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Abstract. Content-based retrieval of 3D human motion capture data
has significant impact in different fields such as physical medicine, re-
habilitation, and animation. This paper develops an efficient indexing
approach for 3D motion capture data, supporting queries involving both
sub-body motions (e.g., Find similar knee motions) as well as whole-body
motions. The proposed indexing structure is based on the hierarchical
structure of the human body segments consisting of independent index
trees corresponding to each sub-part of the body. Each level of every
index tree is associated with the weighted feature vectors of a body seg-
ment and supports queries on sub-body motions and also on whole-body
motions. Experiments show that up to 97% irrelevant motions can be
pruned for any kind of motion query while retrieving all similar motions,
and one traversal of the index structure through all index trees takes on
an average 15 psec with the existence of motion variations.

1 Introduction

Several scientific applications, especially those in medical and security field, need
to analyze and quantify the complex human body motions. Sophisticated motion
capture facilities aid in representing the complex human motion in the 3D space.
The 3D human joint data from motion capture facility helps in analysis and
comparison of the motions.

Focus of the Paper : Our main objective of this paper is to find similar 3D
human motions by constructing the indexing structure which supports queries
on sub-body motions in addition to whole-body motions. We focus on content-
based retrieval for the sub-body queries such as Find similar shoulder motions,
Find similar leg motions etc., or more regular query on whole body such as Find
similar walking human motion. Some of the major challenges in indexing large
3D human motion databases are:

— 3D motions are multi-dimensional, multi-attribute and co-related in nature;
associated segments of one sub-body (e.g. hand) must be processed always
together along every dimension.

— Human motions exhibit huge variations in speed for similar motions as well
as in directionality.



Proposed Approach : In our approach, we represent the positional information
of different human body joints in a motion as a feature point. Using these feature
points, a composite index structure for 3D human motions comprising five index
trees is constructed. Each of the five index trees corresponds to one sub-body
part (torso, left hand, right hand, left leg, and right leg). Each level of the index
tree is designated to a joint of the corresponding sub-body part depending on
the hierarchical structure of the human body joints. The mapped feature points
of the joint associated with the level are grouped together. Each level prunes
the irrelevant motions for the given query with respect to associated joint. And
finally, each index tree gives the relevant motions for the query with respect
to corresponding sub-body part. The output of relevant motions is then ranked
using a similarity measure. For the whole motion query, the outputs from all
index trees are merged and then ranked to get the most relevant motions for the
whole-body query.

2 Related Work

In recent years, some approaches have been proposed on motion-retrievals from
motion database. [12] constructed qualitative features describing geometric rela-
tions between specified body points of a pose and uses these features to induce
a time segmentation of motion capture data streams for motion indexing. For
each query a user has to select suitable features in order to obtain high-quality
retrieval results. In [10], the authors cluster motion poses using piecewise-linear
models and construct indexing structures for motion sequences according to the
transition trajectories through these linear components. Similarly, posture fea-
tures of each motion frame are extracted and mapped into a multidimensional
vector in [3] for motion indexing. In [9], the authors use a hierarchical motion
description for a posture, and use key-frame extraction for retrieving the mo-
tions.

Keogh et al. [6] use bounding envelops for similarity search in one attribute
time series under uniform scaling. The iDistance [14] is a distance-based index
structure, here dataset is partitioned into clusters and transformed into lower
dimension using similarity with respect to reference point of cluster. MUSE [13]
extends [14] where partitioning of dataset at each level of the index tree is based
on the differences between corresponding principal component analysis (PCA).

3 3D Motion Index Structure Design

We need to extract the feature characteristics from the motion matrix; such that
joints’ motions are represented as entities in the low dimensional feature space
(fd-space). When we map the entire matrix for the two walking motions(Figure
1(a, b)), the mapped feature vectors are as shown in Figure 1(e) (Figure 1(f)
zooms components corresponding to leg segments). Now, we can also map only
the sub-matrix corresponding to leg motion alone, as shown in Figure 1(g).
The differences between the same feature components are amplified and hence
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Fig.1. (a)&(b): X, Y, Z trajectories of all segments for two similar walking motions.
(c)&(d): Corresponding trajectories of only leg segments (tibia, foot, toe). (e) Feature
components for whole body motions. (f) Feature components associated to only leg
segments from(e). (g) Feature components for individual leg segments.

