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Abstract—Human motion capture data is a digital 
representation of a three-dimensional human motion structure 
and exhibits its complexity both temporally and spatially. With 
the rapid development of motion capturing technologies and the 
more common use of motion capture data in the field of 
computer graphics and animation, methods for the reuse of the 
recorded motions in a database are gaining in importance both 
for efficiency and cost reasons. As a result, identifying and 
extracting similar motions within some data set is fundamental 
to data-driven approaches. Considering motion expression is an 
essential basis of constructing motion databases for purposes of 
efficient and effective motion capture data organization, 
classification, analysis, and retrieval, we propose physics-based 
human motion features consist of joint torques. We utilize these 
discriminative and low-dimensional physics-based features with 
kd-tree data structure to search for similar motion poses. Using 
spatial and temporal alignment methods of motion data, we 
expand searching for similar motion poses to searching 
similarities in motion capture data. 

Keywords—motion capture, similarity, retrieval, character 
animation, data-driven animation, physics-based animation 

I. INTRODUCTION 
The rapid development of motion capture technologies has 

led to the use of human motion data in many different areas, 
such as computer animation, sport sciences, medicine, and 
security. In sports science, motion data is used to analyze and 
optimize the performance properties of athletes. In medicine, 
motion capture technologies are employed for determining the 
success of rehabilitative treatments. In particular, the 
production of high-quality computer games and animations 
requires an expensive and time-consuming synthesis of 
motions. It is necessary to reuse motions recorded in a 
database to make animation and game production more 
efficient. Because of this reason, motion retrieval techniques 
aim to find out similar motion sequences in a database given 
a query motion. 

In human motion databases, efficiency and accuracy are 
very important to search similar motion. The most primary 
factors for these are motion expression, matching algorithm, 
indexing structure, search space, and more.  

For motion expression, it is necessary to create an 
abstraction over motion capture data in the form of human 
motion features. In this approach, we use physics-based 
human motion features consist of joint torques and 
magnitudes  of  joint  torques.  For  some  main joints. Physics- 

Fig. 1.  General flow chart of the proposed approach 

based features implicitly include the gravity, ground reaction 
forces, and some knowledge of the remaining body parts. 
These features are discriminative and low dimensional 
representation of a human motion that preserves the original 
high dimensional data's information. 

The main contribution of this work is a two-step method 
proposal that extracts the physical properties of the motion to 
search similarities in motion capture databases. The general 
approach of the proposed system is summarized in Fig. 1. 
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First, joint torques and centers of mass are extracted as 
physics-based properties from the data in the motion database. 
These physics-based properties are defined for each pose of 
the motion. The kd-tree structure is built using all poses in the 
motion database. Physics-based properties, namely joint 
torques and centers of mass, are also extracted from the 
queried motion. With the created kd-tree structure, similar 
poses are found separately for all poses corresponding to the 
queried motion. The motion parts to which the closest poses 
belong to each pose in the queried motion have occurred as 
motion candidates that may be similar to the queried motion.  

Second, the temporal and spatial alignments are made 
separately between the set of the query motion and similar 
motion candidates. As a result, the closest similar motions are 
obtained by using similarity metrics between candidate 
motions and query motion.  

The proposed technique is tested in CMU, HDM05, and 
MIDAS human motion capture databases. Besides, joint 
torques and centers of mass, as well as joint positions and joint 
angles, are compared as feature vectors based on physics. 

II. PREVIOUS WORK 
A large amount of human motion capture data have been 

gradually recorded and used in computer animation, computer 
games, and virtual reality applications. Motion capture data is 
no longer a rare and expensive product due to the widespread 
use of motion capture technology and the ability to retrieval 
more databases. For this reason, making the existing motion 
databases usable has become a critical problem. Fast searching 
of content in large motion databases serves as a fundamental 
basis for these motion databases applications.  

