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Abstract 

Volleyball player body parts tracking is very important 
for block or jump height calculation which can be applied 
to TV contents and tactical analysis. This paper proposes 
a mixture particle filter with block jump biomechanics con-
straint based on 3D articulated human model. Using 
mixture particle filters tracking different body parts can ef-
fectively reduce the freedom degree of the human model and 
make each particle filter track the specific target more ac-
curately. Block jump biomechanics constraint executes 
adaptive prediction model and likelihood model which can 
make the particle filter specific for block tracking. The ex-
periments are based on videos of the Final Game of 2014 
Japan Inter High School Games of Men's Volleyball in To-
kyo. The tracking success rate reached 93.9% for left foot 
and 93.8% for right foot. 

1. Introduction 

Nowadays automatic sports analysis becomes an urgent 
task, due to the popularity of sports and audiences' need for 
a new sports experiences, which is very important for some 
developing systems such as highlights extraction system 
and tactical analysis system. In addition, new sports view-
ing experiences for audience created through ample TV 
contents make sports analysis not only an interest research 
topic but also a valuable commercial opportunity. To meet 
requirements of TV contents, tracking player body parts 
and getting the trajectories of hands and feet are prerequi-
sites to calculate the height, speed and other data of players' 
motions. Our research target is to utilize 3D articulated 
models to track players' lower body parts. 

There have been two conventional methods for tracking 
players. The first one is tracking the center point of the 
player. Huang[1] tracks players as points and gets high suc-
cessful rate but the tracking results are lack of information 
of body parts. Another one is using articulated model based 
particle filter to track human body[2][3][4]. However, the 
state vectors of this conventional work which are of large 
dimensions lead to inefficient sampling and exponentially 
increasing computational cost. For tracking lower body 
parts, del Rincón’s algorithm[4] uses 12 parameters as state 
vectors for each leg. To restrict the human model with high 
degrees of freedom (DOF), they utilize boundary curve of 
moving object or silhouette got from foreground segmenta-
tion. However, in our research, there are plural number of 
athletes in volleyball videos. Other moving players’ behav-
iors can also be detected as foreground, which results in 
huge noises for our research. Without foreground matching, 
it is very hard to build articulated human models by high 

DOF. Thus, designing an articulated model building 
method with fewer DOF is one of the issues we need to 
solve. In addition, almost all conventional works’ experi-
ments are based on simple sequences which include just 
one person walking or doing other motions without similar 
objects from other moving people. However, in our re-
search, athletes are doing complex and high-speed block 
jump within large action range. Furthermore, there are too 
many other legs of both the teammates and opposite players, 
which have same features with the targets. So designing a 
block characteristic based particle filter and reducing the 
interference of other athletes are very important in our re-
search. 

To solve these problems, we propose 3D articulated 
model based mixture particle filters with biomechanics 
constraint, which based on a typical particle filter[5]. Mix-
ture particle filter consists of PF1 tracking for hips and PF2 
tracking for shanks. Compared with building whole articu-
lated models by a single particle filter[3], mixture particle 
filter can construct more suitable models for human shape 
with lower DOF and fewer particles. Block jump biome-
chanics constraint consists of block characteristics based 
prediction model of variable step size and biomechanics 
constraints likelihood model. Both prediction model and 
likelihood model utilize thigh length, shank length, dis-
tance between feet, distance between knees, distances from 
other players and other distances to limit the 3D articulated 
models corresponding to real legs of players which imple-
ments a specific particle filter tracking lower body parts of 
block jump and reduces the interference of other players.  

The remainder of this paper is organized as follows. Sec-
tion 2 describes our 3D tracking system. Section 3 and 4 
describes details of the tracking method. Experimental re-
sults and analysis are given in Section 5, and Section 6 
summaries the whole paper. 

