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Multi-View Face Detection and Registration 
Requiring Minimal Manual Intervention  

Seyed Mohammad Hassan ANVAR, Student Member, IEEE, Wei-Yun YAU, Senior Member, IEEE, 

and Eam Khwang TEOH, Member, IEEE 

Abstract— Most face recognition systems require faces to be detected and localized a priori. In this paper, an approach to 
simultaneously detect and localize multiple faces having arbitrary views and different scales is proposed. The main contribution 
of this paper is the introduction of a face constellation, which enables multi-view face detection and localization. In contrast to 
other multi-view approaches that require many manually labeled images for training, the proposed face constellation requires 
only a single reference image of a face containing two manually indicated reference points for initialization. Subsequent training 
face images from arbitrary views are automatically added to the constellation (registered to the reference image) based on 
finding the correspondences between distinctive local features. Thus, the key advantage of the proposed scheme is the minimal 
manual intervention required to train the face constellation. We also propose an approach to identify distinctive correspondence 
points between pairs of face images in the presence of a large amount of false matches. To detect and localize multiple faces 
with arbitrary views, we then propose a probabilistic classifier based formulation to evaluate whether a local feature cluster 
corresponds to a face. Experimental results conducted on the FERET, CMU and FDDB datasets show that our proposed 
approach has better performance compared to the state-of-the-art approaches for detecting faces with arbitrary pose.  

Index Terms— Multi-view, Image registration, Face constellation, Simultaneous face detection and localization. 

———————————————————— 

1 INTRODUCTION
ACE detection and localization is a critical 
requirement for most face recognition systems. This is 
because it segments out the appropriate face region to 

the face recognition module for processing and as such, 
the performance of this module will significantly affect 
the overall result of the recognition task [1]. Almost all 
recognition algorithms [2-4] assume that the input face 
has been correctly detected and cropped during the pre-
processing stage. However, such an assumption is often 
not valid for real world applications such as video 
surveillance as the faces are in various poses and some of 
the faces are occluded. Commonly used window-based 
face detection techniques such as Viola and Jones [5], 
Schneiderman and Kanade [6], Li and Zhenqiu [7], and 
Huang et al. [8] only yield coarse face detection results. 
Subsequently, fine tuning algorithms are required to crop 
and align the detected faces to meet the need of face 
recognition module [9]. Most fine tuning algorithms 
require locating the position of the eyes [10] or 
regularization with template matching [11-13]. These 

algorithms are sensitive to variations in face pose, facial 
expression, illumination, and background scene [14, 15]. 
To address the face alignment problems, patch based 
algorithms have been proposed [16, 17]. However, these 
algorithms require a face to be detected a priori. 
Furthermore, the existing algorithms do not perform well 
with non-frontal faces or in the presence of occlusion. 
Moreover, window-based face detection techniques [5, 7, 
8] and probabilistic frameworks [6, 18] require a large
amount of manual intervention to prepare a training set. 
Usually, these consist of thousands of manually modified 
images that must be cropped and labeled. Thus preparing 
the training images is a very time consuming and costly 
process. 

To address these problems, in this paper we introduce 
an approach that combines face detection, localization, 
and feature selection tasks into a single framework. Our 
approach is based on establishing a face constellation, 
which is essentially a reference map indicating how all the 
other face images in the training set are registered with 
respect to a reference image. A key feature of this work is 
the formulation of links to establish a match of a given 
face with a reference image and to detect and localize 
faces from arbitrary views at different scales. The purpose 
of the training images is to provide enough diversity to 
the constellation such that it can provide sufficient links 
that connect various registered faces from different poses, 
illumination, background clutter, etc.  

Another contribution of this work is the feature 
selection technique based on local descriptors and 
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geometric constraints to select distinctive correspondence 
points between two faces from among many false or 
unreliable matches in the registration stage. A method to 
detect and correct erroneous matches is also included in 
order to avoid error propagation. Unlike [5-8, 18], our 
proposed approach requires only manual input of two 
reference points in just one reference image during the 
training stage. Subsequent processing is then fully 
automated. As such, the proposed approach is not purely 
a face detector (e.g. [5, 7]) or face alignment algorithm 
(e.g. [16, 17, 19]), but a learning technique for training 
multi-view face classifiers with minimum supervision or 
labeling. Experimental results show that the proposed 
method is comparable to state-of-the-art face detectors 
and can localize faces accurately.  

The organization of this paper is as follows: section 2 
presents a literature review of face detection techniques. 
Section 3 introduces the framework for constructing a 
multi-view face constellation by finding distinctive 
correspondence points among the images and describes a 
method to register arbitrary views of faces from different 
persons and at different scales. Section 4 then describes a 
probabilistic classification algorithm to locate the 
registered faces having multiple views and scales in 
highly cluttered background scenes. Section 5 provides 
the experimental results for each stage of the proposed 
method and finally section 6 concludes the paper.  

2 RELATED WORK 
In this section, we review some of the popular feature 
extraction and matching techniques used in face detection 
and summarize the state-of-the-art multi-view face 
detection methods.  

