vis ion is  a m ore  e ffe ctive  
m e ans  of m e asuring and track ing activ-
ity, as  it can provide  a m uch  rich e r data 
s e t th an oth e r typically us e d s e nsors  
(e .g. m otion s e nsors). Th is  pape r w ill 
also pre s e nt a s im ple  patte rn analys is  al-
gorith m  th at aim s  to provide  care give rs  
w ith  ‘score s ’ of h ow  m uch  a pe rson’s  
patte rn of activity (and th us  le ve l of 
h e alth ) is  ch anging in com parison w ith  
norm al patte rns. Finally an ove rvie w  w ill 
be  pre s e nte d of an initial pilot study 
th at was  conducte d w ith  th e  ne w  proto-
type . 



A n  i n te lli g e n t e m e rg e n cy  re s p o n s e

211

M
a

r
c

h
 

2
0

0
6

,
 

V
o

l
 

4
,

 
N

o
 

4
w

w
w

.
g

e
r

o
n

t
e

c
h

j
o

u
r

n
a

l
.

n
e

t

Figure  1. D iagram  s h ow ing th e  proce ss of acquiring th e  im age  using a video cam e ra, 

ide ntifying th e  object to track , and storing and analysing data for adverse  events

18

O VERVIEW  O F TH E H EALTH  M O NITO RING 
SYSTEM

Th is  h e alth  m onitoring syste m  us e s  
le ve ls  of m obility and activity com ple -
tion as  its  prim ary m e asure s . As  pre vi-
ously de scribe d, th e s e  m e asure s  h ave  
s h own to be  indicative  of ove rall h e alth  
in olde r adults  and are  le s s  obtrus ive  
th an oth e r indicators  s uch  as  ph ys iologic-
al m e asure m e nts. Furth e rm ore , le ve ls  of 
activity can be  m ore  e as ily capture d 
us ing our propos e d m ach ine  vis ion and 
patte rn analys is  algorith m s  th an oth e r 
m e asure s , w h ich  in fact, m ay be  im -
pos s ible  to colle ct us ing th e s e  te ch -
niq ue s .  Th is  syste m  h as  two prim ary 
com pone nts : m ach ine  vis ion and pat-
te rn analys is . Th e  m ach ine  vis ion com -
pone nt track s  th e  location of an occu-
pant and cre ate s  a log e ntry w h e n an 
occupant is  pre s e nt in one  of th e  pre -
de fine d are as  of activity. Th e  patte rn ana-
lys is  com pone nt us e s  th e s e  e ve nt data 
to m ode l th e  occupant’s  activity and to 
calculate  a ‘score  of conform ance ’ to pre -
viously obs e rve d patte rns. Th e  score  is  
bas e d on two crite ria in e ach  activity 
z one : th e  tim e  of day th at e ve nts  h ave  oc-
curre d, and th e  fre q ue ncy of an e ve nt. 

Figure  1 illustrate s  th e  proce s s  us e d to 
capture  and analyz e  th e  data re q uire d 
to de te rm ine  th e  status  of th e  us e r. Th e  
Syste m  Inte rface  is  us e d to configure  
th e  syste m  by de fining th e  location of 
th e  activity z one s  in th e  e nvironm e nt 
and s e tting th re s h olds  (i.e . th e  acce pt-
able  am ount of de viation from  norm al 
patte rns) for notifying th e  care give r. In 
future  prototype s , th e s e  th re s h olds  
would be  initially de te rm ine d us ing e m -
pirical data and th e n be  autom atically 
adjuste d by th e  syste m  according to th e  
ne e ds  of e ach  individual us e r. Im age -
proce s s ing algorith m s  are  th e n applie d 
in th e  Im age  Extraction and Im age  Ana-
lys is  stage s  to track  th e  occupant’s  loca-
tion. W h e n th e  occupant e nte rs  a 
de fine d activity z one , th e  e ve nt inform a-
tion is  store d in th e  Eve nt Log of th e  
databas e  for subs e q ue nt analys is .

In th e  H e alth  As s e s sm e nt stage , probab-
ility m ode ls  are  de ve lope d for e ach  of 
th e  activity z one s  and are  autom atically 
calculate d and store d as  Eve nt Probabilit-
ie s . Spe cifically, two data s e ts  are  cre -
ate d us ing th e s e  data for e ach  day of 
th e  w e e k — one  th at de scribe s  th e  fre -
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q ue ncy w ith  w h ich  e ve nts  typically occur 
in a particular z one  ove r th e  cours e  of 
th e  day (Fre q ue ncy Probability) and one  
th at de scribe s  th e  tim e  of day diffe re nt 
e ve nts  typically occur (Pre s e nce  Probabil-
ity). Tak e n toge th e r, th e s e  two m e as -
ure s  m ay be  able  to ch aracte riz e  an occu-
pant’s  conform ance  to h is/h e r norm al 
patte rn of activity. Norm al us e r pe rform -
ance  would be  de te rm ine d by a training 
s e t of data th at would be  autom atically 
colle cte d for e ach  individual us e r at 
syste m  start-up. Th e  re q uire d le ngth  of 
th e s e  training pe riods  for e ach  pe rson is  
curre ntly unk nown, h ow e ve r, it is  e xpe c-
te d th at th re e  w e e k s  of data would suf-
fice . Eve ry 24 h ours  a score  of th is  con-
form ance  is  calculate d bas e d on th e  
colle cte d data and th e  pe rson’s  typical 
pe rform ance  of th e  sam e  activitie s  ove r 
th at tim e  pe riod. A care give r can th e n 
be  notifie d if th e  us e r’s  activity de viate s  
s ignificantly from  th e  norm al patte rn of 
activity discove re d during th e  syste m ’s  
training pe riod. 