2. 3D Articulated Model Based Particle Filter 

The whole structure of 3D articulated model based parti-
cle filter is showed in Fig.1. In the initialization step, we 
input trajectories of players’ torsos got by Huang’s 
method[1] and obtain the 3D positions of hips, knees and 
feet. In the prediction step, based on biomechanics con-
straints, we generate particles around feet, knees, and hips 
in 3D space and combine candidate particles to build lower 
body models. Then, in the likelihood evaluation step, based 
on the observation space, we evaluate the possibility of 
each human model to be the tracking target by 3D distance 
and HSV color likelihood evaluation. Finally, we select the  
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Figure1. Overview of 3D Players Lower Body 
Parts Tracking 

model particle with maximum 3D likelihood as the track-
ing result. And we do resampling to re-weight particles and 
iterate the whole process for tracking. 

2.1. State Vector and Prediction Model 

The designation shows in Fig.2 P, B, H, HM, K, F, L, d, 
l and r stand for position, body, hip, medium of hips, knee, 
foot, length, distance, left and right respectively. 

State vector Xk at time k contains six 3D position fac-
tors. As showed in Fig.2, positions of hips, knees and feet 
are set as state vectors.  

Xk = [Pk
Hl, Pk

Hr, Pk
Kl, Pk

Kr, Pk
Fl, Pk

Fr]T, k ∈ N    (1) 

In addition, each position factor consists of three dimen-
sional factors in 3D space. And the link of two points in 3D 
space is called rod model. 

Pk = (xk, yk, zk), k ∈ N                    (2)  

Torso position PB acquired by Huang’s method is used 
as input in our framework. At first frame, original positions 
of hips, knees, feet are got manually in 3D space. Original 
dK and dF are calculated by manually original knees and 
feet positions. LB2H, LH,  LTand LSare fixed lengths calcu-
lated by original body parts positions. dK  and dF  are 
utilized as referential features during the tracking flow. 

Then, the prediction model, which indicates how state 
transits between two consecutive set of particles tacking for 
human body parts, is formulated as Eq.3 

 
 
 
 
 
 
 
 
 
 
 

Figure2. 3D Articulated Lower Body Parts Model 

 

 Xk = F(Xk−1) + Wk, k ∈ N                 (3) 

F(X)  is a transit function. Wk  is the current system 
noise. The structure of particle filters of this paper is intro-
duced in section 3. The prediction model is introduced in 
section 4.1. 

2.2. Observation Model 

Observation model, also called likelihood model, is the 
criteria to evaluate the similarity between prediction mod-
els and real human legs. The observation space Ik  is a 
collection which is constructed by frames at time k by cam-
era m. M is the total number of the cameras. 

Ik = {Ik
1, Ik

2, … , Ik
m, … , Ik

M}                    (4) 

In our research, observation model consists of 3D dis-
tance likelihood and HSV color likelihood calculated from 
2D planes. The whole observation model of likelihood is 
indicated as below. 

p(Ik|Xk) = LHSV(Xk|Ik) × LDis(Xk|Ik)        (5) 

The observation model of HSV color likelihood is indi-
cated as (6). HSV color likelihood calculation function 
includes two parts: HSV color histogram based detection 
method and skin or shoe’s color based recognition method. 
Combing recognition method and detection method im-
proves the robustness of the color evaluation method. 

LHSV(Xk|Ik) =∏LHSVD(Xk; Ik
i ) +∏LHSVR(Xk; Ik

i )

M

i=1

M

i=1

(6) 

3D distance likelihood model LDis(Xk|Ik)utilizes length 
and distance information to evaluate the similarity between 
predicted human models and real human body in 3D space. 
This likelihood model is introduced in section 4.2. 

3. Mixture Particle Filter 

Because of the large DOF of the human model, it is very 
difficult to set up a prediction model consistent with the real 
lower body. Using a Gaussian model based single particle 
filter for tracking requires a large quantity of particles to 
track the body parts effectively, which results in high com-
putation complexity. In order to build reasonable body 
models with fewer DOF and particles, this paper proposes 
a mixture particle filter to track different body parts. 

Mixture Particle Filter includes two particle filters, PF1 
and PF2. Each particle filter includes its unique state vector, 
prediction model and observation model. The overall of the 
mixture particle filter is showed as Fig.3. 

