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Applications of human action recognition:
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 Kinect sensor

— Records real time depth sequences E

— Captures 3D information. Advantages:
« Extra body shape information

* |nsensitive to illumination conditions and
the colour of human clothes

« State-of-the-art techniques |
_ HON4D (Oreifej etal. 2013) A 1
_ HDG (Rahmani et al., 2014) ‘i
— HOPC (Rahmani et al., 2016) “
— RBD (Vemulapalli et al., 2016)
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HON4D --- Histogram of Oriented 4D Normals (Oreifej et al., 2013)
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« Geometry and motion of human action were captured
A 4D space was quantised using a 600-cell polychoron
« 120 vertices were used as projectors

« More vertices were induced randomly to increase the difference
between two similar action classes

600-Cell
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HDG --- Histograms of Depth Gradients (Rahmani et al., 2014)

ﬁ .
Joint Motion '.'.':
Volume Features
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% Joint Combined Discriminative

Randomized Decision Forest Features ~Randomized Decision Forest Action

Displacement Feature
Classes

Histograms  Vectors

Space Time Volume

Features for Feature Pruning for Classification

* A concatenation of 4 descriptors
— Histograms of depth (hod)
— Histograms of depth derivatives (hodg)
— Histograms of joint position differences (jpd)
— Histograms of joint movement volume (jmv)
« Two random decision forests were trained
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HOPC --- Histogram of Oriented Principal Components (Rahmaniet al., 2016)

» For a sequence of 3D pointclouds

HOPC is extracted at each point

Two types of support volume were
defined

« Spatial support volume

» Spatio-temporal support volume
Principal component analysis was
applied
Spatio-temporal keypoints (STKs)
detection

A quality factor for detecting significant
motion variations
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RBD --- Rotation-based Descriptor (Vemulapalli et al., 2016)

Step 1: Skeletal R
Representation / »

B Step 2: Nominal curve
‘ computation using DTW

A A
=z I\;
=g

RBD-logarithm map RBD-unwrapping while rolling

Step 3: Unwrapping  Tangent space ; Tangent space
while rolling AN A\
Manifold Manifold g .

Step 4: SVM
classification

RBD-FTP representation

» 3D rotations are members of the special orthogonal group SO,

« Human actions were represented as curves after skeleton representation
« Dynamic Time Warping (DTW) handles the rate variations

* Rolling maps were used for flattening SO4

* Fourier Temporal Pyramid (FTP) representation for each unwrapped curve 6
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5 benchmark datasets:

MSRAction3D Kinect v1 Depth + 2010
3DJoints

3D Action Pairs 12 10 1 Kinect v1 RGB + Depth + 2013
3DJoints

Cornel Activity 14 4 - Kinect v1 RGB + Depth + 2011

Dataset (CAD-60) 3DJoints

UWAZ3D Single 30 10 1 Kinect v1 RGB + Depth + 2014

View 3DJoints

UWA3D Multiview 30 9 4 Kinect v1 RGB + Depth + 2015
3DJoints

(a) talking(phone) (b) writing (c¢) brushing teeth

- - Sample depth images from CAD-60

(d) talking(couch) (e) relaxing(couch) (f) cooking(stirring) 7

”»
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« HDG was implemented in Matlab.

« HON4D, HOPC and RBD were modified from the original authors’
codes.

* For the UWA3D Multiview Dataset, a cross-view action
recognition strategy is used; for the other 4 datasets, half of the
subjects’ data are used for training and the others for testing.