2.1 Invariant Feature Extraction 
Objects are usually recognized by their unique features. 
Many feature extraction methods have been proposed in 
the literature. Some methods such as Haar-like features 
[20] and Local Binary Pattern features (LBP) [21] are 
computed for every pixel in an image. However, these 
features are not scale invariant. Alternatively, other 
methods compute the salient points in images to both 
decrease the processing time and increase the 
performance. Mikolajczyk and Schmid [22] introduced 
the Harris-Laplace detector to detect corners and salient 
points in images which is invariant to scale change. Lowe 
[23] used Difference of Gaussian operations at multiple 
scales to find the salient points and defined an 
appearance descriptor for these points based on the 
gradient histogram in the local neighborhood. These 
features are invariant to scale changes and robust to small 
rotations and are commonly referred to as Scale Invariant 
Feature Transform (SIFT). Some variants of SIFT have 
been proposed recently, such as GLOH [24], SURF [25] 
and SCARF [26]. 

Solutions for detecting objects or faces with arbitrary 
views require a feature extraction method that would be 
able to cope with illumination and pose variation, object 

deformation and partial occlusion. A comprehensive 
survey was carried out by Mikolajczyk and Schmid [24] to 
evaluate the performance of different feature extraction 
algorithms in images under various transformation such 
as rotation, zoom, viewpoint change, blurring, JPEG 
compression and illumination variation. They concluded 
that SIFT features and their improved version (GLOH) 
have better performance compared to the other features. 
Therefore, in this paper, we adopt the SIFT features to 
represent salient points in face images.  

2.2 Matching Techniques 
A matching approach was proposed by Mikolajczyk and 
Schmid [27] to find the correspondence points between 
two images based on the scale and affine invariant 
interest points identified using a Harris detector [22]. 
They computed Gaussian derivatives up to the 4th
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around the interest points to generate a 12-dimension 
descriptor. They then calculate the similarity between the 
descriptors in the first image and the second image using 
the Mahalanobis distance. A potential correct match is 
found if the distance falls below a preset threshold. 
Subsequently, cross correlation is performed to eliminate 
some false matches.  

23] proposed another matching method based
on SIFT salient points. The similarities between salient 
points in the first and second images were found using 
minimum Euclidean distance. Post-processing was 
performed to remove any false correspondences. The final 
correspondence points are obtained by estimating the 
transformation between the two images using the random 
sample consensus (RANSAC) method [28]. RANSAC 
works well when the number of false correspondences is 
small compared to the overall matches found. However, 
when the number of real correspondence points is small 
compared to the number of outliers, RANSAC will fail 
[27]. 

2.3 Multi-View Face Detection Approaches 
Several approaches have been proposed to detect objects 
and faces in multi-view [6, 8, 18, 29]. Some schemes [6, 8, 
29] used an ensemble of similar detectors, with each
detector trained to detect the face in a predefined pose. 
The training process requires manually labeled images of 
all poses. A sliding window at different scales 
exhaustively searches the given image to determine the 
existence of a face. This procedure is repeated for every 
pose of the face by running it through the ensemble of 
classifiers. Such approaches are slow and work well only 
on the finite poses being trained. Generalization is 
required for the other poses. To improve the accuracy, 
more poses have to be trained, requiring more detectors 
as well as increasing the processing time. Thus, a 
compromise has to be reached on the number of poses to 
be trained versus the desired computational speed. To 
improve the speed, Toews and Arbel [18] proposed a 
non-window approach using Bayesian classifier. To train 
their detector, some control points in all the training 
images are manually selected. The control points are 
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chosen such that they would be invariant to view 
changes. Although the performance of this method for 
frontal face is not as good as the ensemble of classifiers, 
the result for the non-trained views is very promising. In 
all the face detection methods above, the training images 
have to satisfy some constraints or assumptions such as 
face images are manually cropped and aligned, have a 
plain background, contain only frontal and near frontal 
views or have minimum rotation at the control points 
chosen in the training images.  

In this paper, we propose a multi-view face detection 
approach that requires no prior assumption about the 
training images. Our approach starts with an image of a 
face with two known reference points and then enriches 
the classifier with some training data in various poses. 
With sufficient data, a constellation similar to the 
projection of a 3D model onto 2D space is formed for the 
face, comprising links to various faces in different poses. 
This model is then used to detect and localize faces in 
arbitrary poses and other challenging scenarios such as 
image with multiple faces in different views.  

3 MULTI-VIEW SINGLE FACE DETECTION AND
REGISTRATION WITH MINIMAL MANUAL
INTERVENTION 

In this section, we describe our proposed approach to 
detecting a single face in an arbitrary view. The next 
section will then extend it to multiple faces having 
arbitrary views. The basic concept of our proposed 
approach is to detect correspondence points between 
image pairs. Although pairs of face images with 
significantly different poses will not match, there would 
be sufficient matches if the pose variations are within a 
tolerable limit. Thus, sufficiently large number of face 
samples with arbitrary views must be included in the face 
constellation. By increasing the number of matched pairs 
among gradually varying poses and maintaining the 
linkages associated with such matched pairs, the 
constellation can cover the entire space of possible pose 
variations of the face. By virtue of the correspondences 
maintained, if two control points (i.e. the reference points) 
in a face image (the reference image) are known, then the 
other face images can be registered with respect to the 
reference image. Given an unknown image, the presence 
of a face can be determined by finding local patches in the 
given image that match with the local patches of the faces 
in the constellation. Thus the likelihood that the patch 
belongs to a valid face image is directly proportional to 
the number of matches found. The following subsections 
explain the proposed approach in more detail. 