It is essential to define the appropriate similarity measure 
for similar motion retrieval and classification processes in 
motion databases. Here, the concept of "similarity" required 
to compare different motions is a widespread expression and 
varies according to its definition. First of all, two different 
motion data can express temporally or spatially different 
characteristics of the same action. For example, even when 
comparing two walking motions, variations may arise 
depending on many parameters such as direction, speed, style, 
and body size. Besides, for example, a walking and a running 
motion can be described as similar, ignoring the spatial 
differences that exist and the highly observed temporal 
differences. 

The complexity of the motions varies with different styles. 
For example, walking motion may differ in performance, such 
as disruption, using fingertips, advancing appropriate steps. 
Given the emotional expression and mood, it can be divided 
into cheerful, sad, angry, shy. In addition, it may change with 
the physical and characteristic features of the person 
performing the action. 

Intuitively, two motions can be considered similar even if 
they show very different variations of the same action. This 
concept is defined as “logical similarity”. Here the variations 
may concern the spatial as well as the temporal domain. 
Besides, logically similar motions need not be numerically 
similar as they can vary significantly spatially and temporally. 
On account of, logical similarity may lead to incomplete and 
insufficient retrieval results when using similarity measures 
based on a numerical comparison of spatial coordinates. 

The searching methods in motion databases are divided 
into three groups as sample-based [1, 2, 3, 4, 5] and control 

set-based [6, 7, 8, 9], and user-centered [10, 11, 12]. In 
sample-based retrieval, a complete sample motion is 
submitted for the query, and all similar motions are intended 
to be extracted from the database. On the other hand, in control 
set-based retrieval, sparse or incomplete motion data is used 
as a query, and it is aimed to retrieval the corresponding full 
motion data on the motion base. In user-centered retrieval, the 
user must browse the database for the desired motion and set 
specific criteria. 

In order to make animation and game production more 
efficient in the field of computer graphics, it is necessary to 
reuse the motions that are already in the database. For this, 
motions in the database can be expressed manually or 
automatically using textual descriptions [13, 14, 15]. 
However, textual descriptions may not always adequately 
express the desired motions, and the search may be restricted 
to certain motion classes only. 

For sample-based retrieval to motion databases, Kovar and 
Gleicher [1] look for numerical and logical similarity in the 
motion capture data. They precalculate the locally optimal 
time alignments for all motions in the database. For this, they 
create structures called "match webs" on dense distance 
matrices. When part of the motion dataset is given for query, 
their systems automatically find and extract similar motion 
parts, i.e., motion parts representing variations of the same 
motion. Their methods contain three basic ideas. The first key 
idea is the multi-stage search. Logically similar motions can 
have very different skeletal poses. In a large dataset, some 
logically similar motions are likely to be numerically similar. 
Therefore, they find more motions by using similar motions 
they find as new queries. The second key idea is that they use 
a time match to describe the similarity. The last basic idea is 
precomputation interaction practices. To provide interactive 
speed, they precompute a "match web" that is an efficient 
searchable representation of similar motion parts. Hence, their 
technique requires a lot of preprocessing time for large 
databases. 

Forbes and Fiume [2] showed that clustering and size 
reduction processing for sample-based retrieval in motion 
databases improves time in dynamic time alignment based 
methods. 

Chiu et al. [3] perform clustering using a self-organizing 
map and indexing individual body parts (e.g., arms, legs, 
body) to make timely improvements in sample-based motion 
data retrieval methods based on dynamic time alignment. 

Müller et al. [16, 17, 18] achieve significantly rapid 
content-based searching in large motion databases by 
representing poses with their binary geometric properties. In 
their approach, they define various kinds of qualitative 
features describing geometric relations between specified 
body points of a pose and show how these features induce a 
time segmentation of motion capture data streams, such as the 
left hand is in front of or behind the body. They create efficient 
indexing methods by adding spatial-temporal invariance to 
geometric properties to allow flexible and efficient searching 
for huge motion capture databases. They also implement an 
effective preprocessing strategy for the time alignment of 
logically similar motions that accelerates the cost-intensive 
classical dynamic time warping techniques. Although binary 
geometric features are well suited to describe concepts of 
logical similarity of motions and find "patterns of motion", 



they are not suitable in contexts requiring close numerical 
similarity of motions. 

