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Activity Recognition Hierarchy
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Visual Sensing — the landscape

* Current affordable RGBD sensors calculate depth
on per-frame basis

 They make little usage of the temporal aspect

* Not ideal for action and activity recognition
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Visual Sensing — the landscape
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Usage of RGBD data for Action &Activity

Three main usages of RGBD sensors in action and
activity recognition

1. Separation of Objects at various depths
* Foreground or Occluder Subtraction

2. Pose Estimation
e Accurate positioning of body joints
3. Depth from sensor measurements

* Applications that require accurate depth estimation
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Usage of RGBD data for Action &Activity

Three main usages of RGBD sensors in action and
activity recognition

1. Separation of Objects at various depths

* Foreground or Occluder Subtraction
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Traditionally

* Using background subtraction

* Could be achieved from an individual image by
3D scene analysis

https://www.yvoutube.com/watch?v=NyjyGuESkf
M#t=1m33s
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m with: David Hogg
Carried Object Detection
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m with: Dan Lamb
Carried Object Detection + RGBD
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Carried Object Detection ++
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Usage of RGBD data for Action &Activity

Three main usages of RGBD sensors in action and
activity recognition

2. Pose Estimation

e Accurate positioning of body joints
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with: Massimo Camplani
+ SPHERE Team

Skeleton Detection

* OpenNlI 2.0

* nite::UserTracker::startSkeletonTracking()

* nite::Skeleton::getJoint()
* Kinect SDK 2.0

» skeletonData = new Skeleton[kinect.SkeletonStream.FrameSkeletonArrayLength];
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Why skeleton detection?

 View-variant features

* Hollywood 2 dataset, action class: sit._down
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Why skeleton detection?

 Should be view-invariant... but!
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Skeleton detection for action and activity recognition

* Depth-based features
* Joint-based features

* Hybrid features
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Action Completion from RGB-D Data
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Action Completion from RGB-D Data

Action

recognition

Having some
predefined action
classes, the aim is to
recognize the class
label of an action.
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m . with: '\F/;Eir:jo'c\)/lsi:\ml-éiigiarivincheh
Action Completion from RGB-D Data

Action |
recognition :

Having some
predefined action
classes, the aim is to
recognize the class
label of an action.

% University Of F Heidarivincheh et al (2016). Beyond Action Recognition: Action Completion in RGB-D Data
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m with: Farnoosh Heidarivincheh
“ . Majid Mirmehdi
Action Completion from RGB-D Data

What if the observed action is not fully completed!?

Complete pull Incomplete pull

% UIliVCI'SitY Of F Heidarivincheh et al (2016). Beyond Action Recognition: Action Completion in RGB-D Data. D|ma Damen
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Action Completion from RGB-D Data
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Action Completion from RGB-D Data
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" with: Farnoosh Heidarivincheh

Action Completion from RGB-D Data

Action Completion as a step beyond action recognition

* Action completion aims to recognise whether the action’s goal has been
successfully achieved.

* In many actions, an observer would be able to make the distinction between
complete and incomplete by noticing subtle differences in motion.

* Incompletion could result from negligence or forgetfulness, difficulties in
performing the action, or could be deliberate.

e We recognise incompletion when the action is attempted but not
completed.
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pActon 4
Action Completion from RGB-D Data

Features and temporal encoding

A pool of five depth features:

Local Occupancy Pattern (LOP)!
Joints Position (JP)?

Joints Relative Position (JRP)?
Joints Relative Angle (JRA)?
Joints Velocity (JV)?

with: Farnoosh Heidarivincheh
Majid Mirmehdi

LOP: Depth information in the
neighbourhood around each joint

Encoding temporal dynamics by Fourier temporal pyramid!