we can determine the similarity or dissimilarity between the two motions in a
better way. The way this mapping of matrix/sub-matrix is done influences the
query resolution. The details of mapping function are explained in Section 5.1.
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Fig.2. (a)Segment structure for human body with five major sub-body parts. (b)
Hierarchical tree structure of human Body segments

This motivates us to design the index tree for each sub-body part depending
on the hierarchical structure (Figure 2(b)) of the body segments (Figure 2(a))
so that we can resolve both sub-body motion as well as whole body motion
queries efficiently. This structure consists of five branches with pelvis segment
as the root. This human body structure inspires us to have a composite index
structure consisting of five index trees corresponding to each branch.



4 Constructing Sub-body Index Trees

On mapping the joint data in 3D feature space, we can index these mapped
points by constructing a corresponding index tree. Most mapping functions in
literature [5], [2], [1] provide only similarity measures, i.e. they are not metrics.
Due to the non-metric characteristic of the mapping functions available, it is
difficult to strictly rank similar motions for a given query. Hence, it is better to
retrieve the set of motions that lie within a threshold distance from the query
motions feature point.

Now, let us consider two correlated joints such as tibia and foot. The move-
ment of foot joint is constrained by or related to the tibia joint. This implies that
for retrieving similar leg motions, we first retrieve the group of similar tibia mo-
tions, and only retrieved motions are considered for finding similar foot motions,
and finally for similar toe motions. This leads us to the index tree structure for
leg part of the body as shown in Figure 3.

The number of nodes constructed in Level j are equal to total number of
groups present inside the nodes of immediate higher level (i.e. Level j —1). Each
node has a parent in form of group in immediate high level. In each node, joint
feature vectors corresponding to Level j are mapped in 3D-indexed space. But,
the patterns present only in parent group are mapped as a 3D-point inside the
node.

A node of the index tree has the following structure,

N : (GlaG2a"'aGe)
G; : (R, S, C, child — pointer) (1)

A node N consists of e groups of mapped points Gy, - - -, G, formed by grouping
the feature space. Each entry G; consists of bounding hyper-rectangular region
R, S is a set of n pattern identifiers whose mapped feature points are present in
R and child — pointer is a pointer to the node in the next level of an index tree.
C'is the centroid of the group Gj.
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Fig. 3. Construction of hierarchical index tree for leg segments.

An example: The construction of the left leg index tree is illustrated in Figure
3. The tibia feature points mapped in indexed space forms the root node N1
in the Level 1 of left leg index tree. Let us assume that the indexed space is



clustered to get three groups G1, G2 and G3, each containing feature points for
similar motions. Every group G1, G2, and G3 becomes parent of node N21, N22
and N23 in Level 2 respectively. In node N21, foot feature points of all motions
present in G1 are mapped in foot indexed space, which is further partitioned.
This process is repeated for all nodes in Level 2. And the construction of the
index tree is continued for last level in similar fashion.

4.1 Index Tree Operations

Pattern Insertion: Let us consider the insertion of a new motion in the left arm
index tree. For this new motion, let f; be the feature vector for left arm motion.
Let (fz(1-3)) feature point mapped in feature space corresponds to clavicle seg-
ment, [fz(4—g)] to humerus segment, [fy(7_g)] to radius segment and [fz(10-12)]
to hand segment.

Using the threshold §. on each component of the feature vector of new in-
serting pattern, say for instant f,., we get a range defined as follows,

[f:cc] = [farc - 607 f:L‘c + 6c] (2)

In first level of arm index tree, we map the new motion of clavicle segment in
feature space. So, the new pattern’s clavicle segment feature vector becomes a
hyper-rectangular region. The dimension of this region is Hy = [(fz1 — 1, fo2 —
02, fez — 03), (fe1 + 01, foz + 02, fos + J3)]. If this region overlaps with multiple
groups inside node, we store new pattern identifier p, in S structure of each
overlapped group. The following routine shows the insertion procedure in Node,

The patterns in the next level will be inserted only in child nodes of the
overlapped groups. The insertion procedure is same but the thresholds and H,
will change depending on the variations in components of similar feature vectors
associated with next level.