Keogh et al. [4] observe cases where general dynamic time 
warping is not required in the method they applied for sample-
based searching in motion databases. They also provide a fast 
retrieval algorithm for motions that can be well aligned using 
uniform time scaling. 

Kruger et al. [5] present an efficient approach for sample-
based retrieval in motion databases, suitable to large 
databases. They prioritize reducing complexity while 
applying their techniques, so they gain their methods relevant 
to large databases. They develop a rapid plan for general 
similarity investigations using the kd-tree based neighborhood 
queries. They use feature sets ranging in size from 15 to 90 for 
nearest neighbor searches based on the kd-tree. Thus, they 
make it practical to define similar regions locally in human 
motion data for large databases. They additionally improve k-
nearest neighbor search methods and use them efficiently for 
numerical and logical similarity searches. 

Hsu et al. [7] introduce a dynamic programming technique 
that combines the best gestures using a reduced marker set for 
control set-based retrieval in motion databases. 

For control set-based searching in motion databases, Liu 
et al. [8, 9] preprocess the motion database using hierarchies 
of local linear models to retrieval a character pose in a sparse 
marker set quickly. They further try to identify a particular 
subset of markers that provided the most information for 
correct pose searching. 

Sakamoto et al. [10] designed a visual interface to provide 
search to desired motions for user-centered retrieval in motion 
databases. In this interface, the user defines key poses 
according to the motion desired to search using a map of the 
poses. 

For control set-based retrieval in motion databases, Chai 
and Hodgins [6] provide a fast nearest neighbor search using 
neighborhood graph structures for motion database 
preprocessing. They convert the low-dimensional control 
signals obtained from only a few markers into a full body 
animation with the system they developed. For this, they built 
a set of local models from the human motion capture database 
at runtime and used them to fill in the possible motion 
information that could not be captured by pointers. 

In this work, it is aimed to give a similar motion definition 
by masking the spatial and time differences. If the two motions 
differ in time, such as between running and walking motions, 
these are distinguished and perceived as different. 
Additionally, the two different walking motions are defined as 
similar, although they differ in speed and style. Besides, the 
spatial difference of the two motions is evaluated by 
disregarding the body dimensions and initial direction and 
orientation of the motions. 

III. PHYSICS-BASED AND KINEMATIC MOTION PROPERTIES 
The crucial point in searching similar motions in human 

motion databases is decreasing the dimensionality of motion 
data by using feature vectors. Normally, motion features are 
summarized to describe the characteristics of a motion 
sequence. However, the motion features are for speeding up 
the searching procedure without loss of information in results. 
In this work, the following physics-based features are 
determined to express motion capture data: 

• 𝐶!: Center of mass  
(3 dimensions) 

•  𝑇": Magnitudes of joint torques of 4 end-effectors and 
head 
(5 dimensions) 

• 𝑇#$: Magnitudes of joint torques of 4 end-effectors and 
head, as well as the 5 positions of the elbows, knees 
and one chest joint  
(10 dimensions) 

• 𝑇#": Joint torques of 4 end-effectors and head  
(15 dimensions) 

• 𝑇!$: Joint torques of 4 end-effectors and head, as well 
as the 5 positions of the elbows, knees and one chest 
joint  
(30 dimensions) 

The human body is a complex articulated body in which 
the dynamics resulting from the forces and torques. The 
human body's net force must be explained by internal forces 
such as joint torques and external forces such as gravity and 
contact. In order to obtain physics-based properties, the work 
presented by Brubaker et al. [19] is utilized. For the extraction 
of physics-based features, the three-dimensional articulated 
human body model used consists of 12 body parts and has a 
total of 26 degrees of freedom (DOFs). Three types of joints 
are used to connect body parts: hinge (degree of freedom 1), 
saddle (degree of freedom 2), and ball and socket (degree of 
freedom 3). The root part of the body's position and orientation 
are given in the general coordinate system with the spherical 
joint with 6 degrees of freedom. It is taken at the appropriate 
length for all body parts. Body part lengths, mass, and inertia 
parameters are taken the same for all actors and motions. 