Elic University of
BRISTOL

Different levels of Fourier
temporal pyramid

Dima Damen
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m with: Farnoosh Heidarivincheh
. . Majid Mirmehdi
Action Completion from RGB-D Data

* Notion of completion differs per action - we need a pool of features.

e To choose the most discriminative feature per action:
A general method: “Leave-one-person-out” cross validation on the training set

% UIllVCI'SltY Of F Heidarivinqheh 'et'al (2016). Beyond Action Recognition: Action Completion in RGB-D Data. Dlma Damen
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m with: Farnoosh Heidarivincheh
. . Majid Mirmehdi
Action Completion from RGB-D Data

* Evidence across folds is accumulated.
* Each feature in the pool of features is ranked by their accuracy.
* The feature(s) that performs the best is selected.

Best
feature(s)

% University Of F Heidarivincheh et al (2016). Beyond Action Recognition: Action Completion in RGB-D Data. D|ma Damen
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M with: I\F/lar"r;oc';)/ls_h Hiig_arivincheh
i ] ajid Mirmehdi
Action Completion from RGB-D Data

Bristol Action Completion Dataset

* Containing 414 sequences of complete and incomplete actions

 Comprising 6 actions: switch, plug, open, pull, pick, drink

total # | # complete | # incomplete | u(sec) | o(sec)
switch 67 35 32 3.87 0.72
plug 73 37 36 8.14 2.74
open. 68 36 32 6.83 2.70
pull 71 34 37 6.43 1.70
pick 69 33 36 4.03 1.16
drink 66 34 32 8.83 2.09

Elic University of Dima Damen
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m with: Farnoosh Heidarivincheh
Majid Mirmehdi

Bristol Action Completion Dataset

complete

switch
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W

Action Completion from RGB-D Data

with: Farnoosh Heidarivincheh
Majid Mirmehdi

Experiment A: Complete Action Recognition

* complete sequences were used in training and testing by a one-vs-all SVM.

LOP | JP | JRP | JRA | JV

switch 100 99 99 100 | 100
plug 99 92.3 1 91.9 | 928 | 97.1
open 97.6 | 98.1 | 100 94.7 | 94.3
pull 98.1 | 914 | 91.4 | 94.7 | 92.3
pick 97.6 | 99.5 | 100 96.7 | 95.2
drink 99 97.1 | 98.1 99 100
Average | 98.6 | 96.3 | 96.7 | 96.3 | 96.5

* Various features perform comparably with high % accuracy.
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with: Farnoosh Heidarivincheh
Majid Mirmehdi

Experiment B: Incomplete Action Recognition

*  Complete samples were used for training.

* Incomplete test sequences were classified by finding their nearest neighbour.

LOP JP JRP
~switch. 0 0 0 0 0 ~switch [64.5 3.2 0 9.7 22.6 0 ~switch [61.312.9 0 6.5 194 0

~plug 2.7- 0 0 0 54 ~plug | 0 - 0 108 54 0 ~plug | 0 -5.4 54 54 0
0 -11.1 8.3 5.6 ~open| 0 5.6-5.6 2.8 0 ~open| 0 5.6-5.6 0 0
0
0

0
~pull| 0 294 0 61.8 2.9 5.9 ~pull| 0 324 0 52.914.7 ~pull| 0 32.411.838.214.7 2.9
0 0 152 0 27.357.6 ~pick| 0 33.315.2 9.1 42.4 ~pick| 0 394 6.1 3 515 0

~drink| 0 0 0 0 29.4m ~drink| 0 2.9 118 0 -5.9 ~drink| 0 2.9 118 0 - 0

~open

~pick

switch plug open pull pick drink switch plug open pull pick drink switch plug open pull pick drink
JRA JV
~switch. 0 0 0 0 0 ~switch. 0 129 0 0 3.2
~plug 2.7. 0 108 0 0 ~plug | 2.7 541 2.7 2.7 0 37.8
~open| 0 5.6-5.6 0 0 ~open| 0 2.8 0 56 0 -
~pull| 0 ~pull| 0 265 2.9 441 0 26.5
~pick| 0 ~pick| 0 333 3 364273 0

~drink| 0 0 11.8 0 ' 50 38.2 ~drink| 0 471324 0 29 176

switch plug open pull pick drink switch plug open pull pick drink

% University Of F Heidarivincheh et al (2016). Beyond Action Recognition: Action Completion in RGB-D Data. D|ma Damen
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W‘I . with: ,\F/laa;ir:jo&sirml-éiigiarivincheh
Action Completion from RGB-D Data

