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Summary  
	  

As	  part	  of	  the	  COMMIT	  SWELL	  project	  goal	  of	   improved	  wellbeing	  at	  work	  and	  at	  home,	  a	  module	  
for	   monitoring	   and	   reasoning	   about	   user	   activities	   will	   be	   developed	   in	   work	   package	   2.	   This	  
deliverable	  focuses	  on	  the	  challenges	  in	  relation	  to	  activity	  monitoring	  and	  reasoning,	  and	  describes	  
strategies	  for	  activity	  monitoring	  and	  reasoning.	  The	  state-‐of-‐the-‐art	  is	  explored,	  and	  the	  document	  
concludes	  with	  a	  proposed	  approach	  for	  the	  development	  activities	  in	  work	  package	  2.	  	  
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1 Introduction 
	  

In	  recent	  years,	  people-‐centric	  sensing	  and	  computing	  has	  received	  a	  lot	  of	  attention,	  mainly	  due	  to	  
its	   use	   in	   healthcare	   and	   wellbeing	   applications	   [1,	   2].	   A	   key	   application	   example	   is	   health	   and	  
lifestyle	  coaching,	  an	  application	  that	  uses	  various	  sensors	  to	  detect	  the	  user	  state	  and	  context,	  and	  
to	   provide	   appropriate	   feedback	   to	   a	   user	  when	   needed.	   Such	   coaching	   can	   be	   used	   in	   different	  
ways	  for	  different	  target	  groups	  who	  want	  to	  improve	  their	  health	  and	  lifestyle.	  	  	  

Physical	  activity	  plays	  a	  very	   important	  role	   in	  people’s	   life	   [3,	  4].	  The	   lack	  of	  physical	  activity	  by	  a	  
person	   can	   have	   bad	   influence	   on	   physical	   and	   mental	   wellbeing1,	   thereby	   affecting	   daily	   life	   at	  
home	  and	  work,	  and	  the	  quality	  of	  life	  in	  general.	  The	  importance	  and	  urgency	  of	  health	  and	  lifestyle	  
coaching	  is	  evident	  from	  the	  fact	  that	  according	  to	  the	  Dutch	  Labor	  Inspectorate,	  50%	  of	  the	  Dutch	  
employees	  exercise	  too	  little;	  Dutch	  employees	  have	  an	  unhealthy	  lifestyle,	  such	  that	  50%	  of	  them	  
do	   very	   little	   exercise	   besides	   other	   unhealthy	   behaviors	   such	   as	   smoking,	   abusing	   alcohol,	   and	  
skipping	  breakfast	  [40].	  Other	  studies	  also	  support	  the	  argument	  for	  motivating	  people	  to	  be	  more	  
physically	  active	  [3].	  Therefore,	  there	  is	  a	  need	  for	  a	  proper	  health	  and	  lifestyle	  coaching	  that	  detects	  
user	   state	   and	   context	   in	   real	   time	   and	   provides	   right	  motivational	   feedback	   to	   increase	   physical	  
activity.	   Such	   coaching	  mechanisms	   can	  help	   reduce	   the	  overall	   cost	   caused	  by	  people’s	   ill	   health	  
and	  unhealthy	  lifestyle,	  and	  at	  the	  same	  time	  it	  can	  help	  improve	  wellbeing	  [6].	  	  

In	  the	  SWELL	  project	  [6]2,	  one	  of	  the	  key	  challenges	  is	  to	  develop	  mechanisms	  to	  motivate	  people	  to	  
perform	  more	   physical	   activity.	   For	   example,	   SWELL	   aims	   to	   generate	   context-‐sensitive	   feedback	  
messages	  that	  are	  relevant	  to	  the	  actual	  activities	  and	  physical	  location	  of	  the	  users.	  As	  a	  part	  of	  this	  
challenge,	  we	  aim	  to	  find	  out	  how	  the	  current	  user	  state	  and	  user	  context	  can	  best	  be	  detected	  using	  
different	  sensor	  inputs:	  body	  sensors,	  ambient	  sensors,	  smartphone	  sensors,	  and	  user	  reports.	  The	  
goal	  is	  to	  collect	  and	  visualize	  the	  user	  state	  and	  context;	  in	  future	  studies	  this	  user	  state	  and	  context	  
will	  be	  used	  to	  provide	  the	  right	  motivational	  feedback	  to	  the	  end	  users	  at	  the	  right	  time.	  