Now consider an articulated human body with 𝑁 degrees 
of freedom and consisting of 𝑃 body parts. The body's root has 
6 degrees of freedom.  The remaining (𝑁	 − 	6) joint angles 
are defined according to the upper body part's coordinates to 
which it belongs. Then, using the Lagrange formula, the 
structure of the body 𝑞 ∈ ℝ%  is expressed by 𝑁 generalized 
coordinates and 𝑁 quadratic differential equations of  

ℳ(𝒒)�̈� = ℱ(𝒒, �̇�) + Å(𝒒, �̇�)                      (1) 

where, �̇� and �̈� are the first and second order derivatives of 𝒒, 
respectively. Additionally, ℳ is the generalized mass matrix, 
ℱ  denotes the generalized vector of forces acting on 𝑁 
degrees of freedom, and Å  is the remaining conditions 
containing the restrictions required to force joint constraints. 
These equations are created using the TMT method [20, 21]. 
The aim is to obtain (N −6) parts of internal torque 𝜏& from N 
generalized acceleration values. The force F is denoted by the 
equation 

ℱ(𝒒, �̇�) = 𝐴&𝜏& + 𝜏'(𝒒, �̇�).                      (2) 

Here 𝐴&  matrix takes joint torques to 𝑁  generalized joint 
vectors. Gravity and ground contact forces are taken as 
external forces. 

Besides, the following kinematic features used in previous 
studies [1, 5, 6] were used to compare physics-based features: 

• 𝑃#": Positions of 4 end-effectors and head  
(15 dimensions) 



• 𝑃!$: Positions of 4 end-effectors and head, as well as 
the 5 positions of the elbows, knees and one chest joint 
(30 dimensions). 

• 𝐽#": Angles of 4 end-effectors and head  
(15 dimensions). 

• 𝐽!$: Angles of 4 end-effectors and head, as well as the 
5 positions of the elbows, knees and one chest joint  
(30 dimensions). 

IV. POSE-BASED HUMAN MOTION DATABASE INDEXING 
STRUCTURE CONSTRUCTION 

The extraction of the feature vectors is pose-based 
according to the defined feature vectors. Let 𝐹 represent the 
set of motion features corresponding to all poses in the human 
motion capture data with reduced size, normalized to root joint 
position, and orientation. In this case, the motion database 
feature set 𝐹  may be defined by one or more motion 
properties. At this stage, the kd-tree structure is constructed 
using the Euclidean metric on the set 𝐹. 

V. FROM POSE-BASED SIMILARITY SEARCH TO MOTION-
BASED SIMILARITY SEARCH WITH SPATIAL AND TEMPORAL 
ALIGNMENT 

In terms of physics, human motion is the change of a 
body's position and location over time. Human motion capture 
data are represented as a time-dependent sequence of poses. 
Poses are defined as a set of three-dimensional coordinate 
vectors belonging to each joint in a particular keyframe. 
Therefore, since human motion capture data may have 
different lengths in time, problems arise when distance 
functions are to be used to compare data. To be more precise, 
the same motion may be performed with a different speed.  For 
this, it mutually matches all poses of two given motions with 
time alignment methods to discover the correspondences 
between the frames of one sequence to another. The temporal 
alignment problem becomes more complicated when motion 
changes dynamically. Besides, in the applications that process 
and use the human motion capture database, it is necessary to 
eliminate the effect of the variability of the person performing 
the motion, namely the variety of body and skeleton 
measurements. For this, canonical correlation analysis is used 
to perform spatial matching by learning the shared subspace 
between two high-dimensional features. 