Experiment C: Complete-vs-Incomplete Action Recognition

* Complete and incomplete samples of the same action were used in training and
testing

LOP JP JRP JRA JV
switch 100 85.1 85.1 100 100
plug 83.6 87.7 78.1 79.5 94.5
open 97.1 95.6 97.1 95.6 97.1
pull 87.3 71.8 77.5 88.7 94.4
pick 92.8 94.2 98.6 98.6 95.7
drink 97 97 97 97 100

e Again, the features have different success rates for the various actions.

= |4 University of Dima Damen
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pActon 4
Action Completion from RGB-D Data

with: Farnoosh Heidarivincheh
Majid Mirmehdi

Experiment D: Selecting Features for Action Completion

* A general model using cross validation on training data

Subjects
1 2 3 4 5 6 7 8 total
cwitch 100 100 100 100 100 100 100 100 100
LOP,JRA,JV LOP,JRA,JV LOP,JV LOP,JV LOP,JV LOP,JRA,JV LOP,JV LOP,JV
plug 83.3 100 87.5 100 88.9 100 100 100 04.5
: JV JV JV JV JV JV JV JV
open 100 85.7 100 100 100 87.5 90 100 95.6
JV JV JP,JRP LOP,JRP,JV JRP JRA JV LOP,JRP,JRA,JV
pull 88.9 100 100 100 100 87.5 80 100 04.4
JV JV JV JRA,JV JV JV JV JV
pick 90 100 100 100 100 100 50 100 92.8
JRA JRA JRA,JV JP,JRA JRA JRP,JRA LOP,JRA JRA
drink 77.8 100 100 100 100 100 100 100 97
LOP,JP,JRP,JRA,JV JV JV JV JV JV JV JV
total 95.7

* Results show high success rates compared to the best performance in
complete-vs-incomplete action recognition

% University of
AEI BRISTOL
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m with: Farnoosh Heidarivincheh
Majid Mirmehdi

Action Completion from RGB-D Data

Complete switch Incomplete open
Classified as complete switcV Classified as incomplete open/

% Un1vers1ty Of F Hgidarivinqheh 'et'al (2016). Beyond Action Recognition: Action Completion in RGB-D Data. Dlma Damen
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m with: Farnoosh Heidarivincheh
Majid Mirmehdi

Action Completion from RGB-D Data

Complete drink Incomplete pull
Classified as incomplete drink x Classified as complete pullx
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Usage of RGBD data for Action &Activity

Three main usages of RGBD sensors in action and
activity recognition

3. Depth from sensor measurements

* Applications that require accurate depth estimation

% University of Dima Damen
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The need for (exact) depth measurements

1. Localisation and mapping
* Wearable RGBD — Task monitoring
2. Tracking change in depth

* Breathing monitoring and Remote Pulmonary
Function Testing

3. Distance measurements (in metres)

* Functional mobility testing
 Routine analysis

% University of Dima Damen
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with: Andrew Gee
Andrew Calway

Task Monitoring Wallero Mayol Cuevas

* EU FP7 (2010 —2013)

* COGNITO: Cognitive Workflow Capturing and
Rendering with On-Body Sensor Networks

* Fully-Wearable Sensors

% University of Dima Damen
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m with: Andrew Gee
Andrew Calway
0 " Walterio Mayol-Cuevas
Task Monitoring el
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m with: Andrew Gee
Andrew Calway

Task Monitoring Wallero Mayol Cuevas
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m with: Andrew Gee
Andrew Calway

Task Monitoring Wallero Mayol Cuevas

Egocentric Real-time Workspace
Monitoring using an RGB-D Camera

Dima Damen, Andrew Gee
Walterio Mayol-Cuevas, Andrew Calway

ﬂ“’ University of
BB BRISTOL

Elic University of
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with: Andrew Gee
Andrew Calway
Walterio Mayol-Cuevas
+ collaborators

