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Abstract. 3D face recognition has gain a paramount importance over 2D due to 

its potential to address the limitations of 2D face recognition against the 

variation in facial poses, angles, occlusions etc.  Research in 3D face 

recognition has accelerated in recent years due to the development of low cost 

3D Kinect camera sensor. This has leads to the development of few RGB-D 

database across the world. Here in this paper we introduce the base results of 

our 3D facial database (GU-RGBD database) comprising variation in pose 

(0°,45°,90°,-45°,-90°), expression (smile, eyes closed), occlusion (half face 

covered with paper) and illumination variation using Kinect. We present a 

proposed noise removal non-linear interpolation filter for the patches present in 

the depth images. The results were obtained on three face recognition 

algorithms and fusion at matching score level for recognition and verification 

rate. The obtained results indicated that the performance with our proposed 

filter shows improvement over pose with score level fusion using sum rule. 

1   Introduction 

Facial expressions, poses and variations have attracted the research world since long, 

as it is easily obtainable and convenient biometric trait as compared to the iris, voice, 

gait etc. 2D facial images has well defined roots in the world of biometric research 

due to low cost of its acquisition system and wide availability [1]. But 2D face 

recognition system faces its limitations when it comes to mostly illumination and pose 

variation [2]. In order to overcome these short comings of 2D recognition, 3D 

recognition system captured the market as security concern has increased from local 

to the defense level. Research in 3D biometric was an expensive task as the expense 

of system requirement for acquiring 3D images was very high and time consuming [3] 

until the development of efficient, low-cost RGB-D Kinect camera. This system 

provides 2D RGB image as well as depth information i.e. distance from each pixel to 

the sensor [4] 

Images captured by Kinect camera has low resolution and noisy yet it has more 

spatial information compared to 2D in form of depth which is a robust inherent 

property associated for 3D face recognition against uncontrolled environment. Hazým 

Kemal Ekenel et al; (2007) obtained 3-D face recognition approach using the discrete 

cosine transform (DCT) which is a local appearance-based model at feature level [5]. 
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Tri Huynh et al; (2012) has proposed a new LBP based descriptor namely Gradient-

LBP (G-LBP) for gender recognition task on EURECOM and Texas database [6]. 

Enrico Vezzetti et al;(2014) proposed a new 3D face recognition algorithm, whose 

framework based on extracting facial landmarks using the geometrical properties of 

facial shape [7]. Rui Min et al; (2014) have generated a 3D database based on the 

Kinect sensor having 52 subjects over two sessions for 2D, 2.5D, 3D and video. Here 

recognition rates are calculated for 2D, 2.5D, and 3D-based face data using standard 

face recognition techniques like PCA, LBP, SIFT, LGBP, ICP, and TPS and also 

RGB and Depth images were fused using score-level fusion[8]. Ajmera et al; (2014) 

used threshold based methods over normalized 3-D image for identifying the salient 

features. These salient features are used to transform the image over various angles to 

generate the gallery dataset. Further, he computed CRR based on modified SURF 

descriptors and image enhancement techniques like adaptive histogram equalization, 

NLM filter etc.; for their internal database and compared results with EURECOM and 

Curtin face database [9]. R. I. Hg et. al. had proposed RGB-D Face dataset (VAP 

database) of 31 subjects containing 1581 images and have developed a face detection 

protocol using curvature analysis technique and tested for VAP database [10]. Gaurav 

Goswami et al; (2013) had generated IIIT-D RGB-D face database of 106 subjects 

with multiple Images per subject. Authors has also proposed an algorithm for  3D 

face recognition which involves computation of entropy map and visual saliency map 

followed by  HOG descriptor for feature extraction and finally the use of Random 

Decision Forest (RDF) classifier for establishing identity. The algorithm was tested 

for IIIT-D and Eurecom Database [11][4]. Table 1 is giving the brief idea about 

existing Kinect base 3d facial databases.  

Yu Mao et al.(2013) has work on identification and filling of expansion holes. 

Here the holes are identified based on depth histogram and the filling of holes is done 

using linear interpolation and graph based interpolation method. [13]. Mashhour Solh 

et al;(2012) has proposed two approaches for dis-occlusion removal in Depth Image-

Based Rendering (DIBR): hierarchical hole-filling (HHF) and depth adaptive 

hierarchical hole-filling. The said approaches follows pyramid like approach from 

lower resolution estimate of 3D wrapped image to estimate the said hole pixels. [14]. 