PF1 is used for prediction of hips and getting some good 
prediction results as hips candidates. The state vector of 
PF1 is defined as (7).For the prediction model, equation 
(8) shows how the state Xk

H  evolves from the previous 
state. Input data Pk

B is the 3D position of torso at time k. Wk
H 

is the current system noise for hips prediction. For the ob-
servation model, black pants color is used as the color 
feature and LB2H, LH are utilized for distance feature. 

Xk
H = [Pk

Hl, Pk
Hr]T, k ∈ N                        (7) 

Xk
H = FH(Xk−1

H |Pk
B) +Wk

H, k ∈ N                (8) 
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Figure 3. Overview of 3D Players Lower Body 
Parts Tracking 

PF2 is used for prediction of shanks and get shank 
candidates. The state vector of PF2 is defined as (9). 
Shanks prediction model is defined as (10). Wk

S is the 
current system noise for shanks prediction. 

Xk
S = [Pk

Kl, Pk
Fl, Pk

Kr, Pk
Fr]T, k ∈ N              (9) 

Xk
S = FS(Xk−1

S ) + Wk
S, k ∈ N               (10) 

At last, we estimate whole body models established by 
the permutation and combination of the hips candidates and 
shank candidates to get tracking result with high weight. 

Conventional works[2][3][4] build total human model 
for only one time which is difficult to set up models similar 
to real human shape with few particles. And likelihood val-
ues can be easy influenced by each body parts, which 
results in evaluation accuracy reduction. In our research，
the mixture particle filter tracking for each body parts en-
sures more located rod models on hips or shanks. In 
addition, during the likelihood evaluation step, unique fea-
tures for each body part is fully utilized without other body 
parts’ likelihood influence, which helps for higher accuracy.   

4. Block Jump Biomechanics Constraint  

Compared with particle filter utilizing Gaussian model 
based prediction model and HSV color likelihood, this pa-
per proposes a method to enhance both the prediction 
model and the observation model with jump biomechanics 
constraints.  

4.1. Prediction Model 

Prediction model showed as (3) is introduced in this sec-
tion. Eq.(11) shows a transit method utilizing swinging rod 
model to generate particle Pk around each body parts. This 
transit method is used in both PF1 and PF2.  

Pk = f(Pstart, Pk−1, L, u) , k ∈ N             (11) 

We generate particles as the endpoints of swinging rod 
models from a start point Pstart in 3D space. L is the 3D 
length of rod model. u is set as u− if the tracking target is 

under the start point, while being set as u+ when the track-
ing target is above the start point. Eq.(12) is the expansion 
equation of (11). 

{
 
 

 
 xk = xk−1 ± δxy ∙ sin θxy                              

yk = yk−1 + δxy ∙ cos θxy                    (12)

 zk = zstart + u ∗ √(L ± δz)
2 − δxy

2          

  

The ranges of system noise in xy plane and yz plane are 
adaptive to the block motion. The parameter δxy is adap-
tive to θxy. We divide the transition space in 16 angles at xy 
plane. The values of δxywhich is used for setting up the 
largest range of system noise in xy plane are specific by 
different prediction angles. The transition space is divided 
by left leg and right leg, based on the positions of torso and 
hips showed in Fig.4. And the search step length in xy plane 
is adapted to the distance between knees and feet which 
avoids overlap of the predicted spaces of the left leg and 
right leg. And based on several previous torso positions, we 
judge whether the player is jumping up or falling down. 
δz is adaptive to player’s jump condition. We transit more 
particles above the reference position when player is jump-
ing up but less particles when player is falling down. 

For PF1, there are two steps to build the hips models. 

Step one is generating the particles Pk
HMof middle of hips 

using swinging model introduced as Eq.11 from torso po-

sition PB. The length of this rod model is LB2H. Step two 

is predicting hips positions Pk
H using swinging rod model 

based on the center of hip positions we set at step one. The 

length of this rod model is LH. 
 For PF2, there are two steps to build the shanks models. 