3.1 Finding Distinctive Correspondence Points and 
Reference Points 
In order to find the distinctive correspondence points, we 
first consider a pair of images, say 𝐼𝐼𝑖𝑖  and 𝐼𝐼𝑗𝑗 , and extract 
invariant feature points from both images using the scale 
invariant feature transform (SIFT) [23]. Let 𝐹𝐹𝑖𝑖 = {𝑓𝑓𝑖𝑖,𝑘𝑘}, 
𝑘𝑘 = 1,2, … , 𝑁𝑁𝑖𝑖  and 𝐹𝐹𝑗𝑗 = {𝑓𝑓𝑗𝑗 ,𝑙𝑙}, 𝑙𝑙 = 1,2, … ,𝑁𝑁𝑗𝑗  be the collection 

of feature points obtained from images 𝐼𝐼𝑖𝑖  and 𝐼𝐼𝑗𝑗  
respectively.  𝑁𝑁𝑖𝑖  and 𝑁𝑁𝑗𝑗  are the number of feature points 
extracted from images 𝐼𝐼𝑖𝑖  and 𝐼𝐼𝑗𝑗  respectively. Each feature 
point includes both appearance (𝑓𝑓𝐴𝐴) and geometric (𝑓𝑓𝐺𝐺) 
descriptors. For instance, the notation 𝑓𝑓𝑖𝑖,𝑘𝑘𝐴𝐴  (𝑓𝑓𝑖𝑖,𝑘𝑘𝐺𝐺 ) represents 
the appearance (geometric) descriptor of the 𝑘𝑘𝑡𝑡ℎ  feature in 
image 𝐼𝐼𝑖𝑖 . As indicated in section 2.1, the appearance 
descriptor is a gradient histogram in the local 
neighborhood of the feature point. The geometric 
descriptor can be represented as 𝑓𝑓𝑖𝑖,𝑘𝑘𝐺𝐺 = (𝑥𝑥𝑖𝑖,𝑘𝑘 , 𝑦𝑦𝑖𝑖,𝑘𝑘 , 𝜎𝜎𝑖𝑖,𝑘𝑘 , 𝜙𝜙𝑖𝑖,𝑘𝑘), 
where (𝑥𝑥, 𝑦𝑦) is the position of the feature point 𝑘𝑘 in image 
𝐼𝐼𝑖𝑖 , 𝜎𝜎 is the scale and 𝜙𝜙 is the gradient orientation.  

When the background is highly cluttered or when the 
pose variation between the faces in the two images are 
significant, the extracted SIFT features would have a 
substantial number of common or non distinctive features 
together with the required distinctive features. Thus, it is 
necessary to select only the distinctive features, which lie 
in the most discriminative parts of a face [30]. We can 
consider two different hypotheses: either the feature 𝑓𝑓𝑖𝑖,𝑘𝑘  is 
a distinctive part of a face (𝐻𝐻𝑖𝑖,𝑘𝑘 = 1) or it is a non-
distinctive feature (𝐻𝐻𝑖𝑖,𝑘𝑘 = 0). In order to identify the 
distinctive features and discard common features, a 
likelihood ratio test is performed on all the features 
extracted from both the images as shown in equation (1). 
Those features with likelihood ratio less than one are 
considered as common features and are discarded. 

𝛾𝛾�𝑓𝑓𝑖𝑖,𝑘𝑘� =
𝑃𝑃�𝐻𝐻𝑖𝑖,𝑘𝑘 = 1�𝛺𝛺�
𝑃𝑃�𝐻𝐻𝑖𝑖,𝑘𝑘 = 0�𝛺𝛺�

< 1,  (1) 

where 𝛾𝛾(𝑓𝑓𝑖𝑖,𝑘𝑘) is the likelihood ratio characterizing the 
distinctiveness of feature 𝑓𝑓𝑖𝑖,𝑘𝑘  when some independent 
data (𝛺𝛺) have been observed over this feature. For further 
details on finding the distinctive features, please refer to 
Appendix A. Applying this constraint will reduce the 
number of features by approximately 10 percent. 
Although this number is small, these non-distinctive 
features would typically cause errors because of their 
close similarity with the distinctive features, thereby 
resulting in many false matches. Fig. 1 shows the results 
before and after removing the common features in 1(a) 
and 1(b) respectively, along with the resulting 
correspondence points found in 1(c) and 1(d) 
respectively. As expected, wrong correspondence points 
that do not belong to the face region were found (as 
shown in 1(c)) when the common features were not 
removed. These undesired points can disrupt the 
outcome of the subsequent registration stage, which will 
be discussed in section 3.2. 