In	   chapter	   2,	   the	   focus	   will	   be	   on	   activity	   monitoring	   and	   reasoning	   using	   ambient	   sensors,	  
smartphone	  sensors	  and	  user	   reports.	   In	   chapter	  3,	   the	   focus	  will	  be	  on	  physical	   state	  monitoring	  
using	  wristband	  and	  accelerometer	  sensors.	  Chapter	  4	  outlines	  the	  next	  steps	  for	  work	  package	  2.	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  Wellbeing	   refers	   to	  how	  people	  experience	   the	  quality	  of	   their	   lives	   and	   includes	  both	  emotional	   reactions	   and	   cognitive	   judgments.	  
(source:	  http://en.wikipedia.org/wiki/Subjective_well-‐being)	  
2	  http://www.swell-‐project.net	  



2 Activity monitoring and reasoning using a network of 
heterogeneous sensors 

2.1 Challenges 
This	  chapter	  describes	  the	  strategies	  for	  activity	  monitoring	  and	  reasoning	  for	  well-‐being	  application	  
using	   a	   heterogeneous	   sensors	   network.	   The	   focus	   in	   chapter	   2	   is	   on	   using	   ambient	   sensors,	  
smartphone	  sensors	  and	  user	  reports.	  The	  research	  challenges	  in	  view	  of	  the	  SWELL	  project	  context	  
are	  summarized	  as	  follows:	  

1. How	  to	  infer	  user	  activity,	  situation,	  and	  state	  from	  heterogeneous	  and	  incomplete	  sensor	  data?	  
The	   level	   of	   details	   about	   the	   user’s	   activity,	   situation	   and	   state	   depends	   on	   the	   application	  
demands	  and	  available	  sensing	  information.	  	  

2. How	  to	  make	  the	  optimal	  tradeoff	  between	  performance	  (accuracy	  in	  monitoring	  and	  inference)	  
and	  energy	  efficiency	  of	  a	  system	  that	  uses	  such	  inference	  algorithms?	  	  

3. How	   and	   when	   to	   use	   different	   sources	   of	   information	   available	   (different	   sensors)	   at	   any	  
moment	   of	   time	   in	   a	   complementary	   and	   cooperative	   way	   to	  make	   the	   inference	   algorithms	  
efficient,	  both	  in	  terms	  of	  performance	  as	  well	  as	  energy	  consumption?	  

2.2 State of the art   
Present	  research	  in	  activity	  monitoring	  and	  reasoning	  has	  targeted	  mainly	  seniors	  and	  patients	  with	  
chronic	   conditions.	   The	   concept	   of	   knowledge	   workers	   as	   a	   target	   group	   is	   relatively	   new.	  Many	  
studies	  have	  been	  conducted	  in	  the	  area	  of	  physical	  activity	  detection	  using	  sensors.	  A	  review	  study	  
[3]	   has	   summarized	   some	   key	   projects	   related	   to	   smart	   homes,	   its	   associated	   technologies,	   and	  
approaches	   in	  detail	   from	  1994	  till	  2009.	   It	  highlights	   the	  work	  done,	  and	   future	  challenges	   in	   this	  
area.	  	  

