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Abstract— Face recognition using Side-view is a difficult 

problem with numerous applications. In real-life scenarios 

where the environment is uncontrolled, dealing with pose 

variations up to side-view positions are a significant task for 

face recognition. In this paper, we talk about the use of side 

view face recognition systems used in safety applications. 

Our objective is to recognize persons. Here, we compare 

available databases suitable for this task, and re-examine 

current methods for face recognition. 
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I. INTRODUCTION 

Face recognition is a broadly used biometric technique with 

many advantages of being non-intrusive, usual and 

unreceptive. In recent times, many applications including 

surveillance systems, smart homes, or any application 

dealing with discover people from videos use face 

recognition as main biometric. Mainly in uncontrolled 

environments, it is a challenging task to recognize faces due 

to occlusion, expression, or pose variations. One possible 

implementation area for face recognition techniques is home 

safety applications. By reason of the busy schedule of the 

parents, overlooked risks or external threats, many people 

suffer from accidents and injuries happening in the home 

environment. It is possible to stop these accidents by 

increasing the situational knowledge and face recognition is 

one of the methods that can be used for this principle. Our 

aim is to review recent face recognition techniques dealing 

with pose variants. We will follow a similar structure as in 

[1] and group the existing techniques into two broad 

categories: feature-based techniques, and image-based 

techniques. In feature-based techniques, pose variation is 

handled at the feature level, where either selected features 

are robust to pose variations or for registration the features 

are transformed accordingly. On the other hand, in image-

based techniques, the images are warped or synthesized 

using 2D or 3D-aided systems to cope with varying poses. 

II. OBJECTIVE OF THE STUDY 

In There are a number of face databases containing side-

view images. Most of the available databases are collected 

in controlled settings such as regular background, lighting 

changes or restricted pose variations. The CMU-MultiPIE is 

the largest on hand database, with 337 subjects and 15 

poses. It is an extended version of the CMU - PIE database, 

which contains only 68 subjects and 13 poses. One more 

database that is mostly used in side-view face recognition 

applications is FERET database, containing 200 subjects 

and 9 pose variations. 

There are also some databases that are collected in 

more uncontrolled situations. UHDB1 database has 16 

captured of 141 subjects, where the subject is sitting in a 

car, and a camera placed at right angle to the subject is 

capturing the prospect. The recorded data contain 7 captures 

of different poses in an unbiased expression and one chapter 

with a happy expression. In addition to these, five 3D 

captures in different poses of the same subjects are also 

included in the database. MMI database is a web-based 

facial expression database, including 1500 samples of 19 

people. It encloses both static images and image sequences 

of faces in frontal and in profile view displaying various 

expressions. 3D face databases, infrared databases, or 

databases containing multi-modal information may also be 

used for side-view face recognition. The XM2VTS database 

contains 4 recordings of 295 subjects acquired over a period 

of 4 months. All recordings contain a speaking head shot 

and a rotating head shot. The database has high quality color 

images, video sequences, sound files and a 3D Model. It is a 

wing of the M2VTS database, which contains voice and 

motion sequences of 37 people and people have been asked 

to count from ‘0’ to ‘9’ in their local language, and rotate 

the head from −90 to +90.  

The Bosphorus Database is a 3D face database that 

includes a rich set of expressions, various poses and many 

types of occlusions. Although there are a number of 

valuable face databases containing pose variations and side-

view face images, they are mostly collected in a controlled 

environment, where the head pose is especially restricted. 

Even though there are some databases, that have videos of 

people in less controlled situations, they either contain small 

pose variations, or an unrealistic scenario. As a result, a 

database collected in a real-world scenario, and containing 

large pose variations would be necessary for further face 

recognition applications. 

III. METHODS 

Side-view face recognition is an exigent problem due to the 

complicated 3D structures of human faces. It is an extremely 

important task in any real-world application, where the 

environment is uncontrolled, and head pose is unrestricted. 

Here, we review available methods that are dealing with 

side-view face recognition. We can categorize the methods 

according to the technique used for dealing the pose 

differences between the library images and the test images. 

One promising approach is to modernize the feature space. 

An additional method is to generate synthetic images from 

the library images to acquire images under pose variation. 

We will examine these methods in the next section. We also 

review some relevant approaches that make use of side-view 

face images, but either use additional modalities, or execute 

different applications than face recognition. 

A. Feature based recognition: 

In feature-based face recognition methods, registration and 

recognition of faces are based on the extracted features. In 

other words, when the input image and the gallery image are 

in different poses, either the transformation in feature space 

is learned and applied to extract features to handle pose 

variations, or features that are robust to pose variations are 

used.  Since we are interested in identifying people using 

side-view face images, we categorized the methods 

according to their relevancy.  We take into consideration, if 

the method uses side-view face images for enrolment, if the 
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images are acquired from the video, if a 2D color camera is 

used, if the data is gathered in unrestricted condition, and if 

the aim is face recognition. 

  Harmon [10] uses profiles of 256 subjects and 

selects 9 fiducial points, from which they derive 11 features 

and calculate the similarities using Euclidean Distance. 

They improved their method in [11] by decreasing the 

number of features to 10. Later on, Harmon [12] defined 17 

fiducial points, and reported a recognition rate of 96% in a 

database of 121 persons. Wu and Huang [13] developed a 

facial recognition technique using 24 fiducial points, where 

they take out the face image using Cubic B-splines and 

compute the landmarks repeatedly. They account that 17 out 

of 18 test images are appropriately recognized. Encouraged 

by these methods, the first attempts to compare side-view 

face images were based on comparing profile curves, 

fiducial points that are taken out from the profile, or features 

that are calculated using the fiducial points on face image. 

