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Indexing 3-D Human Motion Repositories for
Content-Based Retrieval

Gaurav N. Pradhan and Balakrishnan Prabhakaran, Member, IEEE

Abstract—Content-based retrieval of the similar motions for
the human joints has significant impact in the fields of physical
medicine, biomedicine, rehabilitation, and motion therapy. In this
paper, we propose an efficient indexing approach for 3-D human
motion capture data, supporting queries involving both subbody
motions as well as whole-body motions.

Index Terms—Content-based retrieval, indexing, motion cap-
ture, singular value decomposition (SVD).

I. INTRODUCTION

HUMAN motion events can be represented in the form
of 3-D positional and rotational information of joints in

space over time. Such information can be used to better analyze
and quantify the complex human body motions for gait analy-
sis and several orthopedic applications, such as joint mechanics,
prosthetic designs, and sports medicines. Physical medicine and
rehabilitation [1], biomechanics [2], and physiology are the ap-
plications that require a large repository of 3-D human motions
wherein similarity searches and comparisons can be made on
whole human body or specifically on some part of body like
arm, leg, etc.

Fig. 1 shows the retroreflective markers on the participant’s
body in the 3-D space. As the participant keeps moving, the
motion capture technology tracks the movement of these mark-
ers (for instance, the comparison of the movement of the foot
segment for a similar motion performed by two different par-
ticipants in 3-D space is shown in the figure) and gives the
exact position of the joints/segments in the 3-D space. Hence,
every motion is represented by a matrix called as “whole-body
matrix,” which contains the 3-D positional information for all
joints. The 3-D positional information specific to a joint (i.e.,
“joint motion”) in “whole-body matrix” is given by a three-
column matrix called as “joint matrix.” The rows of these ma-
trices represent the number of frames captured.

In general, human body can be considered to have 18 ma-
jor joints. Fig. 2(a) and (b) shows 54 trajectories of 18 joints
in all three dimensions while performing walking motions of
two different subjects. Since human motions are mostly natu-
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Fig. 1. Reflectors mapping in 3-D space for the same motion.

Fig. 2. (a) and (b) X , Y , Z trajectories of all segments for two similar walking
motions with variation in time and speed. (c) and (d) Corresponding trajectories
of only foot segments.

ral activities, semantically similar motions such as walking can
have large variations. For example, when a person is walking,
he/she can wave his/her hands, swing his/her arms, or just have
his/her arms crossed. Now, let us consider a query by a phys-
ical medicine and rehabilitation specialist to find similar foot
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motions while walking. Resolution of this type of subbody
queries can be affected if we consider the different possibili-
ties for arm motions. To focus only on foot motions, we can
extract only positional information of the foot joint, as shown
in Fig. 2(c) and (d).

Thus, the main objective of this paper is to find similar
3-D human motions by constructing the indexing structure that
supports queries on subbody motions in addition to whole-body
motions. We focus on content-based retrieval for the subbody
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 motions. Some of the major challenges
in indexing large 3-D human motion databases are as follows.

1) 3-D motions are multidimensional, multiattribute, and
corelated in nature; associated segments of one subbody
(e.g., hand) should be processed always together along
every dimension.

2) The result/ranking of similar patterns to subbody query is
influenced by movements of other subbody parts.

3) It is difficult to come up with a similarity measure/metric
on 3-D human motions due to unexpected variations in
performances for similar motions (such as walking) and
also due to different behaviors of segments depending on
the hierarchical structure of the human body.

4) Human motions exhibit huge variations in speed for sim-
ilar motions as well as in directionality.

In our approach, we index the positional information of differ-
ent human body joints in a motion as the feature points. Using
these indexed feature points, a composite index structure for
3-D human motions comprising five index trees (correspond-
ing to subbody parts body, left hand, right hand, left leg, and
right leg) is constructed. Each level of the index tree is desig-
nated to a joint of the corresponding subbody part depending on
the hierarchical structure of the human body joints. Each level
prunes the irrelevant motions for the given query with respect to
the associated joint. Finally, each index tree with respect to the
corresponding subbody part gives the relevant motions that are
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.