M ACH INE VISIO N

Th e  m ach ine  vis ion com pone nt, includ-
ing th e  param e te rs  th at w ill be  de -
scribe d, is  built upon th e  autom ate d fall 
de te ction syste m  de s igne d by Le e  and Mi-
h ailidis 16. A ch arge  couple d de vice  
(CCD ) digital vide o cam e ra is  us e d to cap-
ture  im age s  from  th e  e nvironm e nt. It 
s h ould be  note d th at w h ile  a colour 
cam e ra is  us e d, th is  prototype  only us e s  
gre y-scale  im age s  during its  im age  pro-
ce s s ing. Th e  colour com pone nts  w ill be  
us e d in future  ve rs ions  to im prove  th e  ro-
bustne s s  of th e  syste m , for e xam ple  by 
us ing s k in colour as  an additional 
m ark e r for track ing th e  location of a 
pe rson. A Matrox Me te or IITM fram e  grab-
be r card is  us e d to capture  individual 
vide o fram e s , and th e  Active  Matrox Im a-
ging Library (Active MIL) software  is  us e d 
for im age  proce s s ing.  To ide ntify and 
track  th e  occupant, th e  m ach ine  vis ion 
com pone nt us e s  an adaptive  back -
ground subtraction algorith m  (BGS) to 

s e parate  th e  back ground (e xtrane ous  e n-
vironm e nt) from  th e  fore ground (re gion 
or obje ct of inte re st), s im ilar to th e  
Pfinde r algorith m 17. Im age  s e gm e nta-
tion is  ach ie ve d by com paring th e  gre y-
scale  value  of e ach  pixe l in th e  initial 
im age  of th e  e nvironm e nt w ith  th e  cur-
re nt im age . D iffe re nce s  be tw e e n pixe l 
gre yscale  value s  th at are  above  a s e t 
th re s h old are  ide ntifie d as  part of th e  
obje ct of inte re st and e xtracte d. Th e  re s -
ulting e xtracte d im age  is  th e n pro-
ce s s e d us ing a conne ctive -com pone nt la-
be lling te ch niq ue 18 w ith  th e  e nd product 
be ing a ‘blob’ or s ilh oue tte  of th e  occu-
pant. Figure  2 s h ow s  h ow  th e  applica-
tion of succe s s ive  algorith m s  is  applie d. 
Th e  gre yscale  pixe l value s  (ranging 
from  a value  of 0 to 255) of th e  cap-
ture d im age  (B) are  s ubtracte d from  
pixe ls  of th e  back ground im age  (A). 
Pixe ls  e xce e ding th e  th re s h old are  re -
place d by w h ite  pixe ls , re sulting in 
im age  (C). A th re s h old value  diffe re nce  
of 60 pixe ls  was  found to be  optim al for 
th e  com m on fluore sce nt ligh ting condi-
tions  unde r w h ich  th e  curre nt syste m  
was  te ste d.  Th e  conne cte d-com pone nt-
labe lling algorith m  is  also applie d in (C) 
to group pixe ls  adjace nt to e ach  oth e r. 
A low -pas s  filte r is  applie d to re m ove  
Gaus s ian nois e , and also re m ove  blobs  
w ith  are as  le s s  th an a m inim um  blob 
s iz e  to produce  th e  im age  (D ). Th e  m in-
im um  blob s iz e  us e d was  300 pixe ls , 
w h ich  was  de te rm ine d e m pirically us ing 
subje cts  of various  h e igh ts  and s iz e s  
during prototype  de ve lopm e nt.

Th e  co-ordinate s  of th e  ge om e trical 
ce ntre  of th is  blob are  calculate d and 
track e d as  th e  occupant m ove s  
th rough out th e  e nvironm e nt. D uring 
syste m  initializ ation, th e  Syste m  Inte r-
face  is  us e d to de fine  re gions  in th e  cam -
e ras  fie ld of vie w  as  activity z one s , s uch  
as  th e  be d and th e  toile t. Figure  3 
s h ow s  a snaps h ot of a Syste m  Inte rface  
w ith  activity z one s  de fine d.
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W h e n an occupant e nte rs  a z one , corre s -
ponding e ve nts  are  logge d to a Mi-
crosoft Acce s s TM databas e , as  de scribe d 
in de tail in th e  s e ction ‘Patte rn Mode l-
ling and Analys is ’. For th is  prototype , 
e ve nts  th at occurre d w ith  duration of 
one  s e cond or le s s  w e re  ignore d as  it 
was  as sum e d th at th e  pe rson was  just 
walk ing th rough  th e  z one . If th e  occu-
pant is  de te cte d in anoth e r activity z one  
outs ide  of th e  curre ntly active  activity 
z one , th e  pre vious  e ve nt inform ation is  
logge d to th e  databas e , and th e  tim e r 
and e ve nt inform ation is  re s e t for th e  
curre nt e ve nt. 

Patte rn m ode lling and analys is
Two s e ts  of probabilitie s  are  calculate d 
by proce s s ing th e  e ve nt inform ation cap-
ture d by th e  m ach ine  vis ion com pone nt 
and store d in th e  databas e : th e  probabil-
ity of th e  pe rson e nte ring a spe cific 
z one  a ce rtain num be r of tim e s  on a 
give n day of th e  w e e k  (fre q ue ncy prob-
ability), and th e  probabilitie s  th at a 
pe rson is  pre s e nt in a spe cific z one , at a 

Figure  2. Application of back ground 

subtraction, connected com ponent 

labelling, and filters to captured video 

fram e s; A: O riginal back ground im age , 

B: Captured im age  w ith  th e  occupant, 

C: Application of back ground 

substraction, D : Application of low -pass 

Gaussian noise  filter, and blob-area 

filters

Figure  3. System  Inte rface  s h ow ing th e  digital cam e ra’s field of vie w  and define d 

activity z one s
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spe cific tim e  inte rval of th e  day, on a 
give n day of th e  w e e k  (pre s e nce  probabil-
ity).