After identifying the distinctive feature points, we 
need to establish correspondences between the feature 
points in the two images. Many studies have used the 
RANSAC algorithm [28] to reject outliers and select the 
correspondence points between two images [27, 31]. 
RANSAC method performs well when majority of the 
feature points in one image have real correspondences in 
the other image. However, in our case, the number of real 
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correspondences is typically a very small fraction (1-2%) 
of all the possible matches found. Thus RANSAC method 
is likely to fail in this scenario [27]. To overcome this 
problem, we modified the registration method proposed 
by Goshtasby and Stockman [32] for face detection in 
multiple poses. Instead of using the boundary of the 
convex hull to determine the initial transformation 
parameter as the convex hull varies when the pose 
changes, we used the SIFT’s geometric information of the 
reference correspondence points found to compute the 
transformation matrix. After discarding the common 
features, all potential correspondences between the two 
images are found by applying Lowe’s matching 
algorithm [23]. Suppose that 𝑀𝑀 potential correspondences 
are detected. Let 𝑓𝑓𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
𝐺𝐺 denote the 𝑚𝑚𝑡𝑡ℎ  potential 

correspondence, where 𝑘𝑘(𝑚𝑚) is the index of the 𝑚𝑚𝑡𝑡ℎ  
corresponding feature point in 𝐹𝐹𝑖𝑖 ,  𝑙𝑙(𝑚𝑚) is the index of the 
𝑚𝑚𝑡𝑡ℎ  corresponding feature point in 𝐹𝐹𝑗𝑗   and  𝑚𝑚 = 1, … ,𝑀𝑀. 
These potential correspondences are further filtered using 
geometric constraint to produce only the salient 
correspondences. Initially, each matching pair 𝑓𝑓𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝐺𝐺 ↔
𝑓𝑓𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
𝐺𝐺  is considered a reference correspondence. The 

geometry of all other matched feature points in each 
image are normalized with respect to the position, scale 
and orientation of the reference corresponding point in 
that image as follows:  

�
𝑥𝑥𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁

𝑦𝑦𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 � =

1
𝜎𝜎𝑖𝑖,𝑘𝑘(𝑚𝑚)

�
𝑐𝑐𝑐𝑐𝑐𝑐 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑚𝑚) 𝑠𝑠𝑠𝑠𝑠𝑠𝜙𝜙𝑖𝑖,𝑘𝑘(𝑚𝑚)
− 𝑠𝑠𝑠𝑠𝑠𝑠 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑚𝑚) 𝑐𝑐𝑐𝑐𝑐𝑐 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑚𝑚)

� �
𝑥𝑥𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑦𝑦𝑖𝑖,𝑘𝑘(𝑛𝑛)

� −
1

𝜎𝜎𝑖𝑖,𝑘𝑘(𝑚𝑚)
�
𝑥𝑥𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝑦𝑦𝑖𝑖,𝑘𝑘(𝑚𝑚)
� 

  𝜎𝜎𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 =

𝜎𝜎𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝜎𝜎𝑖𝑖,𝑘𝑘(𝑚𝑚)
,  

𝜙𝜙𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 = 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑛𝑛) − 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑚𝑚).  

�
𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁

𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 � =

1
𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑚𝑚)

�
𝑐𝑐𝑐𝑐𝑐𝑐𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑚𝑚) 𝑠𝑠𝑠𝑠𝑠𝑠𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
− 𝑠𝑠𝑠𝑠𝑠𝑠𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑚𝑚) 𝑐𝑐𝑐𝑐𝑐𝑐 𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑚𝑚)

� �
𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

� −
1

𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
�
𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑚𝑚)

𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
� 

  𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 =

𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
,  

𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 = 𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑛𝑛) − 𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑚𝑚).   (2) 

where  (𝑥𝑥𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 , 𝑦𝑦𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁  , 𝜎𝜎𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 , 𝜙𝜙𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁 ) and 
�𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

𝑁𝑁 , 𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁  , 𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

𝑁𝑁 , 𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 �, (𝑛𝑛 = 1, … ,𝑀𝑀; 𝑛𝑛 ≠ 𝑚𝑚)  are the 

normalized geometric descriptors of the other matched 
feature points with respect to the potential reference 
point. The matched pairs that are geometrically consistent 
with respect to the reference correspondence 𝑓𝑓𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝐺𝐺 ↔
𝑓𝑓𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
𝐺𝐺  are found by applying the threshold individually to 

each geometric attribute as follows.  

 𝐶𝐶𝑚𝑚𝑥𝑥 = �𝑛𝑛: �𝑥𝑥𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 − 𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

𝑁𝑁 � < 𝑇𝑇𝐻𝐻𝑋𝑋�,         

𝐶𝐶𝑚𝑚
𝑦𝑦 = �𝑛𝑛: �𝑦𝑦𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁 − 𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 � < 𝑇𝑇𝐻𝐻𝑌𝑌�,       

  𝐶𝐶𝑚𝑚𝜎𝜎 = �𝑛𝑛: �𝑙𝑙𝑙𝑙𝑙𝑙 𝜎𝜎𝑖𝑖,𝑘𝑘(𝑛𝑛)
𝑁𝑁 − 𝑙𝑙𝑙𝑙𝑙𝑙 𝜎𝜎𝑗𝑗 ,𝑙𝑙(𝑛𝑛)