Let 𝑄 be the set of motion features corresponding to all 
poses in the query motion 𝑀 of length 𝑇. By performing k 
nearest neighbor search in the kd-tree structure using 
Euclidean metric on the set F, for each pose 𝑡 ∈ 	 [1: 𝑇] of the 
query motion M, that is, for each pose-based feature in the set 
𝑄, k similar poses are found in the database. 

Let 𝐴 denote the set of motions containing 𝑘 similar poses 
obtained for each query motion pose. In 𝐴, each 𝑌 motion is 
again represented by the feature vector. Let 𝑋  denote the 
feature vector representation corresponding to the entire 𝑀 
query motion. In this case, the motion set A consists of feature 
vectors of candidate motions that may be similar to the query 
motion. 

Now let the length of the motion feature vector 𝑌 
corresponding to the query motion be denoted by 	𝑇(, and the 
length of the motion feature vector 𝑋  corresponding to a 
motion candidate for similar motion is denoted by 𝑇). In this 
case, physics-based motion properties are expressed as  

𝑋 = 𝑋#:+! = [𝑥#	𝑥, 	⋯	𝑥+!],                     (3) 

𝑌 = 𝑌#:+" = [𝑦#	𝑦, 	⋯	𝑦+"]                      (4) 

where 𝑥- and 𝑦- are the joint positions, namely human action 
pose at temporal index 𝑡.  

First, these motion features are temporally aligned with the 
dynamic time warping algorithm. The optimal alignment path 
𝑤 = [𝑤#	𝑤, 	⋯	𝑤+] ∈ ℝ, × 𝑇  between the motions 𝑋#:+! 
and 𝑌#:+" 	is calculated by minimizing the Euclidean distance 
function  

𝐷J𝑅) , 𝑅(L = 𝐿,J𝑋#:+!𝑅)+ , 𝑌#:+"𝑅(+L               (5) 

where 𝑤- = [𝑡)	𝑡(]+  for 𝑡 ∈ [1: 𝑇] , 𝑇  is the length of the 
aligned path, 𝐿,(∙)  is the Euclidean metric between two 
motion sequences, 𝑅) = O𝑟-,-!

) Q ∈ {0, 1}+ × 𝑇)  and 𝑅( =
O𝑟-,-"

( Q ∈ {0, 1}+ × 𝑇( are binary selection matrices. A couple 
of alignment path 𝑤- = [𝑡)	𝑡(]+  is chosen from binary 
selection matrices where  𝑟-,-!

) = 𝑟-,-"
( = 1 which means 𝑥-! 

corresponds to 𝑦-" at step 𝑡. 

In order to find optimal alignment path 𝑤 by minimizing 
the function (5), the temporal aligning matrix 

𝔸 = O𝑎-#,-$Q
+!×+"

                          (6) 
is builded with 𝑎-#,-$ which is the 𝐿,  metric between the 
feature vectors of 𝑥-#  and 𝑦-# . The optimal path on the 
temporal aligning matrix gives the optimal alignment path 𝑤. 
Hence, the resulting 𝑋W#:+! = 𝑋#:+!𝑅)+  and 𝑌W#:+" = 𝑌#:+"𝑅(+ 
motion features are temporally aligned. 

To apply spatial alignment after temporal alignment, first, 
a pose at time 𝑡 ∈ 	 [1: 𝑇] is arranged as the pose  

𝑝- = Y
𝑝-## … 𝑝-#

|1|

𝑝-,# … 𝑝-,
|1|

𝑝-!# … 𝑝-!
|1|
[ℝ!×|1|                  (7) 

represented by the matrix 𝑝- = \𝑝-#, ⋯ , 𝑝-
|1|]

+
∈ ℝ!|1|×#, with 

the three-dimensional coordinates 𝑝-
2 = J𝑝-#

2 , 𝑝-,
2 , 𝑝-!