Th e  fre q ue ncy probability is  curre ntly cal-
culate d e ve ry 24 h ours. Th is  inte rval can 
be  m odifie d as  is  appropriate . Th e  Fre -
q ue ncy Probability (FP) is  calculate d 
us ing th e  follow ing data: Z one  Num be r, 
D ay of th e  W e e k , Eve nts  in Z one , and 
Num be r of Cas e s . Th e  Z one  Num be r is  
th e  num be r as s igne d by th e  m ach ine  
vis ion com pone nt for a de fine d activity 
z one , th e  D ay of th e  W e e k  h as  a num e r-
ic value  from  Sunday(0) th rough  Sat-
urday(6), and th e  Eve nts  in Z one  is  a 
count of h ow  m any tim e s  th e  pe rson 
e nte re d a spe cific z one  ove r a 24-h our in-
te rval. Num be r of Cas e s  re pre s e nts  th e  
num be r of tim e s  th e  Eve nts  in Z one  
value  h as  occurre d for th e  sam e  day of 
th e  w e e k  for a spe cific z one . To calcu-
late  th e  Fre q ue ncy Probability, th e  
syste m  first calculate s  th e  s um  of all th e  
Num be r of Cas e s  value s  for a spe cific 
day of th e  w e e k . Th is  s um  re pre s e nts  
th e  total num be r of tim e s  th e  syste m  
h as  obs e rvation data for th is  z one  on 
th is  day to give  th e  Total Num be r of 
Cas e s . Th e  Num be r of Cas e s  for e ach  
z one  for th e  sam e  day of th e  w e e k  are  
th e n divide d by th e  Total Num be r of 
Cas e s  to give  th e  Fre q ue ncy Probability 
(FP), as  s h own in Eq uation 1:

Th e  Pre s e nce  Probability (PP) is  calcu-
late d from  th e  follow ing data: Z one  
Num be r, D ay of th e  W e e k , Num be r of 
Cas e s , and Tim e  Inte rval. Z one  Num be r, 
D ay of th e  W e e k , and Num be r of Cas e s  
corre spond to th e  sam e  value s  us e d to 
calculate  FP, as  de scribe d above . Tim e  In-
te rval curre ntly h as  a value  of 0 to 23 
re pre s e nting e ach  h our inte rval in th e  
day, h ow e ve r, th is  inte rval can be  m odi-
fie d as  ne e de d. Th e  Pre s e nce  Probability 
is  calculate d by dividing th e  num be r of 

tim e s  th e  occupant h as  be e n pre s e nt in 
a particular z one  on a spe cific day of 
th e  w e e k  during th e  sam e  Tim e  Inte rval 
by th e  Num be r of Cas e s  (re pre s e nting 
th e  num be r of tim e s  th is  tim e  inte rval 
on th is  day of th e  w e e k  h as  be e n re cor-
de d).  Th e  follow ing is  pe rform e d e ve ry 
tim e  an e ve nt is  re corde d . Th e  data are  
q ue rie d for th e  Num be r of Cas e s  for th e  
corre sponding Z one  Num be r and day of 
th e  w e e k  for th e  e ve nt. Th e  Pre s e nce  
Probability (PPn) is  calculate d us ing Eq ua-
tion 2:

Th e  curre nt Pre s e nce  Probability (PPn) is  
calculate d by m ultiplying th e  pre vious  
Pre s e nce  Probability (PPn-1) by th e  
Num be r of Cas e s  (giving th e  total re cor-
de d num be r of e ve nts  in th is  z one  and 
on day of th e  w e e k  until today), plus  
one  (for th e  curre nt e ve nt in th is  z one ). 
Th is  is  divide d by all of th e  days  th e  
syste m  h as  re corde d (w h e th e r th e  occu-
pant was  in th e  z one  or not) including 
th e  curre nt day. Th e  pre s e nce  probabil-
ity is  also update d for e ach  of th e  s ub-
s e q ue nt tim e  inte rvals  th at span th e  
e ve nt duration.

Th e  activity z one  score  re pre s e nts  th e  
lik e lih ood of both  th e  pre s e nce  and fre -
q ue ncy patte rns  occurring toge th e r ove r 
th e  obs e rve d 24-h our pe riod and is  cal-
culate d by Eq uation 3:

P(A) is  th e  product of th e  Pre s e nce  Prob-
abilitie s  of all th e  tim e  inte rvals  (t0, t1, 
…, tn) for th e  z one  of inte re st on a spe -
cific day of th e  w e e k . Th is  calculation 
can be  re pre s e nte d by Eq uation 4:

P(B) is  th e  Fre q ue ncy Probability value  
for th e  z one  of inte re st on th e  sam e  day 
of th e  w e e k ; nam e ly P(B) = FP.  It s h ould 

FP = 
Num be r of Cas e s

Total Num be r of Cas e s
(1)

PPn = 
[(PPn-1 * Num be r of Cas e s ) +  1]

Num be r of Cas e s  +  1

(1)

(2)

P(A  B) = P(A) * P(B)

P(A)  = P(t0  t1  ...  tn) =
PP0 * PP1 * ... * PPn

(4)

(3)
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be  note d th at at th is  stage  of work  Eq ua-
tion 3 as sum e s  th at e ve nts  A and B are  
m utually e xclus ive , w h ich  m ay not be  
valid at all tim e s. H ow e ve r, it is  fe lt th at 
th is  as sum ption is  valid at th is  tim e  in 
orde r to be gin to e xplore  one  pote ntial 
m e th od for look ing at conform ance  in 
activity le ve ls. Future  work  w ill focus  on 
a m ore  valid calculation. 

Th e  curre nt m ode l doe s  not tak e  into ac-
count standard de viation in th e  colle c-
te d data. For th is  prototype  acce ptable  
variability in data is  de alt w ith  th rough  
an inte rpolation calculation pe rform e d 
on th e  data. Spe cifically, th e  Pie ce w is e  
Cubic H e rm ite  Inte rpolating Polynom ial 
(PCH IP) inte rpolation MatLab function19  
is  us e d to e stim ate  ne w  probabilitie s . 

Th is  inte rpolation only occurs  on ini-
tially calculate d probabilitie s  th at are  
be low  50 pe rce nt (an arbitrary th re s h old 
us e d for th is  initial inve stigation). Th is  
is  ne ce s sary as  th e re  are  cas e s , e spe -
cially during th e  initial training pe riod of 
th e  syste m , w h e re  th e  calculate d probab-
ilitie s  are  ve ry low  be caus e  an unob-
s e rve d ‘norm al’ e ve nt h as  occurre d.  For 
e xam ple , if an occupant always  sle e ps  
in th e  23:00-23:59  tim e  inte rval, but on 
one  occas ion sle e ps  at 22:58, th e  
syste m  h as  not obs e rve d a be d e ve nt in 
th e  22:00-22:59  tim e  inte rval pre viously 
and w ill re port a low  probability. It is  
planne d to include  standard de viation in 
addition to th e  inte rpolation in th e  ne xt 
ve rs ion of th e  syste m .