𝑁𝑁 � < 𝑇𝑇𝐻𝐻𝜎𝜎�, 

𝐶𝐶𝑚𝑚
𝜙𝜙 = �𝑛𝑛: �𝜙𝜙𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁 − 𝜙𝜙𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 � < 𝑇𝑇𝐻𝐻

𝜙𝜙�.  (3) 

where 𝐶𝐶𝑚𝑚𝑥𝑥  , 𝐶𝐶𝑚𝑚
𝑦𝑦  , 𝐶𝐶𝑚𝑚𝜎𝜎   and 𝐶𝐶𝑚𝑚

𝜙𝜙  are the four groups of indexes 
to those potential correspondences which satisfy the 
geometric constraints in the normalized space created by 
the reference correspondence. The thresholds 
(𝑇𝑇𝐻𝐻𝑋𝑋, 𝑇𝑇𝐻𝐻𝑌𝑌, 𝑇𝑇𝐻𝐻𝜎𝜎 , 𝑇𝑇𝐻𝐻

𝜙𝜙 ) control the amount of tolerance to 
variations between the two images. The lower the 
tolerance, the higher the degree of match required 
between the two feature points. This reduces the amount 
of false matches but also reduces the amount of allowed 
variations, consequently affecting the ability to support 
larger pose changes. Normalizing the features to unit 
length of the reference feature 𝑚𝑚, we allow the position of 
the match points to vary with half the unit length. Thus 
we used 0.5 for 𝑇𝑇𝐻𝐻𝑋𝑋 and  𝑇𝑇𝐻𝐻𝑌𝑌. Similarly, to provide the same 
tolerance level, we set 𝑇𝑇𝐻𝐻

𝜙𝜙 as 25 degrees and 𝑇𝑇𝐻𝐻𝜎𝜎  
as  𝑙𝑙𝑙𝑙𝑙𝑙(1.5). 

The intersection of the four sets of indices in equation 
(3), 𝐶𝐶𝑚𝑚 = {𝐶𝐶𝑚𝑚𝑋𝑋 ∩ 𝐶𝐶𝑚𝑚𝑌𝑌 ∩ 𝐶𝐶𝑚𝑚𝜎𝜎 ∩ 𝐶𝐶𝑚𝑚

𝜙𝜙}, forms the match cluster for 
the reference correspondence 𝑓𝑓𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
𝐺𝐺 . Let the size 

of a match cluster, i.e., the number of elements in 𝐶𝐶𝑚𝑚 , be 
denoted as 𝑠𝑠𝑚𝑚 . The procedure is then repeated for all the 
matched pairs, 𝑓𝑓𝑖𝑖,𝑘𝑘(𝑚𝑚)

𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑙𝑙(𝑚𝑚)
𝐺𝐺  , (𝑚𝑚 = 1, … ,𝑀𝑀), to obtain 

the cluster that has the maximum value of 𝑠𝑠𝑚𝑚 . Let 
𝑚𝑚∗ =  𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚  (𝑠𝑠𝑚𝑚)  denote the set of values of 𝑚𝑚 that 
maximize 𝑠𝑠𝑚𝑚 . If 𝑚𝑚∗ has more than one reference 
correspondence with the same maximum match cluster 
size, the reference correspondence which results in the 
lowest Euclidean distance among its underlying matched 
pairs in the normalized space is taken as the real 
correspondence as indicated in equation (4). 

𝐶𝐶𝑅𝑅 =

⎩
⎪
⎨

⎪
⎧
𝐶𝐶𝑚𝑚∗ ,  𝑖𝑖𝑖𝑖 |𝑚𝑚∗| = 1

𝐶𝐶𝑚𝑚′ ,𝑚𝑚′ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
𝑚𝑚∈𝑚𝑚∗

� � 𝑅𝑅𝑖𝑖↔𝑗𝑗 ,𝑛𝑛
𝑁𝑁

𝑛𝑛 ∈ 𝐶𝐶𝑚𝑚

�, 𝑖𝑖𝑖𝑖 |𝑚𝑚∗| > 1 �  (4) 

Fig. 1. Effect of not discarding (first row) and discarding (second row) 
the non-distinctive features in finding the correspondence points 
between two faces. (a) Result of initial SIFT feature matches using 
Lowe’s method; (b) Result after discarding the common features; (c) 
Correspondence feature points obtained from (a); (d) 
Correspondence feature points obtained from (b). Although the 
number of correspondence feature points obtained in (d) is small 
compared to (c), the wrong correspondence points are all correctly 
removed. 
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where 𝐶𝐶𝑅𝑅  is the cluster of indexes to the real 
correspondence points between the two images and 
𝑅𝑅𝑖𝑖↔𝑗𝑗 ,𝑛𝑛
𝑁𝑁 =  �𝑥𝑥𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁 − 𝑥𝑥𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 �2 + �𝑦𝑦𝑖𝑖,𝑘𝑘(𝑛𝑛)

𝑁𝑁 − 𝑦𝑦𝑗𝑗 ,𝑙𝑙(𝑛𝑛)
𝑁𝑁 �2 is the square

of the Euclidean distance between the normalized pairs in 
the underlying cluster 𝐶𝐶𝑚𝑚 . For a valid match, we require 
three points from one plane to be matched to three points 
from another plane. Since each pair contains information 
about the location, scale and orientation, a minimum of 
two pairs of the matching feature points are sufficient to 
produce a valid match (i.e., the size of the cluster 𝐶𝐶𝑅𝑅  
should be greater than or equal to 2). However, a higher 
number of matched pairs increase the confidence level of 
the matching operation. This procedure is summarized in 
Algorithm 1. 