Step one is generating particles Pk
Faround feet based on 

block characteristic using swinging shank rod models from 
previous knees positions Pk−1

K . The length of this rod 
model is LS. Step two is predicting the knees positions Pk

K 
using a reversed swinging shank rod models from the feet 
positions Pk

Fgot at step one.  
Compared to normal prediction model, fully using the 

block characteristic in prediction model contributes to 
building lower articulated body models with high possibil-
ity that it can match the real human lower body due to 
adaptive prediction models based on different angles and 
motion conditions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Variable Step-size Prediction Model 
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4.2. Likelihood Model 

In order to get highly accurate tracking results, 3D dis-
tance information is a really useful feature for observation 
model. PF1 utilizes LB2Hand  LH . PF2 utilizes  LT ,  LS , 
 dKand dF. And both the PF1 and PF2 utilize distance from 
other players to prevent the tracking results from locating 
on other players’ legs. We also evaluate the distance be-
tween current and previous tracking results for each body 
parts to avoid large error. The total type number is defined 
as M. All of these distances and lengths are calculated in 
3D space Ik . The biomechanics constraint likelihood 
model is defined as (13) 

 LDis(Xk|Ik) = ∏  LDism(Xk|Ik)
M
m=1                (13)  

 Compared to normal likelihood model, implanting 3D 
distance information to features can effectively prevent the 
tracking result locating on team mates and tracking result 
far from the real positions. 

5.  Experiment result  

 Volleyball videos used in our experiment are the Final 
Game of 2014 Japan Inter High School Games of Men’s 
Volleyball in Tokyo Metropolitan Gymnasium. We utilize 
three cameras located at the left corner, right corner and 
middle behind the target team to realize the requirement of 
3D tracking. We delete some sequences that target players 
are totally occluded by other players which are impossible 
to track the target. The total video sequences number is 22. 
Plural players are blocking at the same time in 5 sequences 
while other sequences consisting of one athlete. And total 
sequences contains 1798 frames in all. One sequence stands 
for one flow of block motion. The final resolution of videos 
is 1920×1080 and the frame rate is 60 frames per second. 
We set the shutter speed as 1000/s to avoid the motion blurs. 
Our proposal is implemented using C++ and OpenCV 
2.4.10.  

 In order to show the contribution of each proposal, we 
evaluate proposals step by step. First, we evaluate the 
framework, using Gaussian model based single particle fil-
ter with HSV color likelihood model. Then we evaluate the 
experimental results with mixture particle filter. At last, we 
evaluate the experimental results combining mixture parti-
cle filter with block jump biomechanics constraint.  

To make the tracking result be observed visually, we 
draw the projected 2D tracking results using four green rec-
tangles to cover thighs and shanks in each directional video 
sequence showed as Fig.5. We define the evaluation meth-
ods divided by 6 points, positions of hips, knees and feet. If 
the side of projected rectangle exactly covers or covers part 
of the tracking target within a certain error range, this frame 
would be set as a successful frame.  

success rate =
∑ success frame

∑ frame
× 100%       (14) 

  
 
 
 
 

 

Figure 5. Projected 2D Tracking Windows 

Table I. Evaluation result 

Framework1 : Gaussian model based single particle filter;  

P12 : Gaussian model based mixture particle filter;  

P23 : Block jump biomechanics constraint. 

The method described in this paper can’t achieve perfect 
tracking accuracy because of several factors. Opposite 
players’ legs and large motion range influence the tracking 
system a lot. The player’s shadow, having the color similar 
to skin color. For future, after solving these problems, we 
plan to transit this framework to track upper body parts. 

6. Conclusion 

In this paper, aiming at achieving high success rate of 
tracking player feet in 3D space, we propose a Mixture Par-
ticle Filter with Biomechanics Constraint to realize fitted 
human lower body parts tracking. Mixture particle filters 
are used for tracking different targets respectively which 
can reduce the degrees of freedom and build more accurate 
rod models located on each body parts with fewer particles. 
Biomechanics Constraint for block jump enhances both the 
prediction model and likelihood model which contributes 
to building lower articulated body models with high possi-
bility identical with the real human lower body. The 
tracking success rate reached 93.9% for left foot and 93.8% 
for right foot. For future work, the current tracking system 
can be applied to tracking of hands or other actions such as 
spike, and serve, which is very useful for enriching the TV 
contents.   
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P12 94.7 95.1 81.7 76.8 78.4 80.6 
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