




  

 
Fig. 3. Problems of skeleton tracking by single Kinect (Top-left) 

Self-occlusion, (Top-right) Bone-length variation [7]. 

 

When the user is in the middle of the floor screen, all of the 

Kinects can detect the skeleton and send its data to the VR 

application server. However, as soon as the user moves away 

from the center, the coverage is altered. For instance, the 

Kinects’ FOV are not long enough to properly track a user 

located on the diagonally opposite side of the SAS. As a 

result, the number of relevant Kinects changes depending on 

the user’s location. 

Therefore, the selection algorithm will have to take into 

account the differences between optimal and sub-optimal 

coverage areas and adapt to the user’s behavior as in Fig. 

4.One of the main constraints of the virtual reality 

environment is its interactive real-time nature. As a result, the 

selection algorithm must be efficient enough to compute the 

Kinect data at a steady Kinect rate 30FS, with 5 millisecond 

timestamp difference between frames due to synchronization 

between Kinects. . Optimization of data processing may be 

required in order to provide a lag-free interactive experience 

for the user, for that, the algorithm sends only head joint data 

with status = 2. 

 

 
Fig. 4. Tracking level areas. [6] 

 

IV. SENSOR SELECTION ALGORITHM 

After an overview of the various selection algorithms and 

an analysis of the constraints of our physical infrastructure 

and our technical environment, we decided to apply a simple 

algorithm that will extract the head joint data (position and 

orientation) from the Kinects that are the closest to the user. 

To achieve this, the depth coordinate of the joint returned by 

the Kinects are compared to each other. The selection 

algorithm collects the data from the 4 Kinects for the head 

and associates a status value to each for every skeleton joint 

head in every frame. This status value is 0 if the Kinect does 

not recognize a joint, 1 if it detects a joint but does not 

provide joint data (position and orientation), and 2 if the joint 

tracking’s status is optimal. Based on this status values, the 

algorithm focuses on the joint data from the Kinects with the 

higher status value and sends it to the SAS’s interaction 

server. When several Kinects track the user’s joint data with 

excellent status on the same frame, one of the Kinects is 

randomly chosen.  

The algorithm also provides a failsafe mechanism for 

frames where no Kinect returns an acceptable status value. In 

these situations, the data sent to the server is related to the 

previous frame where at least one Kinect’s status was 

optimal. That means the user stands in dead area which is not 

detected by any Kinect. Fig. 5 shows overall kinect selection 

algorithm with failsafe mechanism. 

 

 
Fig. 5. Kinect selection algorithm. 

 

V. EXPERIMENT 

A. Experiment Setup 

We installed the 4 kinects in the SAS as shown by Fig. 6 as 

explained in [6]. A user moved freely around the SAS 

without any equipment, guides or instruction for 

approximately 5 minutes.  

B. Simulation 

A user moved around the SAS, his skeleton was tracked by 

the sensors and his joint data was collected by our 

infrastructure. We chose to focus on head joint data for 

tracking purpose, and analyzed the data sent by the Kinects 

for this specific joint for every single frame. 

Fig. 4 shows coverage areas inside the SAS, Green area 

related to optimal coverage area. Orange area related to 

sub-optimal coverage area. Red area or dead area which 

means all Kinects had a head joint status value of 0, due to IR 

interferences, noise between the sensors and dead areas as in 

Fig. 4. 

Fig. 7 shows results of analyzed frames that collected 

during the simulation. On83.89% of analyzed frames, there 

was at least one of the four Kinects that returned a status head 

joint value = 2. On 52.56% of analyzed frames there was all 

Kinects that returned a status head joint value = 2. 15.09% of 

analyzed frames returned a status head joint value of 0 for 

every Kinect. 
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Fig. 6. Simple representation of the Kinect dispatching on the SAS [6]. 

 

 
Fig. 7. Percentages for each area. 

 

VI. CONCLUSION 

In this experiment, we proposed a selection method for the 

multi-Kinect system in our CAVE. Our solution is easy to 

implement as it alleviates the issues related to the heaviness 

of multi-sensor calibration. The selection process bypasses 

this need to calibrate the entire system and chooses the 

optimal Kinect for user tracking in real time. 
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