3.2 Registering Faces from Multi-views  
After finding the correspondence points, the next task is 
to align the various face images differing in position, scale 
and pose to a reference face. This is needed in order to 
compute the similarity measure in the overlap region and 
to determine whether the detected region is indeed a 
valid face.   

Given any two images, the correspondence points 
obtained using the procedure described in section 3.1 
serve as links between these images. Each image has links 
to its neighborhood images. If the number of images is 
large enough, it is possible that all the images will have 
connection to one another through one or more paths 
among the links. Thus, one or more images will have 
links to the reference image registered to a reference map. 
The connection among these face images forms a 
constellation connection as illustrated in Fig. 2. The 
constellation allows a relationship to be established 
among the training face images and the reference image. 

The reference map is constructed from one reference 
image using two control points (also called reference 
points) as shown in Fig. 3(a). It is recommended that an 
un-occluded frontal face image with sufficient resolution 
and minimal background clutter be used as the reference 
image. The reference map encodes the position, scale and 
orientation of the reference face in the form of unit 
vectors (represented by the green and white arrows in 
Fig. 3(a)). The position of the two control points are 
known as they are selected manually. The control points 
should be representative and able to withstand pose 
variations. In all our experiments, the nose base and 
upper part of the nose in the middle of the two eyes are 
selected as the control points (see Fig. 3(a)). The reference 
image is pinned to the reference map using these two 
control points. The next image that contains some 
correspondence points with the reference image is 
registered to the reference map using the geometric 
transformation given by the correspondence points. With 
two images pinned to the reference map, a third image that 
has correspondence points to either the reference image 
or the second image is then registered. This process is 

then iterated until all the images having correspondence 
to at least one image being registered. As more images are 
registered to the reference map, the possibility that another 
image can be registered increases. Thus, face images of 
different poses can eventually be processed, with each 
major pose forming a node in the constellation graph as 
shown in Fig. 2. As such, the ability of the face detector to 
handle pose, expression and illumination variations only 
depends on the availability of training face images in the 
database. Therefore, there is no limit on the type of facial 
variations that the system can cope with, as long as the 
features used to establish the correspondence are robust 
to local variations encountered in both images to be 
matched. 

3.2.1 Reducing Propagation Error 

Algorithm 1:Finding distinctive correspondence points 
and Reference points. 

Input: Two face images  𝑖𝑖 and 𝑗𝑗 

Output: Real correspondence points between two faces 

1. Extract SIFT features from two images. 

2. Remove common features from them using appearance
descriptor of SIFT. 

3. Consider the 𝐾𝐾 potential correspondence points 𝑓𝑓𝑖𝑖,𝑚𝑚𝐺𝐺 ↔
𝑓𝑓𝑗𝑗,𝑚𝑚
𝐺𝐺  , (𝑚𝑚 = 1,2, … ,𝐾𝐾)between two images (𝑖𝑖 and 𝑗𝑗) obtained from

the Lowe’s matching algorithm, 
where 𝑓𝑓𝑖𝑖,𝑚𝑚𝐺𝐺 = (𝑥𝑥𝑖𝑖,𝑚𝑚 , 𝑦𝑦𝑖𝑖,𝑚𝑚 , 𝜎𝜎𝑖𝑖,𝑚𝑚 , 𝜙𝜙𝑖𝑖,𝑚𝑚 ) contains the locations, scale 
and orientation of the feature 𝑓𝑓𝑖𝑖,𝑚𝑚𝐺𝐺 calculated by the SIFT
algorithm. 

4. For  𝑚𝑚 = 1,2, … ,𝐾𝐾  Do 
(a).Assume the feature 𝑓𝑓𝑖𝑖,𝑚𝑚𝐺𝐺 is the reference point. 
(b). Normalize all the geometric descriptors of potential points 

 𝑓𝑓𝑖𝑖,𝑘𝑘𝐺𝐺 = (𝑥𝑥𝑖𝑖,𝑘𝑘 , 𝑦𝑦𝑖𝑖,𝑘𝑘 , 𝜎𝜎𝑖𝑖,𝑘𝑘 , 𝜙𝜙𝑖𝑖,𝑘𝑘), (𝑘𝑘 = 1, … , 𝐾𝐾 & 𝑘𝑘 ≠ 𝑚𝑚)in the first 
image 𝑖𝑖 to the geometric descriptor of the reference 
point 𝑓𝑓𝑖𝑖,𝑚𝑚𝐺𝐺 = (𝑥𝑥𝑖𝑖,𝑚𝑚 , 𝑦𝑦𝑖𝑖,𝑚𝑚 , 𝜎𝜎𝑖𝑖,𝑚𝑚 , 𝜙𝜙𝑖𝑖,𝑚𝑚 ). 