Table  1. Norm al and Abnorm al Activity for Sam ple  Calculation of D ay 3 (W e dne sday); 

Th e  abnorm al activity consists of an increase d fre quency of toileting th rough out th e  

day

Start
Tim e

0:00

7:05

7:15

7:30

8:00

8:15

12:37

12:45

14:00

15:02

15:15

17:20

17:35

20:00

22:17

22:30

22:40

Activity
Z one

Be d

Toile t

Sink

Sh ow e r

Close t

ABSENT

Toile t, Sink

ABSENT

Be d

Toile t, Sink

Ch air

Toile t, Sink

ABSENT

Ch air

Toile t, Sink

Clos e t

Be d

Activity
D uration (h ours )

Sle e ping (7:05)

Morning groom ing (0:10) 

(0:15)

(0:30)

D re s s  (0:15)

Bre ak fast and le ave  h om e

(4:22)

Com e  h om e  for lunch  (0:08)

Lunch  and out of h om e  (1:15)

Afte rnoon nap (1:02)

(0:13)

W atch  TV (2:05)

Pre pare  for dinne r (0:15)

Pre pare  and e at dinne r (2:25)

W atch  TV (2:17)

Pre pare  for sle e p (0:13)

Ch ange  (0:10)

Sle e p (7:00)

Start
Tim e

0:00

7:01

7:15

7:30

8:00

8:15

12:08

12:15

14:00

15:20

15:45

16:05

17:12

17:15

20:00

20:30

20:45

21:15

21:45

22:06

22:30

22:40

23:01

23:15

Activity
Z one

Be d

Toile t

Sink

Sh ow e r

Close t

ABSENT

Toile t, Sink

ABSENT

Be d

Ch air

Toile t

Ch air

Toile t, Sink

ABSENT

Ch air

Toile t, Sink

Ch air

Toile t, Sink

Ch air

Toile t, Sink

Clos e t

Be d

Toile t, Sink

Be d

Activity
D uration (h ours )

Sle e ping (7:01)

Morning groom ing (0:14)

(0:15)

(0:30)

D re s s  (0:15)

Bre ak fast and le ave  h om e  

(3:53)

Com e  h om e  for lunch  (0:07)

Lunch  and out of h om e  (1:45)

Afte rnoon nap (1:20)

W atch  TV (0:25)

Ab norm al #1 (0:20)

W atch  TV (1:07)

Pre pare  for dinne r (0:03)

Pre pare  and e at dinne r (2:45)

W atch  TV (0:30)

Ab norm al #2 (0:15)

W atch  TV (0:45)

Ab norm al #3 (0:30)

W atch  TV (0:21)

Pre pare  for sle e p (0:24)

Ch ange  (0:10)

Sle e p (0:21)

Ab norm al #4 (0:14)

Sle e p (7:00)

Norm al Activity Ab norm al Activity
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Th e  follow ing e xam ple s  illustrate  h ow  
th e  scoring is  us e d to indicate  conform -
ance  or de viation from  an occupant’s  
norm al patte rn of activity. Table  1 
s h ow s  a sam ple  of a norm al and an ab-
norm al activity day. As sum e  th e  Patte rn 
Analys is  com pone nt h as  include d th e  
e ve nts  of th e  day and update d th e  pre s -
e nce  and fre q ue ncy table s  for th e  Toile t 
activity z one  for th is  day of th e  w e e k  as  
s h own in Table s  2 and 3, re spe ctive ly. 

O n th e  norm al day, th e  occupant 
e nte re d th e  toile t z one  during th e  follow -
ing tim e s : 7:05, 12:37, 15:02, 17:20, 
and 22:17. Th e  corre sponding tim e  in-
te rvals  and probabilitie s  (s h own in brack -
e ts) tak e n from  th e  pre s e nce  table  are  
th e  follow ing: 7:00 (0.9 5), 12:00 (1.0), 
15:00 (0.8), 17:00 (1.0), and 22:00 
(1.0). Th e  1.0 value  (100%) at 12:00 and 
17:00 indicate s  th at th e  occupant h as  
be e n obs e rve d in th e  toile t activity z one  
in th os e  tim e  inte rvals  e ve ry W e dne sday 
in th e  pre viously obs e rve d h istory. Th e  
product of th e  pre s e nce  probability P(A) 
for th e  toile t activity z one s  is  calculate d 
from  Eq uation 4 as  follow s :

From  Table  3, th e  Fre q ue ncy Probability 
of five  e ve nts  occurring in th e  toile t 
activity z one  on a W e dne sday is  0.75. 
Th e  Activity Z one  Score  for th e  toile t 
activity z one  is  calculate d from  Eq uation 
3 as  follow s :

From  th e  data capture d during th e  pilot 
study, s ignificant de viations  from  an oc-
cupant’s  norm al patte rn of activity w e re  
s h own to drop th e  activity z one  score  
be low  0.10, nam e ly activity z one  score s  

Table  2. Pre se nce  Table  for Sam ple  

Calculation; Z one  nam e  = Toilet; Z one  

num be r = 4; D ay of th e  W e e k  = 3

Tim e  Inte rval
0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Pre s e nce  Prob ab ility
0

0

0

0

0

0

0.5

0.9 5

0

0

0

0

1

0

0

0.8

0.43

1.0

0

0

0.25

0.25

1

0.25

Table  3. Fre quency Table  for Sam ple  

Calculation; Z one  nam e  = Toilet; Z one  

num be r = 4; D ay of th e  W e e k  = 3

Num b e r 
of Eve nts

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Num b e r 
of Cas e s

0
0
0
0
0
3
0
0
0
1
0
0
0
0
0
0

Fre q ue ncy 
Prob ab ility

0
0
0
0
0

0.75
0
0
0

0.25
0
0
0
0
0
0

P(A) = P(t1  t2  t3  ...  tn)
= P(t1) * P(t2) * P(t3) * ... * P(tn)
= P(7:00) * P(12:00) * P(15:00) *
P(17:00) * P(22:00)
= (0.9 5) * (1.0) * (0.8) * (1.0) * (1.0)
= 0.76

P(A  B) = P(A) * P(B)
= 0.76 * 0.75
= 0.57
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be low  th is  th re s h old would be  a caus e  
for conce rn. Th e re fore , in th is  study th e  
0.57 score  is  w e ll above  0.10 and th e  oc-
cupant’s  patte rns  of activity in th e  toile t 
z one  are  cons ide re d to be  ‘norm al’.