Many	  approaches	  with	  different	   sensing	   technologies	   to	  detect	  a	  user	   state,	   activity	  and	   situation	  
have	   been	   described	   in	   publications.	   They	   can	   be	   divided	   into	   four	  main	   categories	   based	   on	   the	  
type	  of	   sensors	   they	  use.	  A	   first	   category	   is	   the	  one	   that	  uses	   ambient	   sensors	   for	  user	   state	  and	  
context	  detection.	  For	  example,	  Passive	  Infrared	  (PIR)	  sensors	  [5,	  7],	  RFID	  sensors	  [10]	  and	  pressure	  
sensors	  [11]	  have	  been	  used	  to	  detect	  physical	  activities	   in	  a	  smart	  home.	  Moreover,	  microphones	  
have	  been	  used	  to	  detect	  physical	  activities	  in	  a	  home	  environment	  [8].	  Simple	  state-‐change	  sensors	  
have	  been	  used	   in	   [9]	   to	  detect	  physical	   activity	  with	   the	  help	  of	   supervised	  algorithms.	  A	   second	  
category	  uses	  wearable	  sensors	  or	  body	  sensors	  to	  detect	  user’s	  state	  and	  context,	  for	  example,	  Pro-‐
move	   [12]	   and	   IDEEA	   [13].	   A	   third	   category	   uses	   mobile	   devices	   for	   data	   caption	   (it	   can	   be	  
considered	   as	   a	   sub-‐category	   of	   wearable	   sensors),	   for	   example,	   a	   smartphone	   with	   built-‐in	  
accelerometers	   can	  be	  used	   to	  detect	  physical	   activities	   like	  walking,	   sitting	  down,	   and	  getting	  up	  
[15,	  16,	  17,	  18].	  A	  fourth	  category	  is	  a	  hybrid	  approach	  that	  combines	  user-‐reports	  with	  sensed	  data	  
from	  wearable	  sensors	  [14,	  19,	  20,	  21].	  Usually	  these	  approaches	  either	  use	  a	  rule-‐based	  mechanism	  
or	   a	  machine-‐learning	   algorithm	   to	   detect	   user	   state	   and	   context	   on	   a	   data	   processing	   level	   [28].	  
Moreover,	   in	   terms	   of	   architecture,	   these	   approaches	   can	   either	   use	   centralized	   inference	  
mechanisms	   (recognition	   and	   reasoning	   algorithms	  which	   runs	   on	   a	   single	   centralized	   device	   like	  
smartphone	  or	  a	  desktop	  machine)	  or	  distributed	  inference	  mechanisms	  (recognition	  and	  reasoning	  
algorithms	  which	  runs	  on	  multiple	  sensors	  in	  a	  network	  and	  work	  in	  a	  collaborative	  fashion	  for	  data	  



processing).	  The	  use	  of	  distributed	  inference	  mechanisms	  is	  relatively	  new	  [26].	  The	  design	  choices	  
underlying	   these	  concepts	  depend	  on	   factors	   including	  pre-‐knowledge	  about	  a	  system,	  application	  
type,	  available	  resources	  etc.	  [26,	  28].	  	  

Many	  existing	  solutions	  tend	  to	  use	  wearable,	  smartphones	  and	  ambient	  sensors	  in	  isolation	  [16,	  17,	  
26].	  User-‐reports	  are	  often	  used	  in	  combination	  with	  wearable	  sensors	  [14,	  19,	  20,	  21].	  Each	  of	  the	  
above-‐mentioned	  four	  information	  sources	  has	  strengths	  and	  weaknesses.	  	  

Ambient	  sensors	  generally	  provide	  a	  better	  insight	  into	  the	  context	  of	  a	  physical	  activity	  [19,	  24,	  25],	  
but	  may	  not	  able	  to	  measure	  physical	  activities	  at	  a	  fine-‐grained	   level.	   	  However,	  they	  may	  not	  be	  
able	  to	  identify	  who	  is	  being	  monitored	  in	  a	  home	  setting	  when	  there	  are	  more	  than	  one	  person	  (or	  
a	  person	  and	  pets)	  [19,	  20].	  	  