(c). Name the normalized geometric descriptors as {𝑓𝑓𝑖𝑖,𝑘𝑘𝑁𝑁 } =
�(𝑥𝑥𝑖𝑖,𝑘𝑘𝑁𝑁 , 𝑦𝑦𝑖𝑖,𝑘𝑘𝑁𝑁  , 𝜎𝜎𝑖𝑖,𝑘𝑘𝑁𝑁 , 𝜙𝜙𝑖𝑖,𝑘𝑘𝑁𝑁 )�, (𝑘𝑘 = 1, … ,𝐾𝐾 & 𝑘𝑘 ≠ 𝑚𝑚). 

(d). Repeat (a), (b) and (c) for the second image 𝑗𝑗. 
(e). Find the cluster of consensus points (𝐶𝐶𝑚𝑚) with respect to the 

reference point  𝑚𝑚, which are the points that their normalized 
geometric descriptors are in vicinity�{𝑓𝑓𝑖𝑖,𝑘𝑘𝑁𝑁 } − {𝑓𝑓𝑗𝑗 ,𝑘𝑘

𝑁𝑁 }� < 𝑇𝑇𝐻𝐻
𝑥𝑥,𝑦𝑦,𝜎𝜎,𝜙𝜙 . 

End 

5. Consider the pair with the maximum number of inliers 𝑓𝑓𝑖𝑖,𝑅𝑅𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑅𝑅
𝐺𝐺

as the reference pair, where 𝑅𝑅 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝐶𝐶𝑚𝑚), (𝑚𝑚 = 1,2, … ,𝐾𝐾)).

5.1. If more than one pair was found as the reference pair, select
the one that its inliers in the two images have closer distance 
to each other (𝐶𝐶𝑅𝑅 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐶𝐶𝑚𝑚 �∑ 𝑅𝑅𝑖𝑖↔𝑗𝑗 ,𝑛𝑛

𝑁𝑁
𝑛𝑛 ∈ 𝐶𝐶𝑚𝑚 �). 

6. Return all the pairs 𝑓𝑓𝑖𝑖,𝑟𝑟𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑟𝑟
𝐺𝐺  , (𝑟𝑟𝑟𝑟 𝐶𝐶𝑅𝑅) as the real correspondence 

points and the pair 𝑓𝑓𝑖𝑖,𝑅𝑅𝐺𝐺 ↔ 𝑓𝑓𝑗𝑗 ,𝑅𝑅
𝐺𝐺  as the reference points between two

images.
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As a face image is registered to the reference map based on 
the correspondence points found with another face image 
that is already registered, any error in the correspondence 
will result in the error being propagated as more faces are 
being registered to this link. To avoid this problem, we 
propose a mechanism to remove the weak links from the 
constellation, since such links have a higher chance of 
error. We noticed that weak links usually arise from 
correspondences found on the non-face region. Thus we 
define a likelihood test to determine the degree of links as 
follows: Let 𝐹𝐹 = {𝑓𝑓𝑘𝑘}, 𝑘𝑘 = 1,2, … , 𝐾𝐾 be the collection of 
feature points in a given image, 𝛽𝛽, which have connection 
between the image and the other images in the 
constellation. To detect the weak links, the likelihood 
ratio 𝜗𝜗(𝑓𝑓𝑘𝑘) is computed for all features (𝑓𝑓𝑘𝑘) in 𝐹𝐹 as shown 
in equation (5). Let 𝐻𝐻𝑘𝑘  denote a binary random variable 
indicating whether the feature 𝑓𝑓𝑘𝑘  originates from a part of 
face (𝐻𝐻𝑘𝑘 = 1) or not (𝐻𝐻𝑘𝑘 = 0). This likelihood ratio should 
be greater than one for valid face features as shown in 
equation (5). 

𝜗𝜗(𝑓𝑓𝑘𝑘) =
𝑝𝑝(𝐻𝐻𝑘𝑘 = 1|𝜓𝜓)
𝑝𝑝(𝐻𝐻𝑘𝑘 = 0|𝜓𝜓) > 1.  (5) 

The above likelihood ratio is computed from a 
sequence of  𝑀𝑀 independent observations of data 𝜓𝜓 when 
forming the constellation. Thus 𝐻𝐻𝑘𝑘  follows a Bernoulli 
distribution [33]. Note that the number of correspondence 
between two images in the constellation is not high 
(typically less than 50 in our experiment). Thus the 
number of valid correspondences is higher than the noise 
since most of the wrong correspondences have been 
removed earlier and that the reference image has minimal 
background clutter. Therefore, to evaluate the likelihood 
ratio in (5), we use Bayesian estimation. We consider 
uncertainty on the distribution parameter  𝜃𝜃 and use a 
Beta probability distribution as a prior with parameters 𝛼𝛼1 
and 𝛼𝛼0 as indicated in equation (6). For further details, 
please refer to Appendix B. 