This paper extends our previous work [3] on hierarchical in-
dexing structure for 3-D human motions. As compared to [3], in
this paper, we have achieved significant improvements in index-
ing function, thus solving the problem of false dismissals due
to feature-space partitioning. We have extensive experimental
simulations to evaluate more performance measures than [3].
Also, in this paper, we have augmented the comparisons with
other works.

To summarize, the salient contributions of our research in this
paper include the following.

1) A composite index structure that can handle both subbody
queries as well as whole-body queries.

2) This index structure is generic in the sense that it can work
with different indexing functions used for projecting 3-D
human motions in the feature space.

3) A prototype implementation handling approximately
1000 3-D human motions with 97% pruning effi-

ciency while retrieving similar motions with recall ratio
of 90%.

II. RELATED WORK

In the field of biomedicine, classification and recognition of
everyday activities using wearable sensors are analyzed in [4] to
increase awareness of daily activity and achieve active lifestyle.
A multidimensional time series motion data are decomposed
into segments in [5] using the parameters of dynamic systems to
make comparisons or assessments between human movements
easier. An interactive framework was designed for classifying
biomedical pattern data using artificial neural networks [6].

In recent years, some approaches have been proposed on mo-
tion retrievals from motion database. Qualitative features de-
scribing geometric relations between specified body points of a
pose are constructed in [7], and these features are used 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. The authors in [8]
cluster motion poses using piecewise-linear models and con-
struct indexing structures for motion sequences according to the
cluster transition trajectories through these linear components.
This method is more susceptible to misclassification as similar
motions may have different cluster transition signatures due to
variation in performances. In addition, exact/approximate string
matches may create false dismissals. Similarly, posture features
of each motion frame are extracted and mapped into a multi-
dimensional vector in [9] and [10] for motion indexing. These
methods are more posture specific, and matching in two mo-
tions is carried by indexing first and last frames that may not
be same for most of the similar motions, thus affecting sim-
ilarity results. The authors in [11] and [12] used hierarchical
motion description for a posture, and then clustering-based key-
frame extraction for retrieving and compressing the motions,
respectively. To extract key frames, they need to find similarity
between each consecutive frame, which is time-consuming. Due
to space constraints, we address few other recent approaches on
motion retrievals from motion database proposed in [13]–[15].
Indexing of whole-body motions was considered in [16] using
singular value decomposition (SVD), and only the first right
singular vectors were considered to be feature vectors. All these
approaches lack in finding similar subbody motions in varied
whole-body motions.

Also, lot of work is proposed on retrieving nearest neighbors
for the queries in multiattribute data repository. Due to space
constraint, we address only few of them. Dynamic time warping
(DTW) and longest common subsequence (LCSS) are extended
for similarity measures of multiattribute data in [17]. A pivot-
based index structure is proposed in [18] for combination of
feature vectors to address the problem for searching in multi-
ple feature datasets. An aggregate nearest-neighbors retrieval
algorithm is proposed in [19] for the multiple query points. The
iDistance [20] is a distance-based index structure; here, dataset
is partitioned into clusters and transformed into lower dimension
using similarity with respect to the reference point of a cluster.
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Fig. 3. Hierarchical tree structure of human body segments.

III. 3-D MOTION INDEX STRUCTURE DESIGN

A. Model for Index Structure and Query Region

The similarity of the retrieved motions with respect to the
query motion depends on whether the query is resolved using
“whole-body matrix” or any particular “joint motion matrix.”
However, movements of the segments associated with a subbody
have correlation while performing action. In other words, for leg
segments, movement of the toe joint is constrained or related to
the foot joint, and the movement of foot joint is constrained to the
tibia joint. This implies that for retrieving similar leg motions,
we first retrieve all the similar tibia motions for the given leg
query. These retrieved motions are considered for finding similar
foot motions. Finally, the retrieved motions that are similar to
tibia and foot are considered for finding toe similarity. The
final retrieved motions are similar, specifically to the leg-motion
query.