Wearable	   sensors	   can	   easily	   measure	   physical	   activities	   and	   physiological	   signs	   at	   a	   fine-‐grained	  
level.	   But	   they	   may	   not	   be	   able	   to	   provide	   a	   proper	   context	   in	   terms	   of	   where	   and	   why	   some	  
activities	  are	  happening.	  For	  example,	  a	  sitting	  activity	   in	  a	  room	  or	  at	  a	  toilet	  has	  two	  completely	  
different	  meanings.	  This	  problem	  can	  easily	  be	  solved	  by	  using	  ambient	  sensors	   (sensors	  placed	   in	  
the	  environment)	  when	  the	  number	  of	  situations	  is	  limited.	  Moreover,	  wearable	  sensors	  have	  some	  
limitations:	   the	   possibility	   of	   not	   being	   worn	   correctly,	   need	   for	   great	   durability,	   battery	   life.	  
Furthermore,	  they	  may	  be	  intrusive	  and	  potentially	  uncomfortable	  or	  unsightly	  [19].	  	  	  

Although	  smartphones	   can	  help	   in	  both	   recognizing	  physical	  activities	  and	  providing	  context,	   they	  
need	  to	  be	  placed	  in	  a	  specific	  position	  on	  the	  human	  body	  because	  they	  use	  accelerometers-‐based-‐
sensing	   [16,	   17].	   A	   position	   independent	   activity	   recognition	   system	   has	   been	   proposed	   for	  
smartphones	  [18].	  However,	  it	  is	  evaluated	  in	  an	  outdoor	  environment	  rather	  than	  in	  home	  settings.	  
Moreover,	   users	   in	   a	   home	   setting	  may	   not	   carry	   the	   smartphone	   all	   the	   time	  with	   them,	  which	  
makes	   it	   a	   partially	   available	   source	   of	   information.	   Moreover,	   women	   tend	   to	   not	   wear	   their	  
smartphones	  on	  their	  body.	  For	  example,	  [39]	  claims	  that	  63%	  of	  the	  women	  carry	  smartphones	  in	  
their	  hang	  bags.	  However,	  this	  study	  only	  used	  35	  female	  participants	  for	  this	  survey.	  	  	  

Self-‐reports	  might	  be	  used	  to	  enhance	  system	  reasoning,	  when	  used	   in	  combination	  with	  ambient	  
sensors,	   wearable	   sensors	   and/or	   smartphone	   sensors.	   However,	   the	   use	   of	   self-‐reports	   in	   such	  
health	  and	  lifestyle	  coaching	  systems	  is	  relatively	  new	  and	  further	  studies	  are	  needed	  to	  explore	  its	  
suitability	   in	   such	   systems.	   	   The	   self-‐reports	   can	  put	   some	  burden	  on	  users	  as	  well	   so	   self-‐reports	  
should	  be	  used	  in	  a	  way	  that	  it	  doesn’t	  annoy	  users.	  	  

Examples	  of	  adaptive	  feedback	  systems	  can	  be	  found	  in	  [12,	  22,	  23].	  These	  papers	  demonstrate	  how	  
the	  user	  context	  can	  be	  used	  to	  adjust	  the	  feedback	  to	  the	  actual	  context	  of	  use.	  

State-‐of-‐the-‐art	   systems	   combine	  data	   from	  ambient	   sensors,	  wearable	   sensors,	   smartphones	  and	  
self-‐reports.	   For	   example,	   data	   from	   ambient	   sensors	   and	   wearable	   sensors	   has	   been	   combined	  
using	  fusion	  techniques	  to	  complement	  each	  other	  and	  improve	  physical	  activity	  detection	  [24,	  25].	  
Improvements	   in	   detection	   performance	   have	   been	   reported	   compared	   to	   use	   of	   a	   single	   data	  
source.	  This	  shows	  a	  potential	  for	  using	  different	  sources	  of	  information	  in	  a	  complementary	  way	  to	  
provide	  better	  detection	  of	  user	  state	  and	  context	  and	  right	  motivational	  feedback.	  Though	  research	  
is	  going	  on	  to	  combine	  different	  information	  sources	  for	  better	  understanding	  of	  a	  user	  activity	  and	  
context	  (state	  and	  situation),	  only	  few	  studies	  have	  been	  conducted	  on	  understanding	  user	  state	  and	  



context	   in	   relation	   to	   context-‐dependent	   motivational	   feedback.	   Further	   research	   is	   needed	   to	  
investigate	  the	  context-‐dependent	  motivational	  feedback	  in	  relation	  with	  the	  user	  state	  and	  context,	  
which	  might	  lead	  to	  an	  improved	  wellbeing	  if	  provided	  at	  right	  moments	  and	  situations.	  	  

