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Abstract. Natural User Interfaces allow users to interact with virtual environ-
ments with little intermediation. Immersion becomes a vital need for such inter-
faces to be successful and it is achieved by making the interface invisible to the 
user. For cognitive rehabilitation, a mirror view is a good interface to the virtual 
world, but obtaining immersion is not straightforward. An accurate player pro-
file, or silhouette, accurately extracted from the real-world background,  
increases both the visual quality and the immersion of the player in the virtual 
environment. The Kinect SDK provides raw data that can be used to extract a 
simple player profile. In this paper, we present our method for obtaining a 
smooth player profile extraction from the Kinect image streams. 

1 Introduction 

Natural user interfaces based on devices such as the Microsoft Kinect have revolutio-
nized video-gaming: the player is represented by an avatar inside the game and inte-
racts with virtual objects, resulting in a more realistic and intuitive control experience. 
Furthermore, Microsoft has released a SDK [1] that allows easily integrating Kinect 
as an input device that provides the motion of the player, defined as a set of segments 
connected by joints. The pose is described by a set of quaternions, one for each joint, 
along with the translation of the root joint located at the hip level. 

A player tracking modality that is much less explored, is that of tracking the  
player’s profile. This has been shown to be particularly effective in cognitive rehabili-
tation games as it allows the patient to see himself mirrored inside the virtual envi-
ronment while performing exercises. It has been hypothesized that such modality 
activates mirror neurons [2, 3] that might drive a cortical reorganization to regain the 
lost function. Moreover, such a mirror view largely increases the sense of immersion 
inside the game. The DuckNeglect platform [4] has been taking advantage of this to 
design exploratory mini-games that, from preliminary results, have been shown to be 
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effective in treating neglect patients1. DuckNeglect forces the patient to explore his 
neglected hemi-field requiring him to reach targets inside a virtual scenario and to 
avoid distractors. The patient receives feed-back on his movement in real-time 
through his profile moving inside the scenario. The limitation of DuckNeglect is the 
use of a 2D camera that requires uniform lighting and background to achieve a robust 
and accurate extraction of the patient profile: the gaming space has to be specially set-
up and this prevents the patient from exercising at home where he could exercise 
more intensively and feel more comfortable.  
 

      

Fig. 1. - The input data for the sitting player. (a) The color image. (b) The depth image. Magen-
ta points in the depth map have an unknown value. (c) our extracted player profile. 

The Kinect has the potential to make silhouette extraction more robust through the 
integration of depth and color data. However, its SDK does not produce a good 
enough profile. This is due to two main reasons: the depth-to-color calibration para-
meters provided internally in the SDK are not sufficiently accurate [6], so that the 
alignment of the two images is inaccurate (Fig. 3b). Moreover, once the two images 
are aligned, a sharp identification of the profile is not produced due both to the low 
resolution of the depth map and to noise. The result may be sufficient for entertain-
ment games such as Get Fit With Mel B2, but it can be annoying and distracting to the 
rehabilitating patient who generally moves slowly and therefore is aware of all the 
little inaccuracies on the screen, resulting in a decreased sense of presence.  

We show here how we can improve the quality of the player profile through differ-
ent steps. We first achieve a better alignment of the color and depth images through 
an innovative on-the-field calibration of the Kinect sensor that only requires moving a 
ball in front of the device. With the computed parameters, we extract in real time a 
smooth and robust player silhouette by filtering the player color image identified 
through the depth map. 

The paper is structured as follows. In section 2, we present the materials and the 
proposed methods for extracting the silhouette. Section 3 presents the application of 
our methods to a serious game. We draw conclusions in Section 4. 

                                                           
1  Neglect is the inability of a person to process and perceive stimuli on one side of the body or 

environment. Such inability is not due to a lack of sensation [5]. 
2  uk.gamespot.com/get-fit-with-mel-b  

a b c
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2 Materials and Methods 

The Kinect sensor integrates a color and a depth camera. The color camera outputs an 
RGB image  at a standard resolution of 640x480 pixels at 30 frames per second 
(fps) (Fig. 1a). The depth camera consists of an infrared sensor paired with an infrared 
emitter that projects onto the scene an irregular circular pattern (Fig. 2a). The depth 
map image  (Fig. 1b) is recovered through triangulation and speckle pattern decor-
relation [7]; it has a maximum resolution of 640x480 pixels, which is actually up-
sampled from a resolution of 320x240 pixels at 30 fps. The depth map returned by the 
Kinect sensor is bound to be noisy, thus a bilateral filter is internally applied to it. The 
result is a smoother depth map that preserves sharp edges but is still noisy and holds 
many unknown values. In addition, even with a static scene, the depth reading for 
each pixel is often not consistent between two consecutive frames, resulting in a 
flickering visualization of the depth stream. The SDK isolates and identifies up to 6 
different players in  assigning a different index to each player. This can be used to 
create an effective silhouette extraction procedure (cf. [4]): an alpha bitmask image  
is created independently for each player where each pixel is set to 1 (visible) if the 
player index for the pixel corresponds to the player and to 0 (invisible) otherwise. An 
RGBA player image  is created by combining the RGB color of each pixel in  
with the corresponding alpha value in . 