This motivates us to design the index tree for each subbody
part depending on the hierarchical structure of the body seg-
ments (see Fig. 3), so that we can resolve both subbody as well as
whole-body motion queries efficiently. Depending on the index
tree, we need to index each 3-D joint associated with the corre-
sponding subbody. Using weighted “SVD” [21] as the indexing
function, we separately index each 3-D joint matrix data for all
motions into the “feature vectors.” The computed feature com-
ponents for the corresponding 3-D joint matrix are the weighted
aggregation of the three right singular vectors weighted by their
associated normalized singular values. These feature vectors
are represented/mapped as the “3-D feature points” in the “3-D
feature space” for the corresponding joints, as shown in Fig. 4.

Most indexing functions in literature such as SVD [21],
independent component analysis (ICA) [22], discrete Fourier
transform (DFT) [23], and discrete Haar wavelet transform
(DWT) [24] provide only similarity measures, i.e., they are
not metrics. Due to the nonmetric characteristic of the available
indexing functions, it is difficult to strictly rank similar motions
for a given query. Hence, it is better to retrieve the set of mo-
tions that lie within a threshold distance from the query motion’s
feature point. We refer to it as “query region.”

To get appropriate threshold distances, it becomes important
to capture the uncertainty of differences in similar motions for a
joint in different feature dimensions. Now, in a training database
of M motions with E sets of predetermined similar motions,
the maximum difference between a set of similar motions for

Fig. 4. Grouping of mapped feature points in feature space for body joints
and single-path query resolution.

each feature component gives the variability range for the corre-
sponding set of similar motions in a feature space. The standard
deviation of these maximum differences across all sets of simi-
lar motions gives a good measure of uncertainty for each feature
component. For instance, if simDevc is one such standard de-
viation for the cth feature component, then we get threshold δc

for the cth dimension of the feature space as follows:

simTolerancec = δc

= ε ∗ simDevc (1)

where ε is an input parameter used to adjust the threshold.
simTolerancec (δc) is ultimately a threshold distance used to
retrieve the set of motions that lie within this distance along the
cth dimension from the query motion’s’ feature point. Based
upon experiments with motion capture data, the practical range
for ε is 0–1. The larger ε increases the threshold, and a query re-
gion is enlarged to involve more feature points, which decreases
pruning efficiency.

B. Overcoming Feature-Space Partitioning Problem

When we consider the entire set of 3-D motions in the
database, the crisp grouping on the feature points of one body
joint gives the set of groups. Each of these groups indicates
similar set of motions with respect to the corresponding joint.
Several approaches in the literature can be applied for grouping
the data such as hierarchical, self-organizing clustering [25],
BIRCH [26], k-means via principal component analysis [27],
pCluster [28], CURE [29], etc. The grouping for some tibia fea-
ture points from actual motion database is shown in Fig. 4. For
a query Q of the leg segment, if a query’s tibia feature point
falls in group G1 , then the patterns present in G1 are considered
similar. According to the model of index structure discussed in
Section III-A, these patterns in G1 are further used to find similar
motions to the query’s foot segment. This approach to retrieve
similar motions for the given motion query has feature-space
partitioning problem as follows.
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1) Due to different variations in performing similar motions,
the corresponding mapped points may fall into different
groups after clustering. Hence, space partitioning of the
feature points creates a problem of false dismissals in
resulting output of similar motions for a query.

2) According to Section III-A, we retrieve the set of similar
motions that lie in the query region. What happens when
a query region overlaps with more than one groups?

3) What happens when the query point lies in between the
groups?

One solution is to traverse the multiple groups that overlap
the query region in order to retrieve all similar motions with-
out any false dismissals. This multipath traversal technique is
not only time-consuming but also decreases the precision level
of the retrieved motions. To have a fast, accurate, no false dis-
missals solution using single-path traversal, we need to reorga-
nize the memberships of some motions present in the groups
after clustering, which means duplicating the similar motions
from the neighboring groups in respective groups. This is equiv-
alent to virtually extending the bounding region of a group (not
physically perturbing) along each dimension and appending the
original list of pattern identifiers present in a group with the list
of pattern identifiers from the neighboring groups that lie within
the extended region.

The virtual extension of the boundaries for a group along all
dimensions to accumulate the similar motions from a neighbor-
ing group must be dependent on the threshold distances (as seen
in Section III-A) along respective dimensions. Thus, to avoid
false dismissals, we incorporate following rules, where di is the
distance between the two groups and δi is the threshold distance
along ith dimension.