Dan Wang et al;(2014) have propose a hole filling algorithm to improve image quality 

of DIBR. Here to determine the order of hole filling the depth information is added to 

the priority calculation function. Next when searching for the best matching block the 

gradient information is used as auxiliary information [15][16]. Litong Feng et al; 

(2013) has proposed an adaptive background biased depth map hole-filling method 

[17]. Based on this literature survey we are proposing simple weighted average 

nonlinear interpolation hole/patch removal algorithm for the 3D database generated at 

our laboratory. We are presenting our GU-RGBD facial database having variation in 

pose, expressions and occlusion; collected over two sessions for 64 subjects. This 

database will be made available in public domain for research purpose. Extensive 

experimental evaluation is performed for the State of the Art face recognition 

algorithm in the form of identification and verification rate. 

The rest of the paper is organized as follows: Section 2 describes the GU-RGBD 

database generation setup and protocol. Section 3 is giving the detail explanation of 

the proposed filter. Section 4 explains the experimental evaluation protocol for 



database. Section 5 comprises of results and discussion and the final conclusion is 

given in section 6.  

Table 1. Existing 3D facial Databases 

2   3D database Generation 

2.1   3D Imaging Setup 

3D biometric imaging laboratory having controlled and uncontrolled environmental 

conditions was setup at our work place. This setup is comprised of RGBD camera, 

light sources, and a computer system. RGBD images were captured using Xbox 360 

Kinect depth camera from Microsoft, which consists of two parts, RGB camera to 

capture 2D image information and depth sensor which acquires depth information. 

Database No. Of 

Subjects 

Variations 

  Angles/Poses occlusion Expressions Illumination 

Eurecom [8] 52 Neutral face, right, left Paper & Hand on 

face, Sunglasses 

Smile, Mouth 

open 

Single pose 

VAP [10] 31 combination of 17 

vertical and horizontal 

face poses 

- Smile, Sad, 

Yawn, Anger 

- 

Curtin Face 

[3] 

100 various poses       - Various 

expressions 

Yes 

IIIT-D [11] 106 various poses - Various 

expressions 

Yes 

IIT-K [9] 100 0°,15°,30°,45°,60°,75°

,90° 

- - Yes 

VT-KFER 

[20] 

32 Frontal, Right, Left - 6 facial 

expressions 

- 

GU-RGBD 64 0°,45°,90°,-45°,-90° Paper on face Smile, Eyes close Full Session 2 



The depth sensor has an infrared projector combined with a monochrome CMOS 

sensor, which captures 3
rd

 dimension (distance between subject and sensor) i.e. depth. 

The sensor placement was at the height of 1.5mts from the floor and approximately at 

the distance of 1.25mts from the subject. The controlled condition was set using two 

QTH light sources of 600watt which were placed at an angle of 45
0
 normal to the 

subject position. In order to maintain the uniform background and equal illumination 

on all sides, white muslin cloth backdrop was mounted behind the subject. The direct 

projection of light on the subject was avoided by placing white muslin cloth umbrellas 

in front of light sources. To set uncontrolled environmental condition the subject was 

exposed to the ambient light by opening the windows while capturing the images. 

2.2   3D Image Acquisition Protocol 

 

Fig. 1. 3D Image Acquisition Protocol 

The image acquisition was performed after proper calibration of camera to confirm 

the constant parameters throughout the experiment. Here the highest resolution for 

Kinect color sensor (1280x960) and Kinect depth sensor (640x480) was selected. 

Database was collected in two sessions (controlled and un-controlled) for the students 

and staff of our organization. The image capturing protocol was designed as shown in 

figure 1. We have introduced eight variations per individual in the image acquisition 

process, having variation in pose (-90
0
, -45

0
, 0

0
, +45

0
, +90

0
), expressions (smile, eyes 

closed) and occlusion (paper was covering half part of the face).  

 

 

Fig. 2. 3D Image Acquisition Protocol 



For every subject, eight RGB and eight depth images were captured to form total 

of 16 in every session. The session1 consists 16 images captured in controlled 

environmental condition and session2 consist of 16 images captured in uncontrolled 

environmental condition by keeping window open for ambient light to enter the lab 

and the QTH sources were off. Thus total of 32 images captured per subject. The GU-

RGBD database has the enrollment of 64 subjects out of which 49 are males and 15 

are females from various age group. The size of database is 64(subjects)*32(images 

per subject) = 2048 images. The sample images of database are shown in figure 2. 

