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Abstract: Research in 3D biometric face recognition has 

established its firm base as it is capable of addressing the issues 

like the variation in facial poses, angles, occlusions etc. In 

recent era the low cost, 3D Kinect camera sensor is used for 

capturing 3D images. The output of 3D Kinect camera is of low 

resolution thus even a slight change in the parameters or the 

environmental conditions incorporates information loss i.e. 

patch in the depth image. In this paper we have formulated 

some patch removal filters and the recognition & verification 

rates are computed for the GU-RGBD database.  
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I. INTRODUCTION 

Facial biometrics has grabbed the unique position in research 

world as it is easily obtainable and convenient biometric trait as 

compared to the iris, voice, gait etc. Research in facial biometric 

can be broadly classify in areas like 2D faces, hyperspectral faces, 

multispectral faces, 3D faces etc. The development of low cost 3D 

Kinect camera sensor is a boon for 3D research area. Captured 3D 

faces has capability to overcome the limitations like illumination 

variation and pose variation which commonly affects the 2D 

system [1]. This is mainly because 3D camera system has more 

spatial information compared to 2D in form of depth (distance 

from each pixel to the sensor) along with RGB images. [2] Which 

is a robust inherent property associated for 3D face recognition 

against uncontrolled environment  

The captured Kinect images are of resolution and noisy, thus 

it is needed to be filtered, the lost information in form of 

patches/holes are also needed to be filled at preprocessing stage as 

it affects the performance. In literature one can find the 

contribution of Yu Mao et al. (2013) who has work on 

identification and filling of expansion holes. Here the holes are 

identified at initial stage based on depth histogram and the linear 

interpolation and graph based interpolation methods are used for 

filling. [3]. Mashhour Solh et al; (2012) has contributed two 

approaches for dis-occlusion removal in Depth Image-Based 

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

adaptive hierarchical hole-filling. These approaches follows 

pyramid like approach from lower resolution estimate of 3D 

wrapped image to estimate the hole pixels value. [4]. Dan Wang 

et al; (2014) have proposed a hole filling algorithm to improve 

image quality of DIBR. Here the depth information is added to the 

priority calculation function to determine the order of hole filling. 

Next to find the best matching block the gradient information is 

used as auxiliary information [5][6]. Litong Feng et al; (2013) has 

proposed an adaptive background biased depth map hole-filling 

method [7]. Based on this literature survey it is understood that 

filling of holes\ patches is a need to get better performance thus 

here we are proposingweighted average nonlinear interpolation 

based hole filling/patch removal techniques for the 3D images.  

The rest of the paper is organized as follows: Section 2 

describes the GU-RGBD database. Section 3 is giving the detail 

explanation of the proposed patch removal filters. In Section 4 

performance analysis protocol is explained. Results are discussed 

in session 5 and the final conclusion is given in section 6. 

II. 3D Database 

GU-RGBD database has collection of images under 

controlled (session 1) and uncontrolled (session 2) environmental 

condition. Both session 1 & 2 has variations like variation in pose 

(-900, -450, 00, +450, +900), expressions (smile, eyes closed) and 

occlusion (paper was covering half part of the face). The total size 

of the database is 64(subjects)*32(images per subject) = 2048 

images. 

 

III. Proposed Patch Removal Filters 

The images captured by Kinect are noisy and inaccurate as it 

is low resolution [8].Patches (Zero value pixels) occurs in the 

depth image due to fluctuation in distance between subject and 

camera, poor reflectance of surface to IR light etc. The 

recognition rate is affected as the depth image quality degraded 

due to lost information. Thus it is needed to be enhanced at the 

preprocessing stage. We have proposed an interpolation based 

patch filling techniques using information from neighboring pixel.  