Rule 1: If ∃i : δi ≤ di < 2 ∗ δi and ∀i : 0 ≤ di < 2 ∗ δi , then
∀i : extend the bounding region by (di + δi) along
dimension i.

Rule 2: If ∀i : 0 ≤ di < δi , then ∀i : extend the bounding re-
gion by (di + 2 ∗ δi) along dimension i.

Rule 3: If for any i, di < 0, then extend the bounding region
by 2 ∗ δi along dimension i.

For instance, if we consider the group G1 in Fig. 5 having
the distance differences of d1 ≥ δ1 and d2 ≥ δ2 with the group
G2 along feature dimensions 1 and 2, then according to rule 1,
we get the “overlapping region” C in group G2 . The pattern
identifiers present in region C are added in group G1 . Simi-
larly, for another neighboring group G3 of the group G1 (for
simplifying the figure, we consider same d1 and d2), we get E
as the “overlapping region” for group G1 . This procedure is
followed for all groups to get “overlapping regions” from their
neighboring groups.

After collecting overlapping regions for all groups, we get no
false dismissals during single-path traversal. The reason being
that for any query region that overlaps with neighboring groups,
for instance, as shown in Fig. 5, such query regions will always
remain completely within the (shaded) overlapping regions (B
and C) of both groups G1 and G2 . Hence, as the motions from
these overlapping regions are duplicated among these groups,
the nearest group to the query point or any group (in case of
equidistant) selected during single-path traversal will have all

Fig. 5. Example for rule 1: the boundary extension of groups to collect similar
motions from neighboring groups.

Fig. 6. Construction of hierarchical index tree for leg segments.

motions from the query region. Due to lack of space, the ex-
amples and discussions for the other rules are not discussed but
they can be followed easily.

C. Construction of Subbody Index Trees

Section III-A and III-B leads us to our index structure in
the form of index trees corresponding to each subbody. Fig. 6
shows the index tree for leg part of the body. Here, we follow
the human body segment hierarchy to associate level 1 (i.e., the
root node of the index tree) with the tibia segment while level 2
is associated with the foot segment and level 3 with the toe
segment.

The number of nodes constructed in nonroot level, say level
j, is equal to the total number of groups present inside the nodes
of immediate parent level (i.e., level j − 1). Thus, each node has
a parent in the form of a group in the immediate higher level.
In each node of level j, joint feature vectors associated to that
level are mapped in 3-D indexed space. In each nonroot node,
corresponding joint feature vectors of the motions present only
in the parent group are considered. In a root node, corresponding
joint feature vectors of all motions are considered. A node of
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the index tree has the following structure:

N : (G1 , G2 , . . . , Ge)

Gi : (R,S,C, child − pointer). (2)

A node N consists of e groups G1 , . . . , Ge of mapped points
formed by grouping the feature space. Each entry Gi consists of
bounding region R. The variable S is a set of n pattern identifiers
whose mapped feature points are present in Gi , child − pointer
is a pointer to the node in the next level of an index tree, and C
is the centroid of a group Gi .

Similarly, other index trees are constructed to build the whole
indexing structure. The (left/right) hand index tree has level 1
associated with the clavicle segment to level 4 associated with
the hand segment. The possible index tree operations such as
pattern insertion and search can be followed from the discus-
sions of Section III-A–C. However, it is important to find the
most relevant motions among the retrieved motions for the given
motion query.

Ranking similar motions:After traversing the index tree for
finding relevant motions to the query, the majority of irrelevant
motions should have been pruned. To find out the most similar
motions out of the retrieved relevant motions, we need to rank
them in the order of similarity. According to [30], to capture
the similarity of query matrix and the matrix corresponding to
retrieved patterns, SVD is applied on the motion matrices. A
similarity measure (Ψ) [30] can be used to compute the similar-
ity of the query with all returned motions, and the motions with
highest similarity has the highest rank or they are most similar
to the query.

D. Handling Whole-Body Queries

In some cases, queries on the whole-body motions would
be more meaningful than queries on subbody motions. For ex-
ample, if we want to find motions similar to certain baseball
pitching, motions of the whole body considered together would
be more useful.