Bearing

Q

Box Cover 53% 48% L b
, Spanner 57% 29% i

,@

........................................................................................................... NGV DO DO 2 oo sessessss s sseass s s
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m with: Andrew Gee
Andrew Calway

Task Monitoring Walrio Wayol Cuevas

Spanner

Elic University of Dima Damen
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with: Andrew Gee
Andrew Calway

Ta S k M O n i to ri n g Walterio Mayol-Cuevas

+ collaborators

SEVENTH FRAMEWORK
PROGRAMME

University of fi oy f
BRISTOL UNIVERSITY OF uﬂ El'j Centro de Computagao Grafica g;EgTW TRIVISIO smartFactory

.................... — T ————
Elic University of oo tetore mosone Dima Damen

S D Damen et al (2012). Real-time Learning and Detection of 3D Texture-less Objects: A Scalable Approach. British
Q r& BRISTOL Machine Vision Conference (BMVC) 22 March 2017 48
< D Damen et al (2012). Egocentric Real-time Workspace Monitoring using an RGB-D Camera. IEEE/RSJ
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m with: Longfei Chen
Kazuaki Kondo
I " Yuichi Nakamura
TaSk Mon Ito rl ng - 20 1 7 Walterio Mayol-Cuevas
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} Activity with: Longfei Chen
Kazuaki Kondo

TaS k M O N Ito rl n g - 2 O 1 7 V\\(/:il(t::riicl)\li/lkaayrgllf?uevas
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” with: Vahid Soleimani

Majid Mirmehdi

Remote Pulmonary Function Testing Sion Hannuns

Massimo Camplani

) FVC Effort Point Cloud Volume-Time Curve for FVC Effort
FVC Effort - Depth in pseudo-colour 4 : : - .
J25¢}
o
2 2f
S
—— Spirometer Pattem
1t Kinect Pattern
o Currect Breath b
L WA 0.5 . . . .
N 0 5 10 15 20 25
Time(s)
SVC Effort Point Cloud . Volume-Time Curve for SVC Effort
—— Spirometer Pattern
Kinect Pattern
© Currect Breath
55+
=1
°
s 5
]
45+
TR ul N\ 0 5 10 15 20 25 30
Time(s)
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Behaviour with: Vahid Soleimani
Majid Mirmehdi

AnXiety DeteCtion + collaborators
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Behaviour with: Vahid Soleimani
Majid Mirmehdi

AnXiety DeteCtion + collaborators

Point Cloud

Depth in pseudo-colour

Breathing rate:

Time: 03:53

Distance-based Chest Motion Curve

_I|I|II!|I|III|III|IIIIIIIIIIIIIIII|II||IIIIII|II|III|II||I||III|II||IIIIl|I|4I1|III|I||I||_
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I ]
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3] N ]
c
© - i
% 1440 - ]
(=] = 1
O ——Breathing Normal Air ]
i —Breathing 7.5% CO2 Mixed Air|’]|
1430 — ® Currect Breath H
C 1 | | N Y O | | |l P I ] il s [ I | l | T T T o I | l | il P ) ot i L ] | | Rl P ] T e LY PO | | | R Dl 0 el e R ]} l | I Y I Y | | | D VU e TN (i | | | N I Y | 1 T et
4 5 6 7 8 9 10 1 12 13
.............. Time(min)
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with: Vahid Soleimani
Majid Mirmehdi

Remote Pulmonary Function Testing Miassimo Camplari

o -
X 3

[| ==Spirometer
I <> min keypoint
| O max keypoint
|/ TV end keypoint

Volume(L)

H
4
!
| == Kinect : ! f d
-2 [| X min keypoint v orwar
| © max keypoint Vo moving |
<] TV end keypoint ‘,\ '! back 3
.3L  moving back during| 1
' deep inhalation Y X
0 3 6 9 12 15 18
Time(s)
= |4 University of Dima Damen
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with: Vahid Soleimani
el Majid Mirmehdi

Remote Pulmonary Function Testing Viassimo Camplari

* Two Kinects facing each other with ~3m distance.

* Subject sits in between on a backless chair.