O n th e  day of abnorm al activity, th e  occu-
pant e nte re d th e  toile t z one  at th e  follow -
ing tim e s : 7:01, 12:08, 15:45, 16:35, 
17:12, 20:30, 21:15, 22:06, and 23:01. 
Th e  corre sponding tim e  inte rvals  and 
probabilitie s  (s h own in brack e ts) tak e n 
from  th e  pre s e nce  table  are  th e  follow -
ing: 7:00 (0.9 5), 12:00 (1.0), 15:00 
(0.8), 16:00 (0.43), 17:00 (1.0), 20:00 
(0.25), 21:00 (0.25), 22:00 (1.0) and 
23:00 (0.25). If an e ve nt h ad a duration 
th at stre tch e d into subs e q ue nt tim e  inte r-
vals , e ach  s ubs e q ue nt tim e  inte rval’s  
pre s e nce  probability would also be  in-
clude d in th e  calculation. Th e  toile t 
e ve nt at 15:45 stre tch e d to 16:05, th e re -
fore  it was  logge d in both  th e  15:00 and 
16:00 tim e  inte rvals. 

Th e  product of th e  pre s e nce  probability 
P(A) for th e  toile t activity z one s  is  as  fol-
low s :

Again, th e  activity z one  score  is  calcu-
late d as  th e  product of th e  pre s e nce  
probabilitie s  P(A) m ultiplie d by th e  fre -
q ue ncy probability P(B). In th is  cas e  P(B), 
th e  probability of 9  e ve nts  occurring in 
th e  toile t activity z one  on a W e dne sday 
tak e n from  th e  fre q ue ncy table  is  0.25. 
Th e  Activity Z one  Score  for th e  toile t 
activity z one  is  calculate d as  follow s :

Th e  low  activity z one  score  of 0.0013 

was  th e  re s ult of both  th e  low  pre s e nce  
probabilitie s  and a low  fre q ue ncy prob-
ability. Th is  score  is  w e ll be low  th e  0.10 
th re s h old for conce rn and indicate s  a de -
viation from  th e  occupant’s  activity pat-
te rn in th e  toile t activity z one .

PILO T STUD Y

A sm all pilot study was  conducte d to 
te st both  th e  m ach ine  vis ion and th e  pat-
te rn analys is  com pone nts  of th e  syste m . 
A be droom  and bath room  w e re  construc-
te d for s im ulation and th e  re s e arch e r, 
acting as  th e  occupant, s im ulate d 21-
days  of norm al activity and s e ve n days  
of abnorm al activity. For th e  study, th e  
follow ing activity z one s  w e re  m onitore d: 
be d, clos e t, toile t, s ink , s h ow e r, and a 
ch air.

Study s e t-up
An ove rh e ad Sony Exwave  H AD  SSC-D C-
39 3 colour vide o cam e ra, w ith  a Cosm i-
car/Pe ntax 3.5–8m m  w ide  ‘fis h -e ye ’ le ns  
was  us e d to re cord vide o of th e  pilot 
study to a VCR. Figure  4 s h ow s  th e  
cam e ra vie w  of th e  pilot study sce ne . 
Vide o of th e  pilot study was  us e d to 
com pare  and validate  th e  re s ults  of th e  
h e alth  m onitoring syste m ’s  analys is . 

A script containing tim e -spe cific e ve nts  
was  cre ate d to s im ulate  both  norm al 
and abnorm al occupant activity. For th e  

P(A) = P(t1  t2  t3  ...  tn)
= P(t1) * P(t2) * P(t3) * ... * P(tn)
= P(7:00) * P(12:00) * P(15:00) *
P(16:00) * P(17:00) * P(20:00) *
P(21:00) * P(22:00) * P(23:00)
= (0.9 5) * (1.0) * (0.8) * (0.43) *
(1.0) * (0.25) * (0.25) * (1.0) * (0.25)
= 0.0051

P(A  B) = P(A) * P(B)
= 0.0051 * 0.25
= 0.0013

Figure  4. Cam e ra vie w  of pilot study 

scene . Th e  follow ing activity z one s w e re  

use d in th is  study; A: Sink , B: Toilet, C: 

Sh ow e r, D : Ch air, E: Be d, F: Closet
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training pe riod of norm al activity, a 
script re pre s e nting e ach  of th e  s e ve n 
days  of th e  w e e k  was  re pe ate d th re e  
tim e s , w ith  sligh t variations  in tim ing to 
s im ulate  th e  norm al variation in an occu-
pant’s  activity. Sim ulate d activitie s  on ab-
norm al days  include d ge tting out of be d 
in th e  m iddle  of th e  nigh t and pacing, 
going to th e  bath room  s e ve ral tim e s  
th rough out th e  nigh t, and de cre as e s  in 
ge ne ral activity. Sam ple  scripts  for both  
norm al and abnorm al activity are  s im ilar 
to th e  data pre s e nte d in Table  1. Five -
h undre d e ve nts  w e re  s im ulate d for th e  
pilot study (369  norm al and 131 abnor-
m al e ve nts).

D uring th e  re cording of th e  sce narios , 
th e  duration of activity th at would nor-
m ally tak e  place  ove r an h our was  com -
pre s s e d into one  m inute  inte rvals. Th is  
e nable d th e  activity of a 24-h our day to 
be  s im ulate d in 24 m inute s  and allow e d 
th e  re s e arch e r to s im ulate  28 days  of 
data ove r th e  space  of two days. A re -
s e arch  as s istant (RA) was  pos itione d out-
s ide  of th e  cam e ra sce ne . H e  was  
e q uippe d w ith  th e  scripts , a stopwatch , 
th e  VCR, and a com pute r m onitor to ob-
s e rve  th e  vide o fe e d. Th e  RA was  give n 
instructions  to te ll th e  re s e arch e r w h e n 
and w h e re  to m ove  in th e  sce ne . Al-
th ough  th e  RA was  as k e d to us e  th e  
script as  a guide line , h e  was  also e ncour-
age d to vary th e  tim e s  to s im ulate  th e  
norm al variability of an occupant’s  
living patte rn on a typical day. 