2 L of the 
𝑖th joint in ℝ!, where |𝐽| is the number of joints. In this case, 
to calculate the distance function 

𝑑3(�̅�- , 𝑦W-) = 𝐿,J�̅�-+𝑣)+ , 𝑦W-+𝑣(+L                   (8) 

for spatial alignment to be minimum, the spatial alignment 
matrices 𝑣)+  and 𝑣(+  are found by canonical correlation 
analysis. 

Finally, for temporally aligned motion features 𝑋W#:+! and 
𝑌W#:+", the distance function  

𝑆(𝑋#:+! , 𝑌#:+") =
#
,
∙ J𝑆#(𝑋#:+! , 𝑌#:+") + 𝑆,(𝑋#:+! , 𝑌#:+")L (9) 

is used to measure the distance between motions with 

𝑆# = ∑ 𝑑3(�̅�- , 𝑦W-)+
&4#                           (10) 

and  

𝑆, = ∑ 𝑑3(�̅�- − �̅�-5#, 𝑦W- − 𝑦W-5#)+6#
&4# .            (11) 

By comparing the query motion and the set of motions 
containing k similar poses obtained for each pose, all the 



motions in A are compared with this distance function, and the 
closest motion to the query motion is found. 

VI. EXPERIMENTS AND RESULTS 

A. Database Construction 
All experiments for the results of the presented technique 

of physics-based similarity searching in the motion capture 
database are performed on CMU [22], HDM05 [23], and 
MIDAS [24] motion capture databases 

First, the pose-based size reduction is applied to decrease 
the number of frames to 20% of the raw motion data. Thus, a 
low-resolution motion capture database is created from the 
original ones. 

Second, all motion data is subjected to normalization 
according to the root joint position and orientation. The 
purpose of this process is to detect similar motions with 
different starting positions or orientations. 

Motions in the HDM05 [23] database usually involve 
more than one type of action, as they are performed on a 
specific scenario. Additionally, a set of short motion capture 
sequences that have been cut out of the takes are provided.  
These short motion sequences used in this work consist of 
2343 pieces and were performed by five actors. Since motions 
are converted into lower resolution datasets, the total number 
of frames of the motions is 187527, with frame rates of 30 Hz. 
These motions include 12 different classes in walking, 
running, sitting, jumping, turning, kicking, punching, 
clapping, cartwheeling, throwing, rotating arms, and workout 
with approximately 130 different subclasses. 

Some of the CMU [22] database motions contain a single 
action type, while some have more than one action type. The 
total number of frames of the CMU database motions used in 
this work is 244257, when reduced to frame rates of 30 Hz. 
The motion parts include 12 different classes such as walking, 
running, sitting, jumping, kicking, punching, clapping, 
cartwheeling, climbing, basketball, football and waving. For 
example, the basketball motion involves subclasses such as 
dribbling, shooting forward, or sideways. Since therefore, the 
short motion pieces contain approximately 140 different 
subclasses. 

Motions in the MIDAS [24] database usually contain a 
single action type. These motion pieces are 209, and all belong 
to 15 actors. The total number of frames is 148538, with the 
number of frames per second of the original motions being 
120 Hz. Since motions are converted into lower resolution 
datasets with frame rates of 30 Hz, the total number of frames 
of the motions is 37211. The motion parts include seven 
different classes, such as walking, capoeira, karate, boxing, 
catching the ball, waving hand, and jumping rope. For 
example, the karate class includes subclasses such as kicking, 
blocking, punching. These subclasses also have many 
different subclasses, such as right or left reverse round 
kicking, right or left-back kicking, high block, right or left 
pressed block, right or left forward punch, right or left round 
hook punch. In this way, the motion parts contain 
approximately 80 different subclasses. 

