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Abstract— In this survey paper, we will discuss about 

different 3D face recognition methods that we have explored 

till now. After finding different researches on face 

recognition we came to know that many researches in face 

recognition have been dealing with the challenge of the 

great variability in head pose, lighting direction and 

intensity, facial expression, and aging. The main purpose of 

this survey paper is to describe the recent 3D face 

recognition algorithms. One advantage of 3D face 

recognition is that it is not affected by changes in lighting 

like other techniques. It can also identify a face from a range 

of viewing angles, including a profile view. A disadvantage 

of most presented 3D face recognition methods is that they 

still treat the human face as a rigid object. This means that 

the methods aren’t capable of handling facial expressions. 
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I. INTRODUCTION 

Face recognition using 2D images is sensitive to 

illumination changes. The light collected from a face is a 

function of the geometry of the face, the albedo of the face, 

the properties of the light source and the properties of the 

camera. Given this complexity, it is difficult to develop 

models that take all these variations into account. Training 

using different illumination scenarios as well as illumination 

normalization of 2D images has been used, but with limited 

success. In 3D images, variations in illumination only affect 

the texture of the face, yet the captured facial shape remains 

intact  

Another differentiating factor between 2D and 3D 

face recognition is the effect of pose variation. In 2D images 

effort has been put into transforming an image into a 

canonical position. However, this relies on accurate 

landmark placement and does not tackle the issue of 

occlusion. Moreover, in 2D this task is nearly impossible 

use to the projective nature of 2D images. To circumvent 

this problem it is possible to ore different views of the face. 

This, however, requires a large number of 2D images from 

many different views to be collected. An alternative 

approach to address the pose variation problem in 2D 

images is either based on statistical models for view 

interpolation  or on the use of generative models. Other 

strategies including sampling the plenoptic function of a 

face using lightfield techniques. Using 3D images, this view 

interpolation can be simply solved by re-rendering the 3D 

face data with a new pose. This allows a 3Dmorphable 

model to estimate the 3D shape of unseen faces from non-

frontal 2D input images and to generate 2D frontal views of 

the reconstructed faces by re-rendering. Another pose-

related problem is that the physical dimensions of the face in 

2D images are unknown. The size of a face in 2D images is 

essentially a function of the distance of the subject from the 

sensor. However, in 3D images the physical dimensions of 

the face are known and are inherently encoded in the data. 

In contrast to 2D images, 3D images are better at capturing 

the surface geometry of the face. Traditional 2D image 

based face recognition focuses on high-contrast areas of the 

face such as eyes, mouth, nose and face boundary because 

low contrast areas such as the jaw and cheeks are difficult to 

describe from intensity images. 3D images, on the other 

hand, make no distinction between high- and low contrast 

areas. 3D face recognition, however, is not without its 

problems. Illumination, for example, may not be an issue 

during the processing of 3D data, but it is still a problem 

during capturing. Depending on the sensor technology used, 

oily parts of the face with high reflectance may introduce 

artifacts under certain lighting on the surface. The overall 

quality of 3D image data collected using a range camera is 

perhaps not as reliable as 2D image data, because 3D sensor 

technology is currently not as mature as 2D sensors. 

Another disadvantage of 3D face recognition techniques is 

the cost of the hardware. 3D capturing equipment is getting 

cheaper and more widely available but its price is 

significantly higher compared to a high resolution digital 

camera. Moreover, the current computational cost of 

processing 3D data is higher than for 2D data.  

Finally, one of the most important disadvantages of 

3D face recognition is the fact that 3D capturing technology 

requires cooperation from a subject. As mentioned above, 

lens or laser based scanners require the subject to be at a 

certain distance from the sensor. Furthermore, a laser 

scanner requires a few seconds of complete immobility, 

while a traditional camera can capture images from far away 

with no cooperation from the subjects. In addition, there are 

currently very few high-quality 3D face databases available 

for testing and evaluation purposes. Those databases that are 

available are of very small size compared to 2D face 

databases used for benchmarking.  

