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 Invariant to scale-rotation-translation and movement direction

 Similarly to mechanical kinematics, we use the revolute joint rotation limits to describe dynamic ranges

 For combinatorial body parts           with joint centre               and their revolute joint positions

a) Directed angle                                                                       where

b) Rotation matrix          based on    

c) Geodesic distance: 

d) Combinatorial local motion descriptor:
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METHODOLOGY EXPERIMENTAL RESULTS

Casting the kinematic structure correspondence problem into the hypergraph matching 

framework, incorporating multi-order similarities with normalisation weights

- 1st order Structural topology similarity by a new topology constrained 

subgraph isomorphism aggregation

- 2nd order Kinematic correlation similarity between pairwise nodes

- 3rd order Combinatorial local motion similarity using geodesic distance on the 

Riemannian manifold
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1st order similarity: Structure Topology

2nd order similarity: Kinematic Correlation

3rd order similarity: Combinatorial Motion

 Real Kinematic Structure Dataset

 Synthetic Dataset

Validations on 

- Topology changes

- Kinematic deformation 

- Structure symmetricity

CONTACT
• Video result, source code, and the new dataset are available: www.imperial.ac.uk/PersonalRobotics

• Dr. Hyung Jin Chang (hj.chang@imperial.ac.uk) and Prof. Yiannis Demiris (y.demiris@imperial.ac.uk) 
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PREVIOUS CORRESPONDENCE MATCHING APPROACHES

 Robot learning by imitation

 Viewpoint invariant human action recognition by 3D skeleton

 Affordance based articulated object/tool categorisation & manipulation

 Motion retargeting to robots

 Each vertex of the kinematic structure graph

• Centre of each rigid body part

• Conventional feature descriptors (e.g. SIFT) are not applicable

 A new topologically constrained subgraph isomorphism

• Purely relies on the structural topology

• Find all possible subgraphs of G’ which matched to the graph G under local and global constraints

RESEARCH GOAL
We present a novel framework 

for finding kinematic structure correspondences

between two videos of heterogeneous objects

via hypergraph matching

 Kinematic correlation from a pairwise motion and skeletal proximity between two body parts i and j:

1st order 

Structure Topology

2nd order 

Kinematic Correlation

3rd order 

Combinatorial Motion

Normalisation weight 

RGB video to depth video

Robot self left arm to right arm

Robot self left arm to human arm

Proposed Graph alignment: NETAL Graph alignment: MAGNA++

Proposed F to TM Proposed F to HGM Proposed F to BCAGM+MP

Appearance feature matching: ACC Appearance feature matching: RRWM Appearance feature matching: PGM

Proposed Graph alignment: NETAL Graph alignment: MAGNA++

Proposed F to TM Proposed F to HGM Proposed F to BCAGM+MP

Appearance feature matching: ACC Appearance feature matching: RRWM Appearance feature matching: PGM

Geodesic distanceMotion difference

 Balancing effects of the similarity terms

• Inversely proportional to the number 

of elements

Normalisation weight

OVERALL FRAMEWORK

 Local shape feature matching [10,20,26,43] 

 Skeleton corresponding points matching

 Graph alignment methods [25,37] 

Object appearance should be similar

Do not consider dynamic information

Represent kinematic properties between rigid body parts

Kinematic Structure

Generally a framework of bones

Skeleton

Methods Accuracy (%)

Proposed F(X) to HGM [43] 35.06 (±30.73)

Proposed F(X) to TM [10] 29.76 (±21.65)

Proposed F to BCAGM+MP 
[26]

69.09 (±20.65)

NETAL [25] 67.72 (±39.59)

MAGNA++ [37] 63.42 (±33.66)

Proposed F(X) to RRWHM 
[20] without weight 
normalisation

88.23 (±13.07)

Proposed F(X) to RRWHM 
[20] with weight
normalisation

92.99 (±10.41)

 Kinematic Correspondence Chain Generation 

 Comparison with Other Matching Methods

 Matching btw Different Domains

Feature extraction 

& Motion segmentation

Kinematic structure 

generation

1st order: Topology

2nd order: Kinematic correlation

3rd order: Combinatorial motion

Hypergraph Matching

Resulting Correspondences
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