 

    

Fig. 2. On the left the typical pattern projected by the infrared emitter3. On the right, calibrating 
Kinect with a LED ball. 

However, the direct overlap of  with  produces an incorrectly aligned  as seen 
in Fig. 3a. This happens because the Kinect’s color and depth sensors are not aligned, 
either in time (the acquisitions from the two sensors, even at the same frequency, are 
up to 7ms apart), or in space, as the images are acquired from different viewpoints. If 
time difference can be dealt directly with the function AllFramesReady of the SDK 
that guarantees a maximum of 3ms delay between the frames of different cameras4, 
the spatial alignment obtained through the SDK can instead be improved (Fig. 3b-c).  

                                                           
3 from www.youtube.com/watch?v=nvvQJxgykcU 
4 from http://social.msdn.microsoft.com/Forums/sl-SI/ 
kinectsdknuiapi/thread/2e172449-3d18-4914-9370-fbc1cfa31aa6 
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                                  (4)                                      (5) 

where  is the 3x3 relative orientation matrix between the two cameras,  the relative 
position and  is an arbitrary scale factor.  and  are the intrinsic matrices of the 
two cameras in the form: 

 000 0 1 .                                      (6) 

Given the depth pixel  as input, we can reproject it on the camera image as     , (7) 

where  is a 3x3 matrix and  is a 3x1 translation vector. Note that using this repro-
jection model we do not need to recover the actual depth or color camera intrinsic 
parameters explicitly, which gives great computational efficiency. However, given 
known color camera intrinsic parameters, , both the depth camera intrinsic parame-
ters  and the relative pose ,  can be uniquely recovered. Given  pairs of corres-
ponding points on the depth and color images, we find  and  through a least 
squares estimate 

 , arg , min ∑ , ,  . (8) 

The  pairs of corresponding points are obtained by tracking a known object both in 
the depth and color camera. Our object of choice is a LED ball, which proves useful due 
to its bright color and simple shape. We use color detection in the HSV space on  to 
find the 2D center of the LED ball  (Fig. 2b). We use the 3D level-set based tracker 
described in [9] to track the position of the LED ball in  and we find its 3D center . 
Each tracking frame provides a corresponding ball-center pair , . Eq. (7) can then 
be used to find in real-time for each depth pixel  the corresponding pixel . 

2.2 Silhouette Extraction and Smoothing 

The silhouette of the player is jagged (Fig. 3b-c) due to the low resolution of the depth 
stream and to the irregular pattern used to estimate depth (Fig. 2a). The flickering 
depth stream, in turn, produces a flickering silhouette as well. 

We have tackled this problem through adequate filtering of the player segmenta-
tion data. We have developed two alternative solutions: one in the space and one in 
the frequency domain. Both methods take  as input. The first method is inspired by 
[10] and has two steps. In the first step, we apply a moving average low-pass filter to 
Ib with a sliding window of 5x5 pixels. To obtain a graded transition, the alpha values 
are converted from a binary value to a byte value (0 to 255), obtaining . In the 
second step, we perform a weighted average over the pixel values in the last  frames 

 with 0 … , assigning a weight  to each frame to avoid adding a 
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significant delay. As a result, we achieve a smoother player profile , reducing the 
flickering effect of the silhouette with a smooth transition between different frames 
(Fig. 3d). The method produces a smooth silhouette, but its drawbacks are the local 
smoothing, that doesn’t allow an accurate identification of the silhouette, and the 
trailing effect that can be noticed especially during fast motion. This can be accepta-
ble and desirable for some implementations but it can be annoying for rehabilitation. 
For this reason, we have developed a second method that is based on frequency filter-
ing. We first compute the Discrete Cosine Transform (DCT) of the input bitmask ,  where 0, 1  and 0, 1 . We then eliminate the higher fre-
quency components, thus realizing a box low-pass filter. Finally, we perform an in-
verted DCT (IDCT) to obtain a smoother player profile  (Fig. 3e). The DCT of , , , is a sum of cosine functions computed as ,  ∑ ,  , ,  (9) 

with 0,  and 0, ,   and  being the number of harmonics on the 
 and  coordinate that we want to keep in the DCT. Usually,  and  are set to 1 and 1 respectively and cannot be larger. 