3   Proposed Patch Removal Filter 

The images captured by Kinect are noisy and inaccurate [8]. The presence of patches 

(zero value pixels present on the depth face) degrade the captured information and 

thus affects the recognition rate and hence it has to be enhanced in the pre-processing 

stage. We are using the interpolation method to replace the patch with the neighboring 

pixels. There are various scenarios of the characteristics of patch like localized 

position on facial triangle, size of patch and patch position on the boundaries. Hence 

sometimes surrounding information if not available in such scenarios especially when 

patch is placed at boundary positions. Hence, there is a need to allocate the weightage 

for the populace of surrounding pixels in the form of some constants i.e. a1, a2. The 

proposed filter acts as the solution for patches present on depth faces.  

The depth images of M x N dimensions usually having the 4:3 aspect ratio are 

extended by adding M/4 dummy rows and column pixels respectively for the higher 

dimensions of aspect ratio as shown in figure 3(a). This is extended so as to avoid the 

occurrence of computational errors for the pixels at the outer boundary as window of 

filter expands. Then ‘NaN’ values are assigned to the dummy rows and column pixels 

so as to avoid filling of false information for patches in vicinity of boundary. The 

proposed filter scan image by initially setting a lxl kernel i.e.  ‘u(l,l)’ to locate zero 

value pixel (which is a patch) to be replaced.  

The mathematical expression for the Kernel function is given below in equation 1.  

 

 

(1) 

  Where l=0, 1, 2, ……, M/2. Equation 1 is combination of zero and non-zero terms 

and hence we can write the same equation in the form of equation 2.  

 

Further we select values of a1= ū(i,j)o = 5% and a2=ū(i,j)ō =95% so that we give 

more importance to populace of non-zero value as compared to populace of 

zero values to interpolate the pixel. So for a said kernel size verify if the 

condition: 0.05*nos(ū(i,j)o) 0.95*nos(ū(i,j)ō), if not satisfied then increase the 

kernel size till the condition is satisfied. Once the condition is satisfied one 

(2) 



can generate the average value of the kernel equation 2 and further interpolate 

value y’(i,j)  as described in equation 3.  

 

    (3) 

  Here ū(i,j)o is average value of zero depth pixels and ū(i,j)ō is average value of non-

zero depth pixel values after proper populace factor of 5% and 95%. The proposed 

filter is followed by median filter for smoothening the image.  

 

 

Fig. 3. Filter Implementation: (a) Schematic view of filter, (b), (c), (d) Patches of different 

sizes 

  Figures 3(b), (c) and (d) are the pictorial view for the working of the filter.  

Assume the region marked as pixel in figure 4 to be a single pixel. In Figure 3(b) the 

patch is surrounded by high population of non-zero depth values. In such scenarios, a 

window of 3 x 3 is much capable of removing the patch. In case of Figure 3(c), the 

population of zeroes is dominant around the marked pixel (a patch), so the window 

has to be expanded until the 95% and 5% of contribution comes from the non-zero 

depth values and zero depth values respectively. The case of patch located at one of 

the corner is shown in Figure 3(d), here it can be seen that the window is expanding 

out of the image boundaries, where the contribution of the dummy rows and column 

pixels is neglected this is because the dummy elements are assigned to NaN, hence 

there is no contribution from them towards the new value of the pixel. 



4   Database Evaluation Protocol and Methodology 

The generated GU-RGBD database is having variation in pose, occlusion, expressions 

and illumination variation over two sessions out of which the images with 0° pose 

(i.e. neutral face) from session 1 (controlled condition) is used as gallery images and 

rest of the database was tested against it for computation of recognition rate. 

  The experimental evaluation protocol for database is as described in Figure 4. The 

captured RGB and depth images were cropped manually to 256x256 dimensions 

using Matlab script. In most of the variation of the database only partial faces are 

visible thus it restricted the use of existing face detection algorithms for cropping. The 

cropping of RGB and depth images was followed by resizing them to 96x96 

dimension to enhance the computational time. The proposed filtering technique was 

than implemented on depth images in order to remove the patches present in them. 

The process of feature Extraction was performed on the RGB images and depth 

images (with filter and without filter) separately by using techniques like Principle 

Component Analysis (PCA), histogram of oriented gradients (HOG) and Local binary 

patterns (LBP).  

 Fig. 4. Database Evaluation Protocol 

Similarity scores were computed using ‘sum rule’ for the extracted features of 

gallery images against the features of test dataset for respective algorithms and the 

recognition rates were obtained for RGB, depth (unfiltered) and depth filtered images 

using HOG [18], PCA [19] and LBP [12]. The evaluation of fusion performance for 

PCA+HOG and PCA+LBP was done by obtaining the recognition rates at matching 

score level. 