* Since Kinects capture separate sides, there is no
interference by this setup.

e Using 3 double sided chessboards to increase
calibration accuracy.

% University of Dima Damen
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m with: Vahid Soleimani
. . Majid Mirmehdi
Sion Hannuna
Two Facing Kinects VA

Recording a subject performing
breathing test

= |4 University of Dima Damen
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with: Vahid Soleimani
Majid Mirmehdi
Sion Hannuna

Two Facing Kinects Viassimo Campani

S 1st Kinect location

= st Kinect data point
=< 2nd Kinect location

= 2nd Kinect data point

Point clouds are aligned and registered to a joint coordinate system.

. . Soleimani et al (2016), 3D Data Acquisition and Registration using Two Opposing Kinects. :
Vé University of 55 vision Dima Damen
22 March 2017 57
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m with: Vahid Soleimani
Majid Mirmehdi
" " Sion Hannuna

e Quantitative assessment:

* Using three differently sized boxes in three locations.

* Performing surface analysis and automatically estimating
dimension, volume, surface planarity and angles.

% Soleimani et al (2016), 3D Data Acquisition and Registration using Two Opposing Kinects.
University of - vision

Dima Damen
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W with: Vahid Soleimani
Majid Mirmehdi
1 - Sion Hannuna
Two Facing Kinects o e
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w with: Vahid Soleimani
Majid Mirmehdi
2 - Sion H
Two Facing Kinects Miassimo Camplani

Top Front Side View Full Side View Front View Back View

307 sequences of lung function assessment were recorded
from 35 subjects using the proposed system.

= |4 University of Dima Damen
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m with: Hana Alghamdi
Majid Mirmehdi

Functional Mobility Testing + collaboratore

Different measures

Turn 180° Test : ask the patient to /‘7\ observed during
stand up, turn around until the £ turning:

patient facing the opposite direction

and, walk towards a specified target. * Direction of turning

* Number of steps
* Turn Time (s)

* Turn Quality

* Turn Type

Vé University of Dima Damen
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m with: Hana Alghamdi
. o . Majid Mirmehdi
Functional Mobility Testing + collaboratore

% University of Dima Damen
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with: Yangdi Xu

Dave Bull

Unsupervised Routine Modelling
........................................................................................................ Day.1..........0ay.2

e A person’s routine 1
is the common or
regular course of
action, over a
timescale (e.g.
daily routine)

wash

/o
,,,,,

* Detecting routine
changes or out-of-
routine activities is
essential for
monitoring
physical as well as
mental wellbeing

Make Tea

t Water

Vé University of
BRISTOL
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with: Yangdi Xu

Unsupervised Routine Modelling

B Wash cup | Hot water
Prepare tea B Cold water "1 Morning routine
Get milk l Put/take cup I Afternoon routine
~ I cvening routine
I Ml <
-  — o  I— o >
8A.M. T 12 P.M. T 6P.M. 03/10/2014
10:23 AM. 2:00 P.M.
H "Il < |
- 1 ®  — ol
8A.M. T 12 P.M. T 6 P.M. T 06/10/2014
10:08 A.M. 1:16 P.M. 6:38 P.M.
o — . — . >
8A.M. T 12 P.M. T 6 P.M. 07/10/2014
9:49 A.M. 1:48 P.M.
e Xu et al (2015), Unsupervised Daily Routine Modeling from a Depth Sensor using Bottom- :
% UIllVCI'SltY Of Up and Top-Down Hierarchies. Asian Conference on Pattern Recognition DI ma Damen
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with: Yangdi Xu

Unsupervised Routine Modelling

A¢: Activity state

L;: Location state

H;: poses state

E;: Time envelope state

Elic University of Dima Damen
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Behaviour

with: Yangdi Xu
Dave Bull

Unsupervised Routine Modelling

* Transitions in spatial and silhouette data are capable of discovering d

from the data

GT Label

Get Water:

Make Tea:

Add Milk:

% University
1 BRISTOL

Silhouette

No Frequent

‘-’
Transition

Spatial

Boiler(r,) -> water
fountain (ry) -> worktop

(13)