2.3 Strategies 
The	  strategies	  for	  activity	  monitoring	  and	  reasoning	  using	  a	  network	  of	  heterogeneous	  sensors	  can	  
be	  described	  on	  two	   levels.	  These	   levels	  are	  sensing	  or	  data	  collection	   level	   (lower	   level)	  and	  data	  
processing	   level	   (higher	   level).	   The	   sensing	   level	   refers	   to	   the	  actual	   sensors	   and	  how	   they	   report	  
events	  or	  provide	  data	   to	   a	  higher	   level.	   The	  data	  processing	   level	   refers	   to	   the	  actual	  processing	  
done	  on	  the	  reported	  data	  by	  sensing	  level.	  The	  strategies	  for	  these	  two	  levels	  are	  described	  in	  the	  
next	  sub-‐sections.	  	  	  

2.3.1 Strategies on a data collection level   
The	  following	  three	  strategies	  deal	  with	  how	  different	  sensors	  are	  used	  by	  well-‐being	  applications.	  	  	  	  	  	  

Strategy	  Sense-‐PSC:	  	  Sensing	  based	  on	  pre-‐defined	  sensor	  configuration	  

In	  strategy	  Sense-‐PSC,	  the	  configuration	  of	  sensors	  is	  predefined.	  The	  data	  processing	  algorithms	  are	  
developed	   for	   a	   specific	   static	   configuration	   of	   sensors	   [30,	   31].	   These	   characteristics	   make	   this	  
strategy	  easy	  to	  design	  and	   implement	  [31].	  For	  example,	  when	  a	  fixed	  number	  of	  PIR	  sensors	  are	  
installed	  in	  a	  home	  and	  activity	  recognition	  algorithms	  are	  developed	  for	  such	  a	  static	  network,	  it	  is	  
basically	   using	   this	   strategy.	   It	   has	   been	   used	   in	   [5,	   7,	   8,	   12,	   13,	   15,	   16].	   The	   alternative	   to	   this	  
strategy	  is	  opportunistic	  sensing.	  	  

Strategy	  Sense-‐OS:	  Opportunistic	  Sensing	  	  

In	   strategy	   Sense-‐OS,	   the	   configuration	   of	   the	   sensor	   network	   is	   not	   known	   in	   advance.	   The	  
algorithms	  do	  not	   rely	  on	   static	   sensor	  network	  deployment	   [30].	  Different	   types	  and	  numbers	  of	  
sensors	  are	  used	  as	  they	  become	  available.	  It	  is	  more	  flexible	  or	  open	  minded	  in	  terms	  of	  providing	  
different	   information	   for	   different	   applications	   than	   strategy	   Sense-‐PSC.	   However,	   it	   is	   generally	  
difficult	  to	  design	  and	  implement	  this	  strategy	  as	  compared	  to	  strategy	  PSC	  [30,	  31].	  	  

Strategy	  Sense-‐POS:	  Partial	  Opportunistic	  Sensing	  	  

Strategy	  Sense-‐POS	  combines	  strategies	  Sense-‐PSC	  and	  Sense-‐OS	  in	  a	  hybrid	  and	  dynamic	  way.	  The	  
optimal	   strategy	   is	   selected	   in	   run	   time	   based	   on	   different	   situations	   and	   conditions	   as	   per	  
application	  demands	  and	  available	  sensing	  sources.	  For	  example	  in	  a	  home	  setting,	  a	  system	  can	  use	  
smartphone	   sensors	   for	   activity	   recognition	   as	   main	   source	   of	   information	   but	   if	   they	   become	  
unavailable	   temporarily	   due	   to	   some	   reason,	   this	   system	   can	   use	   sensors	   in	   the	   user’s	   home	  
environment	  in	  order	  to	  work	  properly.	  	  	  	  