In these databases, the performance of our system is 
evaluated from two aspects; (1) pose-based (2) motion-based 
similarity searching. 

B. Pose-Based Comparison of Motion Features and Results 
First, the described motion feature sets were compared to 

test the pose-based comparisons. The average computation 
times for searching 16 and 64 nearest neighbors using physics-
based and kinematic feature sets on motions of CMU (964231 
frames at 30 Hz), HDM05 (746046 frames at 30 Hz), MIDAS 
(148538 frames at 30 Hz) are shown in Table 1 and Table 2. 
Since the selected feature vectors are of low dimensional, fast 
results are obtained. It is possible to search efficiently for all 
feature vectors. The results show that the defined feature 
vectors are suitable for large databases. 
Table 1. Average computation times (in milliseconds) for searching 16 and 
64 nearest neighbors using physical-based feature sets on motions of CMU 
(964231 frames at 30 Hz), HDM05 (746046 frames at 30 Hz), MIDAS 
(148538 frames at 30 Hz). 

DATABASE #NN 
Feature Sets 

𝑪𝟑 𝑻𝟓 𝑻𝟏𝟎 𝑻𝟏𝟓 𝑻𝟑𝟎 

CMU 
16NN 0.13 0.15 0.25 2.12 6.24 

64NN 0.23 0.25 0.49 4.11 23.82 

HDM05 
16NN 0.11 0.13 0.22 2.08 6.18 

64NN 0.21 0.25 0.41 3.97 23.32 

MIDAS 
16NN 0.08 0.09 0.18 1.33 3.76 

64NN 0.15 0.17 0.34 2.16 16.23 

 

Table 2. Average computation times (in milliseconds) for searching 16 and 
64 nearest neighbors using kinematic feature sets on motions of CMU 
(964231 frames at 30 Hz), HDM05 (746046 frames at 30 Hz), MIDAS 
(148538 frames at 30 Hz). 

DATABASE #NN 
Feature Sets 

𝑷𝟏𝟓 𝑷𝟑𝟎 𝑱𝟏𝟓 𝑱𝟑𝟎 

CMU 
16NN 2.23 6.36 2.08 6.18 

64NN 4.13 24.12 4.03 23.56 

HDM05 
16NN 2.18 6.35 2.06 6.15 

64NN 4.03 24.01 3.89 23.21 

MIDAS 
16NN 1.48 3.78 1.28 3.74 

64NN 2.32 16.41 2.11 16.14 

 

Fig. 2 shows the result of searching 64 nearest neighbors 
of a pose taken from the motion named “Capoeira - Au” in the 
MIDAS (148538 frames at 30 Hz) motion capture database by 
using 𝑇#"  physics-based motion features. Here the query 
motion pose is shown in (a). Among the resulting 64 similar 
motion poses, the 16th, 32nd, and 64th similar poses are 
shown, respectively (b), (c), and (d).  

Similarly, Fig. 3 shows the result of searching 16 nearest 
neighbors of a pose taken from the motion named “Capoeira - 
Ginga” in the MIDAS (148538 frames at 30 Hz) motion 
capture database by using 𝑇#"physics-based motion features. 
Here the query motion pose is shown in (a). Among the 
resulting 16 similar motion poses, the 1st, 4th, and “16th 
similar poses are shown, respectively (b), (c), and (d). 



Here, it is clear that the physical-based motion feature sets 
𝐶!, 𝑇", and 𝑇#$ protect the search information less than the 
physical-based motion feature sets 𝑇#"  and 𝑇!$  and, on the 
other hand, speeds up the searching procedure. 

The results also show that in the nearest neighbors 
searching for the given query pose, the same actor's poses are 
closer to the query pose, while poses performed by different 
actors are farther from the query pose. 