For resolving such queries, each of the five index trees returns
the respective similar motions for the subbody 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
then decided by similarity measure proposed in [30].

IV. PERFORMANCE ANALYSIS

In this section, we present the performance of the indexing
tree structure with respect to pruning irrelevant motions for a
given motion query. We also analyze the average traversing
time for the given queries through the index tree, and accuracy
of indexing structure along with average recall and precision.
Let Npr be the number of irrelevant motions pruned for a given
query by the index tree and Nir be the total number of irrelevant
motions in the database. We define the pruning efficiency P as

P =
Npr

Nir
× 100%. (3)

TABLE 1
PERFORMANCE PARAMETERS

Fig. 7. Pruning efficiency for different heterogeneity scaling factors.

Our test bed consists of 200 different types of human motions
performed by 20 participants in 3-D motion capture laboratory
that consists of 16 high-resolution Vicon cameras recording
motions at 120 frames per second. The different types of motions
were included from the categories of karate, athletic movements,
sports’ actions, dances, etc., and each action was repeated five
times, resulting into 1000 motion capture data matrices of 54
columns for each full-body motions.

A. Performance Parameters

The heterogeneity value for any body segment indicates the
total variation in the corresponding feature points mapped in
indexed space. α is the heterogeneity scaling factor in the range
0.5–0.9 deciding the heterogeneity threshold. For inserting pat-
terns in different groups, the input parameter ε is varied between
0.2 and 1. Table I summarizes the parameters discussed in this
section.

B. Pruning Efficiency

During the construction of the index trees, we used the hi-
erarchical, self-organizing clustering approach inside nodes of
all levels. We tested the pruning efficiencies by conducting a
variety of experiments on different configurations of trees by
varying heterogeneity scaling factor α. We also varied an in-
put parameter ε while inserting motions in the index trees. All
these experiments were carried out on the same test bed of 1000
motion capture data matrices. For each experiment, we issued
1000 queries to calculate the average pruning efficiency for the
indexing tree, as shown in Figs. 7 and 8.

For a fixed ε, as we go on increasing the heterogeneity scaling
factor (α), the heterogeneity threshold goes on increasing, and as
a result, more pattern-corresponding feature points get accumu-
lated in the same partition. This reduces the pruning power (as
shown in Fig. 7) due to the inclusion of some irrelevant motions.

The effect on pruning efficiency was also studied by keep-
ing heterogeneity scaling factor constant and varying the input
parameter ε. The results shown in Fig. 8 convey that, as we
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Fig. 8. Pruning efficiency for different input parameters (ε).

Fig. 9. (a) Computational time for all index trees. (b) Total time required for
index structure for processing a query.

increase ε, the simTolerance(δ) for all components increases.
As a result, increased extension of bounding regions for the
groups gives larger “overlapping regions” in respective neigh-
boring groups. Hence, more number of pattern identifiers from
neighboring groups are duplicated inside corresponding group
to decrease pruning efficiency. For a whole-body motion query,
the average pruning efficiency achieved is 98% as more motions
get pruned while performing intersection.

C. Computational Time for Searching Query

We tested the average computational time required for 1000
queries to traverse through the index tree and to prune the ir-
relevant motions. All experiments are performed on a computer
with 3.00 GHz Linux Intel(R) Xeon(TM) CPU. Fig. 9(a) shows
the computational time for all index trees when tested with vary-
ing ε. As we have pattern identifiers of all similar motions in
one group, the query traversal is along only one branch of the
index tree. For the whole motion query, we need to traverse all
the five index trees. Fig. 9(b) shows the aggregate time required
for the whole index structure to prune the irrelevant motions for
the whole-body motion query.

D. Recall and Precision

When a motion query is given to an index tree, ideally, it
should return all similar motions. However, in practice, resolu-
tion of some queries may have some irrelevant motions due to
the use of nonmetric nature of the similarity measures (as dis-
cussed in Section III-A) as well as the variations in performing
similar motions. Fig. 10 shows the average recall of 1000 motion
queries for each different configurations of the index tree. When
ε is in range of 0.6–1.0, about 95% of relevant motions are re-

Fig. 10. Recall for different configurations of the index tree.