Bhanu and Zhou [17] suggested a curvature-based 

matching technique for registration of side-view face 

images. They find the curvature of the face profile, and 

using the curvature values they find throat and nose. After 

that, they match up the curvature values between nation and 

throat point using Dynamic Time Warping. They evaluate 

their performance on Bern database and Stirling Database 

and reach to a recognition accuracy of 90.00% and 75.25%, 

respectively.  

In a later work, Zhou and Bhanu [17] recommend a 

technique to build a high resolution face image from low 

resolution videos. They use an elastic registration algorithm 

for alignment of face images and employ recognition using 

Dynamic Time Warping. They accomplish experiments on 

28 video sequences of 14 people walking with a right angle 

to the camera, and recognize more than 70% of the people 

correctly. 

Gao and Leung [11] recommend an attributed 

string matching algorithm for side-view face recognition, 

where they match a string of line segments. They tested their 

performance on Bern Database and achieved an accuracy of 

98.33%. In [20], they apply Hausdorff distance to measure 

similarity between the sets of line segments generated from 

edge maps of faces, and achieve 96.7% recognition accuracy 

on the Bern Database. Later on, in [20], Gao extended this 

effort by using leading points, instead of edge maps, as 

features for measuring similarity. He provides a Modified 

Hausdorff Distance for significance-based dominant point 

matching as well. The testing on Bern data set confirm an 

accuracy of 94.17%, and achieved a significant decrease in 

average storage space by 81.5%. Approaches that use only 

profile line have limited usage in real-world applications, 

since they rely on clear images that do not contain pose 

variation. Consequently, many other methods are proposed 

that make use of the texture information. One more 

approach is to use extensions to Principal Component 

Analysis (PCA). 

You et al. [27] apply Neighborhood Discriminate 

Projection for face recognition, where they plan to preserve 

within-class neighboring geometry during are differentiating 

the projected vectors of samples of dissimilar classes. Their 

performance in UMIST database is publicized to be 96.89%.  

 

Lucey and Chen [28] introduce a method “patch 

whole algorithm”, for verification of meagerly registered 

faces. They achieved the equal error rate of 12.00 on 

FERET database. Cheung et al. [29] suggest a method to 

recognize faces from surveillance cameras using Elastic 

Bunch Graph Matching (EBGM), and on FacePix database 

they achieved an accuracy of 97:00%. 

B. Image based recognition: 

In image-based face recognition techniques, when the input 

image and the library image are in dissimilar poses, a new 

image from either library image or input image is 

synthesized by warping or with the aid of a 3D face 

reconstruction system. Hence, the pose variation is handled 

by synthesizing images that contain the same pose as the 

image that is compared to. 

Beymer and Poggio [30] use preceding knowledge 

of 2D face images under different rotations, to create virtual 

views of a known face. After that, one real and multiple 

virtual views are used for enrollment. In order to create 

virtual views, the shape and texture features are vectorized. 

Subsequently, using optical flow and template matching, the 

correlation between the images and an average face image is 

calculated. In the next, the normalized correlations are 

compared to recognize the face. In more one example, 14 

virtual images as enrolment, 62 people are recognized in a 

cross-validation methodology, and a recognition accuracy of 

70:20% was achieved. 

Wallhoff et al. [31] join artificial Neural Networks 

(ANN) and Hidden Markov Models (HMM), where they 

produce the rotation process of frontal views to profile 

views using an ANN, and class by HMM. They check their 

system on the Mugs hot database and reach accuracy to 

56:00% of 100 individuals. Afterward, they present an 

improved system in [32]. Here they fuse profile views using 

Multi Layer Perception (MLP) with PCA weights, and attain 

smoother images. Subsequently, they apply a hybrid system 

of HMM/RBF for classification. They accomplish an 

accuracy of 60:00% of 100 persons on the Mugs hot 

database. 

IV. CONCLUSION  

In paper, we have presented a review of the current side-

view face recognition techniques. It is an essential task to 

recognize persons from side-view angles, particularly in 

real-world applications such as surveillance systems, smart 

homes, or any application dealing with identifying people in 

recorded videos. In such applications, the environment is 

uncontrolled, and therefore head pose is unrestricted, 

lighting is variable, and expression may be evident. Initially 

we compared available databases that hold side-view face 

images or videos, and noted that there is still a requirement 

for a face recognition database collected from challenging 

environments, and containing real-world scenarios. Next, we 

reviewed existing methods for side-view face recognition. 

We have observed that, especially recent works are more 

relevant to the subject, since they are based on real-world 

scenarios. They put more importance on side-view face 

recognition and pose variations, and they use recorded 

videos in place of stationary images. There are also various 

research using side-view images or image sequences, to 

recognize facial action units, or information like gender. 
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Even though they do not plan to recognize faces, their 

techniques might be also useful for face recognition 

techniques. For that reason, we also described these works 

in this paper. In the existence of pose variation, one of the 

most vital issues is registered. In most of the presented 

methods, people use fiducial points on the face as features 

for listing. When there is only one image available in the 

library, people either create new images with different 

poses, or they use features that are healthy for pose 

variation. 

`            Though, in the applications where more images, 

or video sequences are presented, it is possible to categorize 

images according to pose angle and compare only images 

with similar poses. When the registration is handled, 

features that illustrate side-view face images are needed. In 

many of the systems, the profile sketch is used as a means of 

biometric feature. Yet, additional fiducial points are used, or 

texture information is added using methods like Gabor 

filtering, Histogram of Oriented Gradients, or PCA, the 

performance is made known to be improved. 
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