C. Motion-Based Comparison of Motion Features and 
Results 
Confusion matrices that are created by using physical-

based motion features 𝑇#", 𝑇!$, 𝑃#", 𝑃!$, 𝐽#", 𝐽!$are shown 
in Fig. 4. For this, from CMU, HDM05, MIDAS motion 
capture databases, ten different actions (30 walking, 20 
running, 20 side jumping, 30 waving, 30 boxing, 30 forward 
bending (with hip), 30 forward bending (with knees), 30 
forward jumping, 30 sit-downs, 30 cartwheels) are used.  

The confusion matrices are calculated by averaging the 
distances between each motion according to classes. Here, the 
diagonal area of the confusion matrix is expected to have the 
smallest variations, so it will be shown in the darkest color. As 
a result, it shows the effectiveness of the similarity function 
(9). On the other hand, for example, the darkest colors in row 
3 and column 8 of the matrix, "side jumping" and "forward 
jumping" motions indicate that they have similarities in their 
motion. It is observed that these motions are logically similar. 
Similarly, “bending forward (knee)” and “sit-down” motions 
may be considered somewhat logically similar, and the same 
results are seen in the confusion matrices. 

 

                    
(a)                                                    (b) 

                                      
(c)                                                    (d) 

Fig. 2. Pose-based similarity searching for "Capoeira - Au" motion in 
MIDAS motion capture database by using 𝑇!"  physics-based motion 
features. (a) Query motion pose. (b) 16., (c) 32., and (d) 64. similar motion 
poses  

         
(a)                                                    (b) 

         
(c)                                                    (d) 

Fig. 3. Pose-based similarity searching for " Capoeira - Ginga" motion in 
MIDAS motion capture database by using 𝑇!"  physics-based motion 
features.  (a) Query motion pose. (b) 1., (c) 4., and (d) 16. similar motion 
poses obtained by searching 16 nearest neighbors. Conclusions 

VII. CONCLUSION 
In motion capture database, in similar motion retrieval 

methods, motion expression, reduction of motion data size, 
comparison of motions, and searching structures are the most 
critical factors affecting the accuracy and efficiency of the 
results. In the presented method, the use of low-dimensional 
physical properties of the motions and the construction of a 
pose-based structure instead of temporal and spatial alignment 
during the database organization have provided a rapid 
response time. As a result, the physics-based method 
presented for similar motion search in the database has 
provided effective results in large motion capture databases. 

Conversely, in the results obtained, it is observed that the 
knowledge of motion and its characteristic features are 
preserved with physics-based features. Another advantage of 
physics-based features is that it includes information about 
gravity and ground reaction forces indirectly. Besides, specific 
kinematic features of motion are used to compare the 
efficiency of physics-based properties. For this, joint positions 
and joint angles are extracted from motion capture data. 



Results were tested in CMU, HDM05, and MIDAS motion 
capture databases. The method of retrieval of the motion 
worked takes into account content-based and numerical 
similarity. As a result of this, for example, a jumping motion 
was perceived as different motions with the right foot, left 
foot, bipod, jacks. 

On the other hand, for this work, the motions in the 
database are initially processed as separate motions rather than 
as a whole. Namely, all motions include a single action such 
as walking, boxing, jumping. Therefore, the presented similar 
motion search system is not suitable for use in a database that 
contains a sequential record of full motions. 

 

 
                         (a)                                             (b) 

 
                         (c)                                             (d)                         

 
                         (e)                                             (f) 
Fig. 4. Confusion matrices that are created by using physical-based motion 
features (a) 𝑇!# , (b) 𝑇$" , (c) 𝑃!# , (d) 𝑃$" , (e) 𝐽!# , (f) 𝐽$" . Motions from 
CMU, HDM05, MIDAS motion capture databases: (1) walking, (2) running, 
(3) side jumping, (4) waving, (5) boxing, (6) bending forward (hip), (7) 
bending forward (knee), (8) forward jumping, (9) sit-down (10) cartwheel.  
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