B

No Frequent
Transition

worktop (r3) -> fridge
(r4) -> worktop (1r3)

22 March 2017 66



with: Yangdi Xu
Dave Bull

Unsupervised Routine Modelling

Ground
Truth

Number of frames

Test Result

_ »
L

Number of frames
. 7
Y X C(P4,Pp)+C(PE,PY)
P (=T Pl =y
J;‘I(:L," y) — - 1 J
{ Py =z} [Py =y}l
e Xu et al (2015), Unsupervised Daily Routine Modeling from a Depth Sensor using Bottom- :
% UIllVCI'SltY Of Up and Top-Down Hierarchies. Asian Conference on Pattern Recognition DI ma Damen
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Behaviour

Unsupervised Routine Modelling

wash

Prepare tea
Get milk

Get hot water
Get cold water

Put cup

Make porridge

0.06 0.00 030 0.05 0.34

o) - <

T 5 O EQEQ © O o
1) ~+ ® o = c =

£ 5 i~ - S0
o S 3 D> © Q 0 o
» = = S350 "2 < m
- ® -~ = Q T D
0.03

0.06 0.0 0.13 0.16 0.15 .
0.00 0.09 0.03 '0.33 0.03 0.06
030 013 003 027 [JSBY 020

0.05 0.16 033 0.27 m 0.23 1051
034 015 0.03 - 0.23 0.24
0.03 - 0.06 0.20 FOSE: 0.24 0.00

with: Yangdi Xu
Dave Bull

Dima Damen

Elic University of
AE] BRISTOL
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with: Yangdi Xu
Dave Bull

Unsupervised Routine Modelling

Person 1 Person 2 Person 3

o
%2 8 @ 3 - - o -

= o - = [a]
5 § 3 3 & & s 8.3 & 5 53 =
4 7 = = 7 B v 78 = 3 ja m x 2
= 8 X X o ¢ o > A Q b n " .

wash B

10]

wash | wash
get water [ J C .

e Dataset of 3 people for 7 days

* Results show that using time
envelope is helpful in s |
discovering routine activities

* More patterns are o4 02 09
discovered i © ° 1 7, N 06 .07 .

* Better temporal overlap a—
between discovered pattern
and ground truth

add milk make make

. tea/ . . beverage
getmilk coffee

later et al.

infreq. [ d y infrec. [

wash [
get water .

add milk
. make

getmilk beverage [l

Silhouettes

wash J
wash

get water L
add milk "

i make
get milk beverage

make tea 8

Silhouette + Time Envelopes

infrec. |

infreq, g
wash
get water

add milk

getmilk §

Spatial

make tea
infreg;
wash

get water

add milk

% University of
AE] BRISTOL

getmilk [§
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with: Majid Mirmehdi
+ SPHERE team

SPHERE

Hardware Platform (v2.0)

e RGB-D Asus Xtion

* SOTA people detection and
tracking with low
computational burden

* The Intel Next Unit of
Computing (NUC) with 8GB
of RAM and an i5 processor

* Small, attractive, powerful and

able to support up to 4 Xtions
at full resolution
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with: Majid Mirmehdi
+ SPHERE team

SPHERE

Hardware Platform (v2.0)

:
3

e RGB-D Asus Xtion

* SOTA people detection and
tracking with low

' o 28 %7 AR N UTC time-stamped
computational burden Main gateway depth, colour,
) skeleton, bounding
 The Intel Next Unit of " box and silhouette

Computing (NUC) with 8GB
of RAM and an i5 processor
< Timestamp >

 Small, attractive, powerful and O\ '
! /P . / synchronisation
able to support up to 4 Xtions 4 ARGB& via NTP

at full resolution
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Conclusion

* Current RGBD sensors are not ideal for action and
activity recognition due to their per-frame calculation of
depth information

* Three main usages of RGBD data in action and activity
recognition

* Applications for action recognition where accurate
depth estimation is required

e Storage requires for long-term usage is an obstacle for
expanded usage of RGBD in action and activity
recognition
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