Pilot Study Re s ults
Th e  data obtaine d during th e  pilot study 
w e re  us e d to as s e s s  th e  e fficacy of th e  
m ach ine  vis ion and th e  patte rn analys is  
com pone nts , as  w e ll as  to as s e s s  lim ita-
tions  and find opportunitie s  for future  
work . 

Afte r th e  vide o was  proce s s e d and th e  
tim e stam ps  translate d, th e  e ve nts  
logge d by th e  m ach ine  vis ion com pon-
e nt w e re  ve rifie d against th e  vide o, 

w h ich  acte d as  th e  ground truth . A re -
s e arch  as s istant, w h o was  not involve d 
in th e  re coding of th e  trial, com pare d 
th e  logge d data to th e  vide o of th e  trial. 
At th is  stage  of work  only a s ingle  rate r 
was  us e d. O f th e  500 s im ulate d e ve nts , 
th e  m ach ine  vis ion com pone nt accur-
ate ly ide ntifie d 476 e ve nts  (9 5.2%), cap-
turing 348 (9 4.3%) of th e  norm al e ve nts  
and 128 (9 7.7%) of th e  abnorm al e ve nts. 
Errors  during th is  e ve nt include d 24 
false  ne gative s  (th e  syste m  did not cap-
ture  e ve nts  th at w e re  re corde d on 
vide o), s ix false  pos itive s  (th e  syste m  
logge d e ve nts  th at did not corre spond 
to th e  vide o), and four false  e xtras  (th e  
syste m  re corde d s e ve ral cons e cutive  
e ve nts  in a z one  th at s h ould h ave  be e n 
re pre s e nte d w ith  a s ingle  e ve nt). Th e  
Patte rn Analys is  com pone nt analyz e d 
th e  data capture d from  th e  m ach ine  
vis ion com pone nt and ge ne rate d indi-
vidual activity z one  score s  and an ove r-
all score  for e ach  day. 

Individual activity z one  score s  w e re  ave r-
age d ove r e ach  w e e k  and pre s e nte d 
graph ically in Figure  5. Th e  first w e e k  
s h ow e d 100% conform ance  in e ach  
z one . Th is  is  to be  e xpe cte d as  th e  
m ode l ge ne rate d for th e  first w e e k  is  
bas e d on a s ingle  s e t of data. W e e k s  
two and th re e  s h ow e d re ductions  in con-
form ance  be caus e  of norm al variations  

Figure  5. Graph ical repre se ntation of 

th e  patte rn analysis com ponent pilot 

study re sults. Th e  first th re e  w e e k s  

s h ow  training data, and th e  fourth  

w e e k  s h ow s score s from  abnorm al 

activity (w e e k ly average s)



A n  i n te lli g e n t e m e rg e n cy  re s p o n s e

219

M
a

r
c

h
 

2
0

0
6

,
 

V
o

l
 

4
,

 
N

o
 

4
w

w
w

.
g

e
r

o
n

t
e

c
h

j
o

u
r

n
a

l
.

n
e

t

in th e  occupant’s  activity. W e e k  four 
s h ow e d a gre ate r de cre as e  in conform -
ance  in e ach  activity z one , indicating s ig-
nificant de viations  from  th e  occupant’s  
patte rn of activity. 

D ISCUSSIO N

O ve rall, th e  m ach ine  vis ion’s  h igh  cap-
ture  rate  of e ve nts  (9 5.2%) and its  ability 
to ge ne rate  score s  th at distinguis h e d 
be tw e e n norm al and abnorm al activity 
in th e  pilot study are  pos itive  outcom e s. 
W h ile  th e  num be r of false  pos itive s , 
false  ne gative s , and false  e xtras  w e re  
gre ate r th an anticipate d, th e  m ach ine  
vis ion syste m  still pe rform e d w e ll.

Som e  of th e  capture  proble m s  can be  at-
tribute d to an unusual flick e r of one  of 
th e  fluore sce nt ligh ts  in th e  pilot study 
e nvironm e nt. Th e  vis ion syste m  was  de -
s igne d to track  th e  large st fore ground 
obje ct and th e  occas ional m om e ntary 
flick e r would cre ate  a blob (from  th e  re -
fle ction of th e  ligh t on th e  s h iny surface  
of th e  floor) th at was  large r th an th e  oc-
cupant, w h ich  was  th e n track e d in e rror. 
False  e xtras  w e re  som e tim e s  cre ate d 
w h e n th e  activity z one  was  too sm all. In 
th e s e  cas e s , th e  ce ntre  of th e  occu-
pant’s  blob appe are d on th e  borde r or 
just outs ide  th e  de fine d activity z one  
and was  m is inte rpre te d by th e  syste m  
as  th e  occupant le aving and re -e nte ring 
th e  z one . Som e  of th e  false  ne gative s  
w e re  due  to th e  uniq ue  prope rtie s  of th e  
be d and th e  blank e t. For e xam ple , w h e n 
th e  occupant awok e  and pus h e d th e  
blank e t as ide , th e  diffe re nce  in gre y-
scale  value s  be tw e e n th e  blank e t and 
th e  be d s h e e t cre ate d a blob w ith  an 
are a gre ate r th an th e  s iz e  of th e  occu-
pant. In re al-tim e  s im ulations  th e  adapt-
ive  back ground subtraction algorith m s  
would ble nd th e  non-m oving be d s h e e t 
into th e  back ground. H ow e ve r, th e  acce l-
e rate d pace  at w h ich  th e  trial took  place  
did not le ave  e nough  tim e .

Th is  work  h as  h e lpe d to ide ntify som e  

of th e  advantage s  and lim itations  of 
us ing m ach ine  vis ion in th is  application 
as  oppos e d to oth e r s e ns ing m e th ods  
s uch  as  m otion s e nsors  and e nviron-
m e ntal sw itch e s . In particular, som e  of 
th e  prim ary stre ngth s  of us ing com -
pute r vis ion are  th at it provide s  a rich e r 
data s e t th at can be  us e d in oth e r applic-
ations , it re q uire s  le s s  h ardware  to be  
us e d and installe d w ith in a h om e , it can 
be  m ore  e as ily adapte d to ch ange s  
w ith in th e  e nvironm e nt (e .g. ch ange  in 
furniture  configuration), and it can be  
us e d for incre as e d s e curity fe ature s , 
s uch  as  ide ntifying us e rs. Som e  of th e  
prim ary lim itations  include  th at it h as  
pote ntial privacy is s ue s , e spe cially if 
im age s  ne e d to be  re corde d and trans -
m itte d (w h ich  is  curre ntly not th e  cas e  
in our syste m ), th e  le ad tim e  is  gre ate r 
s ince  m ore  advance d and soph isticate d 
algorith m s  ne e d to be  de ve lope d, and, 
at le ast at th is  stage  of our work , it only 
give s  inform ation about th e  com ple tion 
of activitie s  at a gros s  le ve l— i.e . not 
track ing th e  fine r de tails  of tas k  com ple -
tion.