5   Results and Discussion 

The experimental evaluation of proposed GU-RGBD database for various poses, 

occlusion and expressions was carried out using PCA, HOG, LBP and their fusion at 

RGB/Depth 

(with filter/ 

without filter) 

images in 

eight facial 

variations 

(angle 

variation, 

occluded face, 

expressions) 
 

 

% Recognition 

Feature 

Extraction 

(HOG) 

Similarity 

Scores 

Feature 

Extraction 

(PCA) 
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matching score level as protocol described in previous section. The recognition rates 

for RGB and Depth images were obtained separately at Rank 5. As mentioned earlier 

all the images 0° pose variation (neutral images) from session 1 is set as Gallery 

dataset for testing all other datasets. Variations from session 1 and session 2 are tested 

against it, to obtain performance in form of recognition rates. 

Table 2.  Recognition Rates of RGB Images using PCA, HOG, LBP and their fusion 

 

Table 2 shows the recognition rates obtained for RGD images using various 

algorithms. It is observed from above table that for both session 1 & 2; variations like 

smile, eyes closed and 0° pose variation (session 2) gives high level of recognition as 

compared to other existing variations. This is because the full face triangle geometry 

is available for computation. In case of ±45° variation is having higher performance 

compared to ±90° variation in both the sessions, since facial area under computation is 

more in ±45° variation as compared to that ±90° variation. As compared to the various 

algorithms used the overall performance of HOG for session 1 and session 2 is at the 

higher level. As an example the computed recognition rate using HOG is 95% for eye 

close and 92% for smile on other hand it is 82% for eyes close and 79% for smile 

using PCA and 89% for eyes close and 81% for smile using LBP. The performance 

for paper occlusion mode is high using HOG 75% in session 1 and 62% in session 2 

compared to other algorithms. 

 

RANK 5 Variation PCA HOG LBP PCA+HOG PCA+LBP 

 

 

 

Session 1 

0° - - - - - 

45° 34.375 21.875 20.3125 35.9375 28.125 

90° 14.0625 10.9375 7.8125 15.625 7.8125 

-45° 20.3125 23.4375 14.0625 37.5 12.5 

-90° 10.9375 12.5 7.8125 12.5 7.8125 

Smile 79.6875 92.1875 81.25 92.1875 85.9375 

Eyes Closed 82.8125 95.3125 89.0625 90.625 92.1875 

Paper Occlusion 20.3125 75 12.5 59.375 14.0625 

 

 

 

 

 

Session 2 

0° 76.5625 92.1875 42.1875 93.75 68.75 

45° 21.875 26.5625 14.0625 31.25 21.875 

90° 14.0625 10.9375 7.8125 15.625 7.8125 

-45° 15.625 21.875 10.9375 25 10.9375 

-90° 6.25 14.0625 7.8125 9.375 7.8125 

Smile 78.125 90.625 50 92.1875 60.9375 

Eyes Closed 76.5625 92.1875 51.5625 93.75 65.625 

Paper Occlusion 15.625 62.5 14.0625 51.5625 15.625 



Table 3. Recognition Rates of Depth Images using PCA, HOG, LBP and their fusion 

 

The computed recognition rates for depth images with filter and without filter are 

listed in table 3. For variations like smile and eyes close (in both sessions) and 0° pose 

variation (session 2) a similar trend is seen as that of recognition rate for RGB images 

i.e. they generate the higher recognition rate compared to other facial variations in the 

table. In case of depth images also the recognition rate for 45° and -45° pose variation 

is dominant over 90° and -90° pose variation as the face triangle region under 

RANK 5 Variations Image Type PCA HOG LBP PCA+HOG PCA+LBP 

 

 

 

 

 

 

 

 

Session 1 

0° with filter - - - - - 

 without filter - - - - - 

45° with filter 21.875 10.9375 20.3125 28.125 23.4375 

 without filter 21.875 17.1875 18.75 26.5625 23.4375 

90° with filter 15.625 14.0625 17.1875 17.1875 23.4375 

 without filter 15.625 14.0625 14.0625 17.1875 18.75 

-45° with filter 17.1875 10.9375 25 21.875 25 

 without filter 17.1875 18.75 17.1875 15.625 17.1875 

-90° with filter 15.625 9.375 20.3125 12.5 15.625 

 without filter 12.5 14.0625 14.0625 12.5 15.625 

Smile with filter 90.625 95.3125 50 98.4375 78.125 

 without filter 89.0625 93.75 48.4375 93.75 70.3125 

Eyes Closed with filter 89.0625 92.1875 54.6875 92.1875 79.6875 

 without filter 89.0625 89.0625 34.375 92.1875 57.8125 

Paper Occlusion with filter 29.6875 25 14.0625 37.5 21.875 

 without filter 32.8125 46.875 7.8125 35.9375 10.9375 

 