The	   next	   two	   strategies	   define	   how	   a	   single	   or	   multiple	   sources	   of	   information	   is	   used	   by	   data	  
processing	  level.	  These	  two	  can	  be	  regarded	  as	  pre-‐data	  processing	  level	  strategies.	  	  

Strategy	  Sense-‐NDF:	  No	  data	  fusion	  	  

In	   strategy	   Sense-‐NDF,	   sensor	   data	   from	  different	   sensors	   is	   considered	   in	   isolation,	  without	   data	  
fusion.	   In	  other	  words,	   a	   system	  or	  application	   relies	  only	  on	  one	  ambient	   sensor	   (PIR	   sensors,	  or	  



pressure	  sensors,	  or	  microphones	  etc.)	  [e.g.,	  5,	  7,	  8],	  or	  one	  smartphone	  sensor	  (accelerometer)	  [16,	  
17,	  18].	  	  

Strategy	  Sense-‐DF:	  Data	  fusion	  

In	  strategy	  Sense-‐DF,	  a	  combination	  of	  two	  or	  more	  sensing	  sources	  is	  used	  in	  a	  cooperative	  way	  to	  
complement	   each	   other	   and	   improve	   the	   activity	  monitoring	   and	   reasoning	   process	   in	  well-‐being	  
applications	   (using	   data	   fusion	   techniques).	   For	   example,	   using	   smartphones	   in	   combination	  with	  
ambient	   sensors	   or	   smartphones	   in	   combination	   with	   body	   sensors	   or	   self-‐reports.	   Moreover,	  
different	   smartphone	   sensors	   (accelerometer,	  magnetometer,	   and	  GPS)	   can	   also	  be	  used	   for	   data	  
fusion	   to	   improve	   overall	   reasoning	   process.	   	   There	   can	   be	   many	   such	   hybrid	   combinations	  
depending	  on	   the	  user	  scenarios	  and	  application	  demands.	   	  Data	   fusion	   techniques	  are	  used	   for	  a	  
combination	   of	   ambient	   and	  wearable	   sensors	   in	   [24,	   25]	   to	   detect	   physical	   activities.	  Moreover,	  
[38]	  uses	  data	  fusion	  techniques	  for	  different	  smartphone	  sensors.	  	  

2.3.2 Strategies on data processing level  
There	  are	  two	  different	  clusters	  of	  strategies	  on	  data	  processing	  level:	  one	  level	  regards	  where	  the	  
data	  is	  processed,	  and	  the	  other	  level	  regards	  how	  the	  data	  is	  processed.	  

Strategy	  Process-‐CDP:	  Centralized	  data	  processing	  

This	  strategy	  is	  about	  processing	  sensor	  data	  in	  a	  centralized	  fashion,	  i.e.,	  at	  one	  central	  node.	  This	  
processing	  node	  can	  be	  a	  dedicated	  powerful	  sensor	  node,	  a	  smartphone,	  or	  a	  desktop	  machine	  etc.	  
For	  example,	  centralized	  approach	  is	  used	  in	  [5,	  7,	  15,	  16].	  	  

Strategy	  Process-‐DDP:	  Distributed	  data	  processing	  

This	  strategy	  is	  about	  processing	  sensor	  data	  at	  multiple	  nodes	  in	  a	  sensor	  network.	  It	  can	  be	  done	  in	  
a	   completely	   distributed	  way	  where	   each	   node	   process	   the	   data	   and	   then	   a	   voting	  mechanism	   is	  
applied	   or	   in	   partially	   distributed	   way,	   where	   some	   processing	   is	   done	   on	   all	   nodes	   and	   final	  
processing	  is	  done	  by	  a	  centralized	  node.	  It	  has	  been	  used	  in	  [26].	  It	  is	  a	  relatively	  new	  approach	  for	  
activity	  recognition	  and	  reasons	  using	  heterogeneous	  sensors	  network	  [2].	  	  