 

Figure 1: sample images from RGBD database 



 

 

Fig. 2.Filter Implementation: (a) Schematic view of filter, (b), 

(c), (d) Patches of different sizes 

In fig.2 depth image of MxM dimension is extended by adding 

M/4 dummy rows and columns pixels respectively for the higher 

dimensions of aspect ratio, so as to avoid the occurrence of 

computational errors for the pixels at the outer boundary as kernel 

function expands. There is no contribution from dummy elements 

(pixels) in patch filling as the NaN value is assigned to them, thus 

avoid the false computations.  

Initially the kernel ‘u(l,l)’ of lxl dimension scans the image to 

locate the patch (zero value pixel)  (   )  which is to be enhanced. 

A. Filter 1 

Mathematically the kernel expression is given as in eq.1. 

 (   )  ∑ ∑  (         )
 
    

 
    

(1)  

Where l=0, 1, 2,…… M/2.  

Equation 1 is the average contribution of zero and non-zero pixels 

thus it can be written in the form of eq.2.  

           (   )   (   ) ̅̅ ̅̅ ̅̅ ̅   (   ) ̅̅ ̅̅ ̅̅ ̅(2) 

Here we select  (   ) ̅̅ ̅̅ ̅̅ ̅ = 5% and  (   ) ̅̅ ̅̅ ̅̅ ̅=95% contribution of 

zero and non-zero pixels thus giving higher importance to the 

populace of non-zero value to interpolate the zero pixel. The 

expansion of kernel is restricted by the condition: 

0.05*nos(ū(i,j)o) 0.95*nos(ū(i,j)ō). Once the condition is 

satisfied the average value is generated of the kernel equation 

and interpolates the zero value pixel as described in eq. 3.  

 

 

  (   )   (   )   (   )                        (   )   (3) 

 

(3) 

B. Filter 2 

Consider the kernel function given in the equation 1 & 2. To 

give the equal importance for populace of Zeros and Non Zeros in 

the set kernel, a1= ū(i,j)o = 50% and a2=ū(i,j)ō =50% is selected and 

the propagation of the kernel is restricted by the condition 

nos(ū(i,j)o) nos(ū(i,j)ō). Further the factor αn is introduced to give 

weightages to the varying kernel size. Here α=0.9 (variable) and 

n=total number of windows, the n is assigned in such a way that 

the maximum importance is given to the immediate neighbor and 

exponentially decreases as window propagates. Hence the filter 

eq. 3 can be modified as      

  (   )  ∑   
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C. Filter 3  

This filter has the similar condition as that of Filter 2, for 

selection and propagation of the kernel. Here 1-(n•α) is used as 

the factor, where n=number of windows and α = 1/ (number of 

windows +1). Thus the filter equation can be written as  

  (   )  ∑ (  (   )) 
    ( (   )  (       ))  (   )   

          (5) 

All the three proposed filters are followed by median filter for 

smoothening the image.  

Fig 2(b), (c) and (d) are giving the pictorial view for the 

working of the filter for different localized positon of patches on 

face triangle. For explanation purpose consider the region marked 

as pixel in figure 2a to be a single pixel. In case 1, Figure 2(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 2, Figure 2(c) the population of zeroes is 

dominant around the marked pixel (a patch), so the window has to 

be expanded until the condition of  95% and 5% contribution from 

non-zeros and zeros is satisfied. In case 3, the patch is located at 

one of the corner Figure 2(d), here the kernel expands across the 

dummy rows and columns crossing the image boundaries. 

Fig. 3.Performance analysis Protocol 

IV. Performance Analysis 

The experimental evaluation was done using GU-RGBD 

database for the analysis of proposed patch filling filters. This 

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 region of interest from images were cropped manually to 

256x256 dimensions and resizing them to 96x96 dimension to 

enhance the computational time. The cropped images was 

preprocessed and patches were filled by using proposed patch 

filling techniques at the next stage. To obtain the recognition rates 

the similarity scores were computed using feature extractors like 



Principle Component Analysis (PCA) [9], histogram of oriented 

gradients (HOG) [10] and Local binary patterns (LBP) [11]. Also 

the fusion of PCA+HOG and PCA+LBP was performed using 

‘sum rule’ and the recognition rates were obtained. 