II. SURFACE BASED APPROACHES 

A. Local Methods   

Gordon proposed to use the Gaussian and cean curvature 

combined with depth maps to extract the regions of the eyes 

and the nose. He matched these regions to each other and 

reached a recognition rate of 97% on a dataset of 24 subjects 

[1]. Chua et al. [2] introduced point signatures to describe 

the 3D landmark. They used point signatures to describe the 

forehead, nose and eyes. Their method reached a recognition 

rate of 100% when tested on a dataset with 6 subjects. Wang 

et al. used the point signatures to describe local points on a 

face (landmarks). They tested their method on a dataset of 

50 subjects and compared their results with the Gabor 

wavelet approach [3].  
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B. Global Methods  

One global method on curvature was lately presented by 

Wong et al. [4]. The surface of a facial model was 

represented by an Extended Gaussian Image (EGI) to reduce 

the 3D face recognition problem to a 2D histogram 

comparison. The proposed measure was the multiple 

conditional probability mass function classifier (MCPMFC). 

Tested on a dataset of 5 subjects the MCPMFC has a 

recognition rate of 80.08% where a minimum distance 

classifier (MDC) reached a recognition rate of 67.40%. 

However a test on synthetic data showed that for both 

methods the recognition rate decreased with 10% when the 

dataset was increased from 6 subjects to 21 subjects.  

Beumier and Acheroy proposed to use vertical 

profiles of 3D models for face recognition. Their first 

attempt was based on three profiles of one face and had an 

error rate of 9.0% when it was tested on a dataset of 30 

subjects [5]. In their second attempt they added grey value 

information to the matching process [6]. This attempt 

reduced the error rate to 2.5% when it was tested on the 

same database.  

III. TEMPLATE MATCHING APPROACHES 

Blanz, Vetter and Romdhani proposed to use a 3D 

morphable model for face recognition on 2D images [8]. 

With this method tested on a dataset of 68 subjects they 

reached a recognition rate of 99.8% for neutral frontal 

images and a recognition rate of 89% for profile images.  

IV. OTHER APPROACHES 

The original principal component method for 3D facial 

models was implemented by Mavridis et al. for the 

European project HiScore. Chang et al. had compared the 

performance of 3D eigenfaces and 2D eigenfaces of neutral 

frontal faces on a dataset of 166 subjects [9]. They found no 

real difference in performance for the 2D eigenfaces and 3D 

eigenfaces. However, a combination of both 

dimensionalities scored best of all with a recognition rate of 

82.8%. Xu et al. proposed to use 3D eigenfaces with nearest 

neighbor and nearest neighbors as classifiers [10]. Their 

approach reached a recognition rate around the 70% when 

tested on a dataset of 120 subjects. Bronstein et al. had 

proposed to transform the 3D models to a canonical form 

before applying the eigenface method to it [11]. They 

claimed that their method could discriminate between 

identical twins and was insensitive for facial expressions, 

although no recognition rates were given.  

V. DISCUSSION AND CONCLUSION 

It is hard to compare the results of different methods to each 

other since the experiments presented in literature are 

mostly performed under different conditions on different 

sized datasets. For example one method was tested on 

neutral frontal images and had a high recognition rate, while 

another method was tested on noisy images with different 

facial expressions or head poses and had a low error rate.  

Some authors presented combinations of different 

approaches for a face recognition method and these 

performed all a little better than the separate methods. But 

besides recognition rate, the error rate and computational 

costs are important, too. If the error rate decreases 

significantly, while the recognition rate increases only a 

little bit, the combined method is still preferred. But, if the 

computational costs increase a lot, calculation times could 

become prohibitive for practical applications.  

In table 1 a summary is given for the most 

important and successful 3D face recognition methods. One 

can see that the 3D face recognition approaches are still 

tested on very small datasets. However, the datasets are 

increasing during the years since better acquisition materials 

become available. By increasing a dataset, however, the 

recognition rate will decrease. So the algorithms must be 

adjusted and improved before they will be able to handle 

large datasets with the same recognition performance. 

Another disadvantage of most presented 3D face recognition 

methods is that most algorithms still treat the human face as 

a rigid object. This means that the methods aren’t capable of 

handling facial expressions.  

Method 

No. of 

subjects in 

dataset 

Images 

per 

subject 

Rank one 

recognition 

performance in % 

Gaussian 

image 
8 3 100 

Point 

Signature 
6 1 100 

Extended 

Gaussian 

images 

5 1 80 

Morphable 

model 
68 21 99.8 

3D 

Eigenfaces 
166 2 83.7 

Table 1: A Summary on Most Important 3D Face 

Recognition Methods. The Variation in Images Column 

shows that if Images in Dataset were taken under different 

Conditions, like Facial Expression, Illumination Head Pose 

etc. 
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