Fig. 11. Precision for different configurations of the index tree.

Fig. 12. Precision as a function of recall, parameterized by the heterogeneity
factor.

turned for the motion query for greater values of heterogeneity
scaling factors.

Precision: Fig. 11 shows the results of the precision of re-
trieval motions for different configurations of the index struc-
ture. We issued 1000 queries for every configuration of the index
structure. For ε = 0.2, the precision of retrieval achieved was
94%. As heterogeneity scaling factor increases, the amount of
retrieved patterns increases, and as a result, there are more false
hits in the retrieval that lowers precision.

Fig. 12 shows the precision versus recall curves parameterized
by the different heterogeneity scaling factors. It is clear that, for
a given recall value, the precision of the indexing structure for
lower heterogeneity scaling factors is better than that for higher
scaling factors.
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E. Comparisons

We compared our approach with:
1) indexing time series technique applied to motion capture

data in [31];
2) multilevel distance-based index structure proposed in [32].
A technique for indexing time series with invariance to uni-

form or global scaling based on bounding envelopes was in-
troduced in [31]. It was applied on motion capture database
to search the closest match for the query motion with prun-
ing efficiency of 90%–95%. The limitation of this approach is
that query can only be in the form of single time series and
the candidates too are univariate time subsequences with fixed
length. To find similar motion for the given query, we need to
apply searching algorithm sequentially to every degree of free-
dom and at the end evaluate the best match by measuring the
weighted sum of Euclidean distance of the sequences, which
is time-consuming. Hence, the fastest average running time per
query achieved in [31] was 10–20 ms, which is significantly
lower than our approach, typically around 15 µs.

The multilevel distance-based index structure for extended
frobenius norm (MUSE) indexing structure works on indexing
synthetic hand gesture motions generated using an instrumented
device called CyberGlove [32]. Since hand gesture motions have
multiattributes and different variations just like captured 3-D
human motions, MUSE seems to be the most suitable indexing
structure published so far for multiattribute motion data. For
performance comparison, we applied MUSE on our database
of 3-D human motions. The MUSE structure was constructed
using three levels. By querying 1000 3-D 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 s. The reason MUSE has a poor performance
on 3-D motions is that the lower bound defined by MUSE for
pruning irrelevant motions [32] is not tight enough for 3-D
human motions.

V. CONCLUSION AND DISCUSSIONS

In this paper, we considered content-based motion query-
ing on a repository of multiattribute 3-D motion capture data.
Our objective was to develop an indexing structure that can
efficiently handle queries on subbody motions as well as whole-
body motions. We observed that the similarity measure of a
motion of a body subpart (such as leg motion) might be heavily
influenced by the motion of another part (such as hand), if the
entire human body motion is considered as a whole. Hence, we
argued that the resolution of subbody motion queries could be
handled better by comparing the isolated motions of the relevant
human body joints. Based on these arguments, we proposed a
composite index structure that maps on to the hierarchical seg-
ment structure of the human body.

In our prototype implementation, we used SVD as the tech-
nique to map the multidimensional 3-D motion data onto the
feature space. However, the proposed index structure can eas-
ily work with any other appropriate similarity matching ap-
proaches as well. We also used the hierarchical, self-organizing
approach for grouping similar motions in the prototype. Again,

any other appropriate grouping/clustering approach can be in-
corporated into the implementation. We tested our prototype
using a database of 1000 human motions captured in our Mo-
tion Capture Laboratory. 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 µs.

This research will be used to develop a user-friendly query
interface that can assist user to give specific queries for subbody
motions as well as generic queries on whole-body motions in or-
der to retrieve similar motions from the motion database depend-
ing on the query. Since the proposed indexing approach helps
in analyzing the different body segments/joints together or sep-
arately for different motions, this approach can be utilized rig-
orously for biomedical applications. Also, physical medicines
and rehabilitation specialists can use this method for diagnosis
purpose.

Though our proposed indexing structure is based on the
joint/bone structure of the human motion data, it would be ap-
plicable to other forms of multidimensional medical data with
hierarchical relations among the attributes.
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