V. Results and Discussion 

The computed recognition rates for depth images with filter 

and without filter are listed in table 1a & 1b. For variations like 

smile and eyes close (in both sessions) and 0° pose variation 

(session 2) gives high level of recognition as compared to other 

existing variations. This is because the full face geometry is 

visible and available for computation. Also the recognition rate 

for 45° and -45° pose variation is dominant over 90° and -90° 

pose variation as the face triangle region under computation is 

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

the three filters are 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 all filters), using 

HOG 93.75% (without filter) and 95.3125 % (with filter 1) but 

low performance is noted for filter 2 & 3, and using LBP 

48.4375% (without filter) and 50 % (with filter 1), 56% (filter 2),  

53% (with filter 3). Also for the anglelike 90 degrees the filters 

are performance good over base results in both the sessions with 

exceptions at few places. 

Further for the filtered and unfiltered images the recognition 

rates are computed by using score level fusion methodology for 

HOG+PCA scores and PCA+LBP scores for Depth images as 

shown in table 1a & b.  PCA+HOG columns in both the tables 

have shown marginal improvement in most of the cases due to 

fusion technique. Also the improvement can be seen with 

PCA+LBP  in table 3a &b with at list one of the proposed filter.  

In session 1 for smile variation observed base results for 

PCA+HOG are 93.75% and the results obtain on application of 

the filters are 98.4% (filter 1), 95.3% (filter 2), 96.8% (filter 3). 

Similarly forPCA+LBP the base results are 70%(without filter) 

and 78.1%, 75% and 73.4% with filter1, 2 & 3 respectively. The 

proposed filters are enhancing the recognition rates at Rank 5 for 

almost all poses with fusion methodology using PCA+HOG and 

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

indicates the poor performance for the pose like various angular 

and occlusion poses. Hence the base results obtained are unison 

with the published results in literature [8].    

 

Fig. 4.ROC curves for different algorithms with and without 

filter for 00pose variation in session 2 (depth) 

 

Fig. 5.ROC curves for with and withoutFilters for 00pose 

variation in session 2 (depth) 

The graphical view of verification rates for various algorithms 

and their fusion are shown in Figure 4& 5. It indicates that the 
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Table3a.Recognition Rates of Depth Images using PCA, HOG, LBP and their fusion (session 1) 

 