The coefficients  assume the form 

        0        .                                        (10) 

The functions  ,  represent the cosine basis functions on the  axis:  ,  cos   
.                                        (11) 

Similarly,  and ,  can be derived for the  axis. One important prop-
erty of the DCT is its separability, due to which it can be rewritten as ,   ∑ ,  ∑  , ,  ∑ ,  , . (12)  

We can thus separate the computation in a first matrix multiplication that computes ,  and a second matrix multiplication that computes , . The procedure 
is illustrated in Fig. 4a. A similar separation can be performed for the IDCT (Fig. 4b), 
that can be written as  , ∑ ,  ∑  , ,  ∑ ,  ,  (13) 

In our implementation, we observe that we do not need to compute the full DCT of 
the input bitmask, since we are going to filter out most of the higher frequency data. 
As such, we compute the DCT only for the first  harmonics, from 20 to 30 in the 
present case, that we wish to keep in the final image. As a result, we can work with 
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smaller DCT images and thus decrease both computation and memory load. We then 
apply a circular window in the frequency domain setting to zero the coefficients of the 

DCT components for which . To increase the speed, we also pre-

compute the required coefficients and samples of the cosine functions:  and , . 
 

     

Fig. 4. Visual representation of DCT (a) and IDCT (b) computation using two matrix  
multiplications 

We implemented the algorithm in CUDA for an additional speed-up using a paral-
lel method to compute the DCT and its inverse [11]. We first load the input bitmask 

 into device global memory. We then perform two subsequent matrix multiplica-
tions using parallel CUDA Kernels to compute , using one parallel Kernel thread for 
each matrix coefficient, thanks to the separability of the DCT. After the DCT is com-
puted, we apply a step filter with a circular shape to remove the high frequencies, then 
we compute the IDCT with the same parallel multiplication procedure, obtaining . 

However, the sharp transition of the step filter introduces oscillations (Gibb’s arti-
facts) on the final image, especially close to the border of the patient profile where  
goes from one to zero in a few pixels. We thus apply a sigmoid function to each pixel 
value of   to map the resulting pixel values in a 0-255 range and drastically reduce 
the oscillations. The filter is heavily parameterized in order to easily tune the shape of 
the outline. A flowchart of the different steps is reported in Fig. 5.  

3 Results 

These algorithms have been integrated inside the Intelligent Game Engine for Reha-
bilitation (IGER), developed for the Rewire project [12], to guide and monitor  
patients during rehabilitation at home and have been extensively tested. In the expe-
riment presented here, the player sits at about 1.5  from the Kinect device that is 
installed above a large TV screen (50 inches) connected to the PC on which the Game 
Engine is run. The calibration procedure required a maximum of 15  to acquire the 
data and calibrate: 300 frames were typically sufficient to guarantee a good calibra-
tion with residuals lower than 2 pixels. 
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through an efficient and robust calibration. The accuracy of the algorithm can be fur-
ther improved using circle fitting insensitive to occlusions [6]. We explicitly remark 
that the projection of the sphere on the image plane is, in general, an ellipse whose 
center is not the projection of the sphere center. However, under very general assump-
tions, such displacement can be safely neglected [15]. The resulting procedure is  
particularly suitable for the home environment and it allows to easily recalibrate the 
device, whenever required (e.g. if the device falls to the ground). 
 

        

     

Fig. 6. Playing the Balloon Popper game using different silhouette settings. (a) No mapping nor 
smoothing. (b) Calibrated mapping, with no smoothing. (c) Calibrated mapping with moving 
average smoothing. (d) Calibrated mapping with DCT smoothing 

Thanks to CUDA and the specific DCT implementation, the silhouette is extracted 
and smoothed efficiently, freeing the CPU for game engine processing. The resulting 
silhouette lets the player immerse into the game without being distracted or mislead 
by inaccuracies or the bad quality of the silhouette. Thanks to the depth camera of 
Kinect, this result can be achieved even in bad light conditions and with a really noisy 
background, making this method preferable in respect to color-based methods. As 
future work, the authors aim to assess quantitatively the quality of our results. 

The method depends on the number of DCT components, , that are retained. The 
actual choice is a trade-off between the amount of details retained and noise suppres-
sion, due to the frequency of the noise being similar to that of the silhouette detail (i.e. 
the fingers). A similar trade-off on the border of the silhouette between showing the 
background beneath and the eroding part of the player profile is achieved by tuning 
the steepness of the sigmoidal function. Still, improvements are required to stabilize 
the obtained silhouette: unknown depth data and hair, that do not produce a clear ref-
lection of the infrared pattern, can contribute to a variation over time of the shape of 

a b 

c d 
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the input bitmask. To allow a different cut-off frequency in the different regions of the 
body, one possibility is to substitute DCT with wavelet decomposition and retain a 
different number of components in different areas. This approach can be combined 
with a local color image processing with the aim of an identification of the hair region 
that is more stable over time.  
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