« Confusion matrices are used to illustrate the recognition accuracy
of these algorithms.
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* Feature dimension reduction using random decision forest



THE UNIVERSITY OF

--> Results & Discussions >> Conclusion >
WESTERN

Optimization of Hyperparameters for HDG AUSTRALIA

o
®
=
/

2
/

1IT g S e 227, aBB\
et Zen

73
P H

o
®
N
L

X:130
Y: 3.5
Level: 0.8594

e
®
L

threshold factor

average recognition accuracy

o
o
S 3

v

16C

120
110

100 80 9 100 110 120 130 140 150 16¢

numberoftrees number oftrees

* Involving 2 hyperparameters: number of trees and threshold factor
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hod = histograms of depth jpd = joint position differences
hodg = histograms of depth derivatives jmv = joint movement volume features
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hod = histograms of depth jpd = joint position differences

hodg = histograms of depth derivatives jmv = joint movement volume features

« Maximum

std
HDG: Mean RBD-FTP representation: I HOPC:

std

* Minimum 1 2
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Training view Vi& Vs Vi & Vs Vi&V, Vo & Vi Vo &V, Vi &V Mean
Testing view V3 Vi Vs Vi Vs V3 Vi Vi Vi V3 Vi Vs
HON4D 31.1 23.0 21.9 10.0 36.6 326 47.0 227 366 165 414 268 289
HOPC 25.7 20.6 162 12.0 21.1 295 383 139 297 7.8 413 184 229
Holistic HOPC* 323 252 274 17.0 386 388 429 259 36.1 27.0 422 285 31.8
Local HOPC+STK-D* 52.7 51.8 59.0 57.5 428 442 581 384 63.2 438 66.3 480 52.2
RBD-logarithm map 482 474 455 449 463 527 622 46.3 57.7 458 61.3 40.3 499
RBD-unwrapping while rolling  50.4 45.7 44.0 445 40.8 49.6 574 444 576 474 592 40.8 485
RBD-FTP representation 54.9 559 50.0 54.9 481 56.0 66.5 57.2 625 540 689 43.6 56.0
HDG-hod 225 174 125 10.0 19.6 204 26.7 13.0 187 100 279 172 18.0
HDG-hodg 26.9 342 203 186 34.7 267 41.0 292 294 11.8 40.7 288 285
HDG-jpd 36.3 324 318 355 344 384 442 30.0 445 33.7 444 340 36.6
HDG-jmv 57.2  59.3 59.3 54.3 56.8 50.6 634 524 657 537 67.7 56.9 58.1
HDG-hod+hodg 26.6 33.6 17.9 19.3 344 262 405 27.6 28.6 11.6 384 29.0 27.8
HDG-jpd+jmv 61.0 61.8 59.3 56.0 60.0 57.4 688 542 7T1.1 57.2 69.7 590 61.3
HDG-hod+hodg+jpd 31.0 435 257 214 459 31.1 532 357 380 11.6 497 383 354
HDG-hod+hodg+jmv 59.0 62.2 58.1 52.0 625 57.1 66.0 542 67.7 527 70.3 61.1 60.2
HDG-hodg+jpd+jmv 58.2 61.8 548 47.6 63.5 58.7 69.0 523 649 47.1 67.2 594 587
HDG-all features 60.9 64.3 57.9 546 62.6 59.2 68.9 55.8 69.8 55.2 71.8 62.6 61.9

View 1 (V4): Front view

* . . . . . ’ .
This result is obtained from original authors’ paper for comparison. View2 (Vo) | Leftview

View 3 (V,): Rightview

hod = histograms of depth jpd = joint position differences - -
View 4 (V,): Top view

hodg = histograms of depth derivatives  jmv = joint movement volume features
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one hand waving |83
one hand punching

two hand waving

View 1 (V,): Front view two hand punching , S
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View 2 (VZ)Z Left view standing up
vibrating

View 3 (V3): Rightview

falling down

View4 (V,): | Top view holding chest

holding head
holding back
walking

irregular walking
lying down
turning around

drinking

ground truth

phone answering
bending

jumping jack
running

HDG-all features on the piking up
UWA3D Multiview Dataset P
when V3 and V4 are used jumping
for training and V1 is used .

fOI‘ teSt| ng sneezing

sitting down(chair)

squatting
coughing

output from algorithm
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« Skeleton features are more robust for cross-view action
recognition.

 HDG-all features performs better than other state-of-the-art
approaches for cross-view action recognition.

« HOPC and RBD is more robust to noise, human body size and
action speed variations

« Future work: build a convolutional neural network (CNN)
architecture to make it easier, faster and more robust than existing
approaches in dealing with challenging issues.
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