The	   following	  are	   strategies	  on	  how	   to	  process	  data	   irrespective	  of	  processing	   location.	  There	  are	  
mainly	  two	  types	  of	  mechanism	  used,	  depending	  on	  application	  types.	  	  

Strategy	  Process-‐RB:	  Rule-‐based	  mechanisms	  

Rule-‐based	  mechanisms	  are	  used	  for	  situations	  where	  pre-‐knowledge	  about	  system	  is	  available,	  and	  
where	   the	   rules	   can	   be	   defined	   in	   a	   declarative	   fashion.	   In	   such	  mechanisms,	   simple	   actions	   are	  
defined	   in	   an	   if-‐else	   fashion	  where	   these	   pre-‐defined	   actions	   are	   performed	  when	   certain	   events	  
occur.	  For	  example,	  a	  wheelchair	  coach	  for	  disabled	  people	  uses	  a	  rule-‐based	  mechanism	  to	  process	  
data	   or	  make	  decisions	   [2]	   because	   there	   is	   enough	  pre-‐knowledge	   available	   about	   such	   a	   simple	  
system	  (wheel	  chair).	  	  	  

Strategy	  Process-‐ML:	  Machine-‐learning	  mechanisms	  	  

Machine-‐learning	   is	   a	   more	   generic	   approach	   and	   can	   be	   used	   for	   both	   simple	   and	   complex	  
situations	  [28].	  It	  is	  most	  commonly	  used	  approach	  to	  process	  sensors	  data	  in	  wellbeing	  applications	  



[26,	  28].	  Such	  machine	  learning	  mechanisms	  can	  further	  be	  classified	  into	  supervised,	  unsupervised	  
and	   semi-‐supervised	   mechanisms.	   It	   depends	   on	   different	   factors	   like	   sensor	   data	   type	   and	  
application	   demands	   to	   decide	   which	   type	   of	   mechanisms	   to	   use	   in	   a	   specific	   situation.	   Some	  
examples	   of	   machine	   learning	   techniques	   used	   in	   activity	   recognition	   are	   decision	   trees,	   nearest	  
neighbor	   and	   Bayesian	   Networks,	   support	   vector	   machines,	   neural	   networks,	   and	  Markov	   chains	  
[18].	  

2.4 Proposed strategy in SWELL project 
The	   choice	   of	   strategy	   for	   the	   SWELL	   project	   depends	   on	   many	   factors	   [26,	   28],	   including	   the	  
application	   type,	   the	   available	   sensing	   resources,	   and	   pre-‐knowledge	   about	   the	   system.	   Different	  
combinations	  will	  be	  implemented	  and	  evaluated	  in	  order	  to	  find	  the	  optimal	  solution	  for	  different	  
settings.	  

As	   a	   first	   step	   in	   SWELL	   project,	   activity	   recognition	   algorithms	   will	   be	   developed	   for	   a	   simple	  
smartphone	  application	  which	  keeps	   track	  of	   the	  user’s	  activities	   (walking,	   running,	  biking,	  eating,	  
riding	  in	  a	  vehicle,	  climbing	  upstairs	  and	  downstairs,	  and	  inactive	  states	  e.g.	  standing	  and	  sitting)	  and	  
activity	   level	   (in	   terms	   active	   time	   or	   energy	   consumption)	   using	   only	   smartphone	   sensors	  
(accelerometer,	   magnetometer,	   gyroscope,	   microphone,	   GPS	   etc.).	   Based	   on	   the	   nature	   of	   this	  
application,	  a	  combination	  of	  strategy	  Sense-‐PSC	  and	  Sense-‐DF	  will	  be	  used	  on	  sensing	   level	  and	  a	  
combination	   of	   strategy	   Process-‐CDP	   and	   Process-‐ML	   on	   data	   processing	   level	   as	   these	   strategies	  
suits	   this	   application	   better.	   The	   primary	   goal	   of	   the	   first	   phase	   is	   to	   explore	   the	   value	   of	   the	  
different	  strategies	  in	  the	  context	  of	  the	  SWELL	  project.	  