In th e  graph ical re pre s e ntation of th e  
patte rn analys is  re s ults  (Figure  5), w e e k  
one  s h ow s  100% conform ance  to th e  oc-
cupant’s  patte rn of activity. Th is  is  e x-
pe cte d, as  th e  e ve nt data s e t logge d 
during th at w e e k  is  th e  only s e t of data 
of th e  patte rn analys is  com pone nt th at 
h as  to ge ne rate  a m ode l. Th e  s e cond 
and th ird w e e k  of th e  training pe riod 
s h ow  m ore  variance  as  e ve nts  from  
w e e k  to w e e k  m ay h ave  occurre d in dif-
fe re nt tim e  inte rvals  (for instance , if an 
e ve nt occurre d at 09 :59  in th e  first 
w e e k , and 10:02 in th e  s e cond w e e k , 
th e  pre s e nce  probability would be  50% 
in both  th e  09 :00 and 10:00 tim e  inte r-
vals  for th at z one  on th at day). Low  
probabilitie s  in th e  s e cond and th ird 
w e e k  m ay also be  attribute d to e rrors  in 
th e  patte rn analys is  m ode ls  cre ate d by 
incorre ct m ach ine  vis ion e ve nt capture s  
(false  pos itive s , false  ne gative s , and 
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false  e xtras) as  m e ntione d in th e  m a-
ch ine  vis ion re sults  above . W ith  a longe r 
training pe riod and a gre ate r num be r of 
obs e rvations  (i.e . logge d e ve nts), th e  
m ode l would m ore  accurate ly re pre s e nt 
th e  occupant’s  patte rn of activity and be  
m ore  robust.

Th e  fourth  w e e k , w h ich  s im ulate d abnor-
m al activity, s h ow e d gre ate r de viations  
from  th e  occupant’s  norm al patte rns  of 
living in th e  form  of dram atic drops  in 
activity z one  score s. Afte r re vie w ing th e  
data, and analyz ing th e  caus e s  be h ind 
low  score s , s ignificant de viations  from  
norm al patte rns  of activity th at w e re  
note d as  caus e  for conce rn w e re  th os e  
w ith  activity z one  score s  be low  0.01, 
and ove rall score s  of le s s  th an 0.0001. 
Again, it s h ould be  note d th at th e s e  
th re s h old score s  w e re  bas e d sole ly on 
obs e rvations  and data colle cte d during 
th e s e  trials , and th us , m ay ne e d to be  ad-
juste d during future  trials.  It is  prob-
able  th at th e  m agnitude  of score s  th at 
are  ide ntifie d as  pos s ible  caus e  for con-
ce rn w ill vary de pe nding on th e  re gular-
ity of th e  individual’s  norm al activity 
routine , h is/h e r h e alth  ne e ds , and pos -
s ibly e ve n spe cific activitie s . O ve rall, th e  
patte rn analys is  com pone nt pe rform e d 
w e ll in le arning th e  patte rns  of activity 
of th e  occupant in th e  trial, building 
probability table s  to de scribe  h is  activ-
ity, and de te cting s ignificant de viations  
in patte rns  during th e  abnorm al activity 
sce narios  of th e  trial. H ow e ve r, th e s e  pre -
lim inary data also s h ow  th at m ore  train-
ing data (i.e . m ore  th an 21 days) are  re -
q uire d to build a m ore  functional 
m ode l. A m e th od for ide ntifying w h e n 
e nough  training data h as  be e n gath e re d 
for an individual ne e ds  to be  de te rm -
ine d th rough  m ore  in-de pth  trials.

Th e  goal at th is  stage  of work  was  to de -
te rm ine  th e  initial e fficacy of th e  m a-
ch ine  vis ion and patte rn analys is  com -
pone nts  de ve lope d for th e  h e alth  
m onitoring syste m . W ith  th is  in m ind, 

conditions  w e re  optim al for th e s e  trials. 
For e xam ple , only one  s ubje ct was  in 
th e  room  th rough out th e  study, no 
oth e r m oving obje cts  s uch  as  pe ts  or 
m obility aids  w e re  introduce d, and no 
furniture  was  m ove d outs ide  of its  as so-
ciate d activity z one . Th e  m ock -up be d-
room /bath room  h ad no outs ide  w in-
dow s , th e re fore  e ffe cts  of outdoor 
ligh ting or oth e r e nvironm e ntal factors  
w e re  not te ste d. Th e  syste m  m ust e ve n-
tually be  able  to ide ntify and track  m ul-
tiple  m oving obje cts , as  w e ll as  be ing 
able  to autom atically re de fine  activity 
z one s  w h e n ite m s  s uch  as  furniture  are  
m ove d. Incorporating colour-bas e d 
track ing is  one  m e th od th at could solve  
m any of th e s e  proble m s , as  colour data 
can be  us e d to ide ntify and track  ob-
je cts  m uch  m ore  e as ily. Th e  syste m  was  
only te ste d so far w ith  one  cam e ra, 
h ow e ve r, th e  syste m  can be  e xpande d 
by im ple m e nting cam e ra track ing al-
gorith m s  to sw itch  be tw e e n room  cam e r-
as , or h ave  m ach ine  vis ion syste m s  in 
e ach  room  fe e d data to a com m on data-
bas e  for th e  patte rn analys is  com pone nt 
to proce s s .