 

 

 

 

 

 

 

Session 2 

0° with filter 73.4375 71.875 25 76.5625 35.9375 

 without filter 73.4375 65.625 18.75 71.875 28.125 

45° with filter 23.4375 20.3125 14.0625 23.4375 17.1875 

 without filter 23.4375 17.1875 12.5 25 12.5 

90° with filter 17.1875 12.5 14.0625 14.0625 18.75 

 without filter 17.1875 10.9375 10.9375 15.625 10.9375 

-45° with filter 14.0625 10.9375 17.1875 10.9375 20.3125 

 without filter 14.0625 15.625 10.9375 9.375 14.0625 

-90° with filter 10.9375 12.5 12.5 9.375 15.625 

 without filter 10.9375 7.8125 10.9375 9.375 6.25 

Smile with filter 71.875 68.75 32.8125 78.125 50 

 without filter 73.4375 62.5 14.0625 78.125 23.4375 

Eyes Closed with filter 76.5625 67.1875 28.125 81.25 53.125 

 without filter 78.125 60.9375 15.625 76.5625 21.875 

Paper Occlusion with filter 37.5 34.375 4.6875 51.5625 9.375 

 without filter 37.5 45.3125 17.1875 48.4375 29.6875 



computation is larger in 45° and -45° pose variation. It is further observed that the 

filter is improvising the recognition rates as compared to base results in most of the 

cases for all the algorithms. Example for smile variation in session 1 recognition rates 

using PCA is 89.0625 % (without filter) and 90.625 % (with filter), using HOG 

93.75% (without filter) and 95.3125 % (with filter) and using LBP 48.4375% (without 

filter) and 50 % (with filter). 

 

 

Fig. 5. ROC curves for different algorithms with and without filter for 00 
pose variation in 

session 2 (depth) 

Further the recognition rates are computed by using score level fusion 

methodology for HOG+PCA scores and PCA+LBP scores for both RGB and Depth 

images as shown in table 2 and table 3 respectively. PCA+HOG columns in both the 

tables shows marginal improvement in most of the cases due to fusion technique. In 

Session 2 (Table 2) for smile pose recognition rate using PCA is 78.125%, with HOG 

is 90.625% and PCA+HOG is 92.1875%. Similarly session 2 (Table 3) for smile pose 

in depth mode the recognition rate using PCA is 73.43%, with HOG is 62.5% and 

PCA+HOG is 78.125%. The proposed filter gives the improvement in recognition 

rate at Rank 5 for almost all poses with fusion methodology using PCA+HOG and 

PCA+LBP over both the sessions. It may be noted that the published results also 

indicates the poor performance i.e below 50% for the pose like various angular and 

occlusion poses. Hence the base results obtained are unison with the published results 

in literature [8].     

The graphical view of verification rates for various algorithms and their fusion are 

shown in Figure 5. It indicates that the verification rates at 10
0
 FMR for different 

algorithms using filter is higher as compared to without filter. Also it can be seen that 

the highest verification rate is obtained due to fusion of PCA+HOG with application 

of the filter. Thus filter performs reasonably well as compared to the without filter.  



6   Conclusion 

Kinect based GU-RGBD database is presented in this paper. The database was 

generated over two session’s i.e. controlled and uncontrolled environmental 

conditions, with each session having variations like variation in pose (-90
0
, -45

0
, 0

0
, 

+45
0
, +90

0
), expressions (smile, eyes closed) and occlusion (paper was covering half 

part of the face). A nonlinear interpolation filter for removal of patches present in 

depth images is also proposed in this paper. Experimental evaluation of proposed 

database is done to obtain the recognition rates using PCA, HOG, LBP and the score 

level fusion of PCA+HOG and PCA+LBP. From the obtained results it is observed 

that recognition rates obtain for RGB using HOG is higher than other algorithms. 

Also fusion has improved the performance of RGB to some extent. The proposed 

patch removal filter was applied to the RGBD database and it is found that the 

recognition rate of depth images is enhanced. The score level fusion of PCA+ HOG 

has also given the improved results. The proposed filter can be further extended using 

weighted average mean. As the kernel expand the interpolation can be implemented 

with dominant contribution from intermediate neighbors.  
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