Pattern Search: A query search can be very simple: find a group in a node
whose boundaries covers the query feature vector or if not, the nearest group
to query vector. This group will have copies of all the similar motions from
neighboring groups. So there is no need to traverse multiple groups. The query
is traversed forward to the corresponding child node pointed by the overlapped
or nearest group. When a leaf node is reached, all the motion identifiers included
in that leaf node are returned.

Ranking the similar motions: After the index tree has been searched for
query, the majority of irrelevant motions should have been pruned. To find out
most similar motions to given query we need to rank them in order of similarity. A
similarity measure [7] shown in equation(3) can be used to compute the similarity
of the query and all returned motions, and the motions with highest similarity
has the highest rank or most similar to the query.
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where ¢; and ); are the " eigenvalues corresponding to the i*? eigenvectors u;
and v; of square matrices of ) and P, respectively, and 1 < k < n.

4.2 Handling Whole-body Queries

In some cases, queries on the whole body motions would be more meaningful
than queries on sub-body motions. For example, if we want to find motions
similar to certain swimming stroke whole body considered together would be
more useful.

The five index tree returns the respective similar motions for the sub-body
parts. To get similar whole body motion, we need to merge these outputs by
taking the intersection of all returned pattern sets. The common patterns in all
output sets from index trees will form the answer for the whole body query.
The ranking of similarity patterns is again decided by similarity measure using
equation (3) with n = 48 (all segments).

5 Index Structure Implementation

With the global positions, it becomes difficult to analyze the motions performed
at different locations and also in different directions. Thus, we do the local trans-
formation of positional data for each body segment by shifting the global origin
to the pelvis segment because it is the root of all body segments. The segments
included in the five index trees are highlighted in Figure 2(b).

5.1 Mapping Function for joint matrices

An appropriate mapping function is required to map 3D motion joint matrices
into 3D feature points in the feature space. In our implementation, we used the
linearly optimal dimensionality reduction technique SVD [5] for this purpose.
For any m x 3 joint matrix A, the SVD is given as follows,

AmXB — Umxm . SmXB . V3><3 (4)

S is a diagonal matrix and its diagonal elements are called singular values. And
columns of V matrix are called right singular vectors. We add up the three
right singular vectors weighted by their associated normalized singular values to
construct the features for a joint motion as follows:

3
fc — E(wz . vci) (5)
i=1
where w; = =<£—, Z?:l w; = 1, ¢c={1,2,3}, and [p1, p2, p3] is singular value

- Doiia P
vector and ve; is the ¢** component of the ** right singular vector and w; is the
normalized weight for the i*# right singular vector. The weighted joint feature



vector of length 3 represents the contribution of the corresponding joint to the
motion data in 3D space and also captures the geometric similarity of motion
matrices.

The feature vectors for joints are represented as mapped points in feature
space. For the similar feature vectors, corresponding mapped points will be close
to each other. This creates a need to do grouping of such points which can
simplify the similarity search.

5.2 Node Grouping Approach

Several approaches have been suggested in the literature for grouping data [8§],
[4], [15]. In our work, we formed grouping in all nodes of index tree using the
hierarchical, self-organizing clustering approach [11].

Hierarchical, Self-organizing Clustering Approach In this approach, a
node 1is spliced into two groups if heterogeneity is greater than defined thresh-
old. Heterogeneity(H;) is a measure to calculate the distribution of the mapped
points in a given group. Scattered points in group give high heterogeneity value
and closely distributed points give low heterogeneity value. The threshold(7}y)
is determined by product of this measure and heterogeneity scaling factor «.

D

H_Z”xj_clb T = H, %«

t — |D| h — t
j=1

where C'is the 3D-centroid of the node containing total D patterns and z; is the
mapped 3D coordinates of patterns inside group. We iteratively do the splicing
on groups until heterogeneity values of all formed groups are below threshold
T},. These groups become the parent of the nodes in the next level.

Similarly, other index trees are constructed to build whole indexing structure.
The (left/right) hand index tree has Level 1 associated with clavicle segment to
Level 4 associated with hand segment.

Overcoming Space Partitioning problem: The DGSOT is a space parti-
tioning approach. Due to different variations in performing similar motions, the
corresponding mapped points may fall into different groups after clustering caus-
ing false dismissals in resulting output of similar motions for the query. Hence,
the sizes of the group must be re-adjusted by some “threshold” to include most
of the similar motions from the neighboring groups.