Th e  s im ulate d de cline s  in h e alth  for th e  
pilot study w e re  bas e d on e stim ate s  of 
e xpe cte d pos s ible  as sociate d be h a-
viours. Much  work  w ill h ave  to be  done  
into are as  s uch  as  ide ntifying h ow  spe -
cific activitie s  are  affe cte d by ch ange s  in 
h e alth , h ow  m uch  variance  th e re  is  
be tw e e n diffe re nt individuals , and if ce r-
tain activitie s  are  m ore  indicative  of a 
ch ange  in h e alth  and th e re fore  m ore  im -
portant to m onitor th an oth e rs. As  diffe r-
e nt h e alth  proble m s  w ill lik e ly corre s -
pond to th e  sam e  ch ange s  in activity 
patte rns  (for instance , drink ing m ore  
wate r at th e  ons e t of diabe te s ), it is  pos -
s ible  th at th e  syste m  could be  us e d to 
h e lp re cognis e  spe cific m e dical condi-
tions  at an e arlie r stage  th an th e y m ay 
oth e rw is e  h ave  be e n de te cte d.

O th e r lim itations  of th e  pilot study in-
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clude d th at th e  s im ulation was  scripte d 
and not a live  clinical trial and was  e x-
e cute d in an acce le rate d tim e  fram e . 
H ow e ve r, at th is  stage  of de ve lopm e nt 
th is  type  of pilot te sting is  ne e de d 
be fore  pe rform ing trials  w ith  actual 
us e rs. W h ile  th e  occupant’s  activity was  
s im ulate d in a s h orte r pe riod of tim e  in 
th e  study, h is  m ove m e nts  w e re  not s im il-
arly acce le rate d – h e  did not m ove  
faste r. Th e  study also did not s im ulate  
nigh t tim e  conditions  w h e n no ligh ts  
w e re  illum inate d or occas ions  w h e n th e  
occupant le ft on vacation. Finally, th e  re -
s e arch e r was  th e  occupant in th e  pilot 
study and th is  m ay h ave  also introduce d 
b ias. 

Th e  activity z one  score s  and ove rall 
score s  ge ne rate d by th e  patte rn analys is  
com pone nt m ay provide  a com pact s e t 
of indicators  th at can h e lp a care give r de -
te rm ine  if an occupant’s  patte rn of activ-
ity is  norm al or w h e th e r th e re  is  a caus e  
for conce rn. H ow e ve r, th is  conce pt still 
ne e ds  to be  prove n th rough  m ore  in-
de pth  clinical trials  w ith  input from  pro-
fe s s ional care give rs. 

CO NCLUSIO N

Th e  Sm artH ous e  proje ct14 cons ide re d be -
h avioural patte rns  bas e d on th e  tim e  in-
te rval th at e ve nts  occurre d (pre s e nce  
probabilitie s ), w h ile  th e  MavH om e  pro-
je ct15 look e d for de viation from  patte rns  
w ith  m is s ing e ve nts , e xtra e ve nts , or 
ch ange s  in re gularity (fre q ue ncy probabil-
itie s ). By including both  th e s e  aspe cts  in 
th e  calculation of activity z one  score s , 
th e  h e alth  m onitoring syste m  pre s e nte d 
h e re  h as  th e  ability to give  a m ore  h olist-
ic re pre s e ntation of an occupant’s  ongo-
ing state  of w e ll-be ing.

Som e  of th e  m ain ite m s  ide ntifie d for 
future  work  include  th e  follow ing: (i) Im -
prove  re liability and robustne s s  of th e  
vis ion syste m  in ide ntifying th e  occu-
pant unde r varying ligh t conditions; (ii) 
Exte nd th e  patte rn analys is  com pon-

e nt’s  capability to also be  able  to ana-
lyz e  tre nds  ove r a longe r pe riod of tim e  
to de te ct a m ore  gradual de cline  in activ-
ity ove r s e ve ral w e e k s  or m onth s; (iii) In-
corporate  th e  ability to autom atically 
le arn th e  value  of th e  th re s h old (distin-
guis h ing norm al from  abnorm al activity) 
th at is  re q uire d for e ach  individual 
th rough  th e  us e  of de cis ion-th e ore tic 
planning algorith m s  (e .g. partially ob-
s e rvable  Mark ov de cis ion pro-
ce s s e s — PO MD Ps); and (iv) Ide ntify h ow  
de cline s  in h e alth  e ffe ct patte rns  in 
AD L. 

O nce  th e  syste m  is  cons ide re d robust, 
clinical in-fie ld trials  ne e d to be  unde r-
tak e n to de te rm ine  th e  training pe riod 
ne ce s sary to ch aracte riz e  an occupant’s  
norm al patte rn of activity. To re duce  th e  
training pe riod, approxim ate  value s  can 
be  us e d to initializ e  th e  syste m  bas e d 
on th e  individual’s  living patte rn ch arac-
te ristics. Th e s e  value s  would ne e d to be  
de te rm ine d from  future  work  in clinical 
trials  w ith  re al occupants.

Furth e rm ore , it is  be lie ve d th at th e  
score s  ge ne rate d by th e  h e alth  m onitor-
ing syste m  can be  corre late d to clinical 
te sts  as  a m e asure  of functional h e alth . 
As  part of th e  syste m  validation pro-
ce s s , th e  score s  ge ne rate d by th e  
syste m  s h ould be  com pare d to tim e d 
pe rform ance  te sts  done  in clinics. Func-
tional h e alth  tre nds  ide ntifie d by th e  
syste m  during clinical trials  s h ould also 
be  com pare d w ith  m ode ls  of functional 
de cline  to s e e  if th e y corre late  w ith  th e  
D e ath , Te rm inal Illne s s , Frailty, O rgan 
Failure  m ode ls  ide ntifie d by Lunne y e t 
al.20. 

Th e  indicators  de ve lope d in th is  study 
could h e lp to ide ntify ch ange s  in th e  
h e alth  of an occupant e arly, h e nce  im -
proving th e  lik e lih ood of a succe s sful in-
te rve ntion. Th is  could give  th e  occupant 
a be tte r s e ns e  of autonom y and inde -
pe nde nce , w h ile  still providing a gre ate r 
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m e asure  of safe ty. An accurate  m ach ine  
vis ion and patte rn analys is  syste m  th at 
can autom atically capture  and analyz e  
data about an occupant’s  patte rn of activ-
ity, in com bination w ith  an appropriate  re -
spons e  syste m , could provide  an invalu-
able  tool to support aging-in-place  for 
olde r adults.
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