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

Session 1 

0° 

filter_1 - - - - - 

filter_2 
     

filter_3 
     

without filter - - - - - 

45° 

filter_1 21.875 10.9375 20.3125 28.125 23.4375 

filter_2 15.625 18.75 10.9375 29.6875 18.75 

filter_3 18.75 18.75 18.75 28.125 21.875 

without filter 21.875 17.1875 18.75 26.5625 23.4375 

90° 

filter_1 15.625 14.0625 17.1875 17.1875 23.4375 

filter_2 18.75 12.5 20.3125 20.3125 23.4375 

filter_3 18.75 15.625 20.3125 21.875 28.125 

without filter 15.625 14.0625 14.0625 17.1875 18.75 

-45° 

filter_1 17.1875 10.9375 25 21.875 25 

filter_2 23.4375 14.0625 12.5 23.4375 18.75 

filter_3 21.875 15.625 18.75 25 25 

without filter 17.1875 18.75 17.1875 15.625 17.1875 

-90° 

filter_1 15.625 9.375 20.3125 12.5 15.625 

filter_2 15.625 7.8125 9.375 12.5 12.5 

filter_3 17.1875 10.9375 7.8125 15.625 14.0625 

without filter 12.5 14.0625 14.0625 12.5 15.625 

Smile 

filter_1 90.625 95.3125 50 98.4375 78.125 

filter_2 90.625 92.1875 56.25 95.3125 75 

filter_3 90.625 92.1875 53.125 96.875 73.4375 

without filter 89.0625 93.75 48.4375 93.75 70.3125 

Eyes Closed 

filter_1 89.0625 92.1875 54.6875 92.1875 79.6875 

filter_2 85.9375 87.5 46.875 92.1875 70.3125 

filter_3 81.25 89.0625 53.125 92.1875 75 

without filter 89.0625 89.0625 34.375 92.1875 57.8125 

Paper 
Occlusion 

filter_1 29.6875 25 14.0625 37.5 21.875 

filter_2 - - - - - 

filter_3 - - - - - 

without filter 32.8125 46.875 7.8125 35.9375 10.9375 

 

 

 

 

 



Table3b.Recognition Rates of Depth Images using PCA, HOG, LBP and their fusion (session 2) 

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

Session 2 

0° 

filter_1 73.4375 71.875 25 76.5625 35.9375 

filter_2 73.4375 67.1875 26.5625 73.4375 42.1875 

filter_3 68.75 73.4375 28.125 71.875 42.1875 

without filter 73.4375 65.625 18.75 71.875 28.125 

45° 

filter_1 23.4375 20.3125 14.0625 23.4375 17.1875 

filter_2 15.625 17.1875 12.5 25 18.75 

filter_3 17.1875 17.1875 12.5 23.4375 17.1875 

without filter 23.4375 17.1875 12.5 25 12.5 

90° 

filter_1 17.1875 12.5 14.0625 14.0625 18.75 

filter_2 12.5 17.1875 14.0625 12.5 15.625 

filter_3 18.75 15.625 12.5 17.1875 18.75 

without filter 17.1875 10.9375 10.9375 15.625 10.9375 

-45° 

filter_1 14.0625 10.9375 17.1875 10.9375 20.3125 

filter_2 10.9375 9.375 12.5 9.375 14.0625 

filter_3 10.9375 4.6875 17.1875 9.375 18.75 

without filter 14.0625 15.625 10.9375 9.375 14.0625 

-90° 

filter_1 10.9375 12.5 12.5 9.375 15.625 

filter_2 12.5 10.9375 9.375 7.8125 10.9375 

filter_3 12.5 10.9375 15.625 12.5 12.5 

without filter 10.9375 7.8125 10.9375 9.375 6.25 

Smile 

filter_1 71.875 68.75 32.8125 78.125 50 

filter_2 67.1875 68.75 28.125 76.5625 40.625 

filter_3 65.625 73.4375 28.125 81.25 39.0625 

without filter 73.4375 62.5 14.0625 78.125 23.4375 

Eyes 
Closed 

filter_1 76.5625 67.1875 28.125 81.25 53.125 

filter_2 75 71.875 23.4375 71.875 43.75 

filter_3 73.4375 73.4375 32.8125 81.25 46.875 

without filter 78.125 60.9375 15.625 76.5625 21.875 

Paper 
Occlusion 

filter_1 37.5 34.375 4.6875 51.5625 9.375 

filter_2 - - - - - 

filter_3 39.0625 37.5 - 50 - 

without filter 37.5 45.3125 17.1875 48.4375 29.6875 

 

verification rates at 100 FMR for different algorithms using 

filter is higher as compared to without filter (fig. 4). Also it can be 

seen that the highest verification rate is obtained due to fusion of 

PCA+HOG with application of the filter. Figure 5 indicates that 

all the 3 filters are giving good performance compared to base 

results thus filter performs reasonably well as compared to the 

without filter.  

 

 

VI. Conclusion 

Here in this paper we have proposed nonlinear interpolation 

based patch removal filters for depth images. Performance 

analysis for the proposed filters are obtained by computing 

recognition rates using PCA, HOG and LBP. Also the score level 

fusion of PCA+HOG and PCA+LBP was performed. It is 

observed from the obtained results that all the three filtering 



techniques are performing reasonably well over the base results. 

Also fusion has improved the performance to some extent 

(especially PCA+ HOG). 
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