To solve the space partitioning problem, we capture the uncertainty of differ-
ences in similar motions for a joint in different feature dimension using standard
deviation. In a database of M motions, we have E sets of pre-determined simi-
lar motions. Let simDev, be the standard deviation of the differences between
similar motions for the ¢** feature component.



Using simDev,, we get the threshold d. to enlarge the group along the ct”
dimension of the feature space as follows,

stmTolerance, = J. = ¢* stmDev, (6)

simTolerance. (8.) is a final threshold to enlarge the group along ¢!” dimen-
sion. € is an input parameter which varies in the range of 0.2 — 1. The larger
€ gives high threshold and a group is enlarged to involve more feature points
from neighboring groups along all feature dimensions. As a result, the pruning
efficiency goes on decreasing and rate of false dismissals falls.

6 Performance Analysis

The human motion data was generated by capturing human motions using 16
high resolution Vicon cameras connected to a data station running Vicon iQ
software. Our test bed consists of 1000 human motions, performed by 5 different
subjects.

Let Np, be the number of irrelevant motions pruned for a given query by the
index tree, and N;,. be the total number of irrelevant motions in the database.
We define the pruning efficiency P as

p= ]]VV_P x 100% (7)

r

6.1 Pruning Efficiency

For each experiment, we issued 1000 queries to calculate the average pruning
efficiency for the indexing tree as shown in Figure 4(a) and Figure 4(b).
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Fig.4. (a) Pruning efficiency for different heterogeneity scaling factors. (b) Pruning
efficiency for different input parameters ().

As we go on increasing «, the heterogeneity threshold goes on increasing,
and more pattern-corresponding feature points get accumulated in the same



partition, which reduces the pruning power due to inclusion of some irrelevant
motions. There is a steady increase in the pruning efficiency as we decrease the
heterogeneity scaling factor (Figure 4(a)). The effect on pruning efficiency was
also studied by keeping « constant and varying the input parameter ¢ (Fig-
ure 4(b)). As we increase ¢, the simTolerance(d) for all components goes on
increasing as a result the pruning efficiency goes on decreasing.

For whole body motion query, average pruning efficiency achieved is 98%
where we take “intersection” of the set of relevant motions from five index trees.

6.2 Recall

When a motion query is given to an index tree, ideally it should return all similar
motions. However, in practice, resolution of some queries may have some irrel-
evant motions due to the non-metric nature of the similarity measures used as
well as the variations in performing similar motions. Figure 5 shows the average
recall for different configurations of the index tree. As input parameter € goes on
increasing, the average return of similar patterns for the given query (i.e. hits)
goes on increasing.
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Fig. 5. Recall for different configurations of the index tree.

6.3 Comparison with MUSE

The MUSE indexing structure works very well on indexing synthetic hand ges-
ture motions generated using an instrumented device called CyberGlove [13].
Since hand gesture motions have multi-attributes and different variations just
like captured 3D human motions, MUSE seems to be the most suitable indexing
structure published so far for multi-attribute motion data. For performance com-
parison, we applied MUSE on our database of 3D human motions. The MUSE
structure was constructed using 3 Levels. By querying 1000 3D motions, the
pruning efficiency achieved was 5.5%, as compared to 97% of our index tree
structure. Also, the average computational time required per query was 0.3 sec-
onds. In our case, for the same set of queries, the average computational time
per query is 15 usec. The lower bound defined by MUSE for pruning irrelevant
motions [13] is not tight enough for 3D human motions.



7 Conclusions and Discussions

This paper considered content-based motion querying on a repository of multi-
attribute 3D motion capture data. We proposed a composite index structure
that maps on to the hierarchical segment structure of the human body. This
composite structure comprises five independent index trees corresponding to the
five identified body parts: body/thorax, two arms & two legs. In each of these
five index trees, a tree level is assigned to one segment feature vector. At each
level, similar feature points inside all nodes are grouped together to increase the
pruning power of the index tree.

We tested our prototype using a database of approximately 1000 human
motions. Our experiments show that up to 96~97% irrelevant motions can be
pruned for any kind of motion query while retrieving all similar motions, and one
traversal of the index structure through all index trees takes on an average 15
psec. Finally, our approach is also applicable to other forms of multidimensional
data with hierarchical relations among the attributes.
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