As	   a	   next	   step,	   the	   activity	   recognition	   module	   will	   be	   integrated	   in	   the	   demonstrators	   and/or	  
prototypes	  that	  are	  being	  developed	  in	  SWELL	  work	  packages	  5	  and	  6.	  The	  functional	  requirements	  
will	   be	   defined	   based	   on	   the	   outcome	  of	   the	   exploration	   phase	   and	   the	   requirements	   from	  work	  
packages	  5	  and	  6.	  <sentence	  removed	  /	  confidential>	   In	  this	  case,	  a	  combination	  of	  strategy	  Sense-‐
POS	  and	  Sense-‐DF	  will	  be	  used	  on	  sensing	  level	  whereas	  the	  strategies	  on	  data	  processing	  level	  will	  
remain	   the	   same.	   In	   summary,	   these	   strategies	   can	   be	   tried	   in	   different	   combinations	   as	   per	  
application	  demands	  and	  available	  sensing	  resources	  for	  better	  performance.	  The	  general	  overview	  
of	   an	   activity	   monitoring	   and	   reasoning	   solution	   is	   visualized	   as	   follows	   in	   Figure	   1	   in	   terms	   of	  
sensing	  sources	  and	  data	  processing	  approach.	  	  	  

	  



	  

Figure	  1.	  Schematic	  representation	  of	  the	  proposed	  strategy	  for	  activity	  monitoring	  and	  reasoning.	  
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4 Next steps 
This	  document	  has	  presented	  state	  of	  the	  art	  and	  strategies	  for	  activity	  monitoring.	  For	  the	  SWELL	  
project,	  the	  activity	  monitoring	  algorithms	  will	  be	  developed	  in	  several	  iterations.	  

In	   the	   first	   iteration,	   basic	   algorithms	   will	   be	   developed	   for	   the	   smartphone	   and	   for	   wristband	  
activity	  recognition.	  The	  smartphone	  application	  will	  keep	  track	  of	  user	  activities,	  state	  and	  situation	  
using	   only	   smartphone	   sensors	   (accelerometer,	  magnetometer,	   gyroscope,	  microphone	   and	  GPS);	  
the	   wristband	   application	   will	   focus	   on	   detection,	   extraction	   and	   assessment	   based	   on	  
accelerometer	  data.	   In	  a	  controlled	  setting,	   the	  algorithms	  will	  be	  validated	   in	  order	   to	  be	  able	   to	  
provide	  a	  proper	  baseline	  for	  future	  field	  studies.	  

Whereas	   the	   activity	   recognition	   algorithms	   for	   the	   smartphone	   and	   wristband	   are	   initially	  
developed	  stand-‐alone,	  there	  is	  a	  huge	  potential	  in	  combining	  both	  devices.	  For	  example,	  wristband-‐
based	  classification	  could	  be	  improved	  by	  using	  context	  information	  from	  a	  smartphone	  application.	  
The	  potential	  synergies	  will	  be	  studied	  directly	  after	  the	  stand-‐alone	  explorations	  in	  phase	  1.	  

As	  a	  next	  step,	  the	  basic	  algorithms	  will	  be	  integrated	  in	  prototypes	  and	  proof-‐of-‐concepts	  for	  WP5	  
(Smart	   wellbeing	   applications	   for	   lifestyle	   changes)	   and	   WP6	   (smart	   wellbeing	   applications	   for	  
flexible	  working).	   In	  close	  consultation	  with	  these	  work	  packages,	   the	  algorithms	  will	  be	   iteratively	  
further	  developed.	  

Moreover,	  the	  algorithms	  will	  be	  integrated	  in	  the	  golden	  demo,	  an	  integrated	  demonstrator	  for	  the	  
SWELL	  project.	  The	  golden	  demo	  will	  be	  defined	  in	  2013-‐Q1/Q2,	  and	  will	  be	  improved	  in	  cycles.	  
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