Fig. 2. Constellation formed from links between faces of different poses and scales having reliable correspondences. (a) reference image 
selected which has frontal pose and has all the facial characteristics (i.e. no occlusion, defect etc.). All other images differing in views, from 
the left profile pose to oblique and right profile poses, are then mapped to the reference map by finding a path that links it to the reference 
image. Image (l) is registered to the reference map via its link with image (d) and image (a). Such links form the path for registration. As all 
the correspondences are correct, the link is strong. Image (o) is registered to the reference map through image (e) and image (a). However, 
there are wrong correspondences between (o) and (e), resulting in a weak link (yellow lines). Such an error will cause wrong registration for 
image (o) and all images connected to it, such as image (n),the lady’s face image in left profile view, if (n) is linked to (a) via the path (o) and 
(e). Thus, if the weak link can be identified and removed, then (o) can be registered through the path {(a),(d),(l),(m),(k),(n),(o)}, resulting in 
correct registration.   
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𝑃𝑃(𝜃𝜃|𝛼𝛼1, 𝛼𝛼0) = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜃𝜃|𝛼𝛼1, 𝛼𝛼0)  

=
𝛤𝛤(𝛼𝛼1+𝛼𝛼0)
𝛤𝛤(𝛼𝛼1)𝛤𝛤(𝛼𝛼0)

𝜃𝜃𝛼𝛼1−1(1 − 𝜃𝜃)𝛼𝛼0−1,  (6) 

where 𝛤𝛤(𝑥𝑥) is the gamma function: 

𝛤𝛤(𝑥𝑥) = � 𝑢𝑢𝑥𝑥−1𝑒𝑒−𝑢𝑢𝑑𝑑𝑑𝑑,
∞

0
    (7) 

Thus, the posterior prediction for random variable  𝐻𝐻𝑘𝑘 , 
which indicates if the feature 𝑓𝑓𝑘𝑘  comes from a part of the 
face, is given by:  

 𝑃𝑃(𝐻𝐻𝑘𝑘 = 1|𝜓𝜓) = � 𝜃𝜃 𝑃𝑃(𝜃𝜃|𝜓𝜓)
1

0
𝑑𝑑𝑑𝑑    

 =  � 𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃𝜃(𝜃𝜃|𝐿𝐿𝑘𝑘 + 𝛼𝛼1, 𝐿𝐿 − 𝐿𝐿𝑘𝑘 + 𝛼𝛼0)
1

0
𝑑𝑑𝑑𝑑 

=  
𝐿𝐿𝑘𝑘 + 𝛼𝛼1

𝐿𝐿 + 𝛼𝛼1 + 𝛼𝛼0
,  (8) 

where 𝐿𝐿 is the total number of images used to form the 
constellation (considered as  the training stage) and 𝐿𝐿𝑘𝑘  is 
the number of images in the constellation where feature 
𝑓𝑓𝑘𝑘  can establish a connection to image 𝛽𝛽. For cases where 
feature 𝑓𝑓𝑘𝑘  comes from the non-face region, we consider it 
as a white noise with average value 𝑤𝑤� . This implies that 
the average number of times it can make a connection 
with different images is 𝑤𝑤� . This value cannot be large 
since noise features have random appearance and thus 
does not possess strong connections between many 
images under the appearance and geometric constraints. 
Thus, its likelihood probability can be computed in the 
same way as (8), which is shown in (9). 

𝑃𝑃(𝐻𝐻𝑘𝑘 = 0|𝜓𝜓) =
𝑤𝑤� + 𝛼𝛼0

𝐿𝐿 + 𝛼𝛼1 + 𝛼𝛼0
,  (9) 

Substituting (8) and (9) into (5) indicates that the number 
of times the face feature 𝑓𝑓𝑘𝑘  has participated in establishing 
connection with the images in the training set should be 
greater than a threshold (𝐿𝐿𝑘𝑘 > (𝑤𝑤�  + 𝛼𝛼0 − 𝛼𝛼1) = 𝑇𝑇ℎ𝑟𝑟𝑤𝑤) for 
it to be considered as a valid face feature. Otherwise, it is 
a weak link and should be discarded. In setting the 
threshold 𝑇𝑇ℎ𝑟𝑟𝑤𝑤 , a small value will increase the noise while 
a large value will unnecessarily remove valid features. 
We empirically observe that a value of 5 is appropriate for 
𝑇𝑇ℎ𝑟𝑟𝑤𝑤 . Alternatively, if the likelihood ratio in (5) is ranked, 
then it is not necessary to set the threshold  𝑇𝑇ℎ𝑟𝑟𝑤𝑤 . After 
finding the distinctive correspondence points among all 
the images in the training set and computing the 
likelihood ratio in equation (5), rank all the links between 
image pairs in descending order. We can then start to 
establish the connection between images that have higher 
degree of match. Consequently the constellation center 
will comprise images having strong links while the edges 
of the constellation will be filled with weak links. Hence, 
any error will usually not propagate through to the center 
of the constellation but instead is limited to some inferior 
links at the edges of the constellation and hence does not 
affect the results significantly. 

Given a test image, we can compute the number of 
matches of the features obtained with that of the 
constellation. If there is sufficient match, then the face is 
detected. However, this is limited to only one face per test 
image and is slow. The next section will address these 
issues. 

4 DETECTING MULTIPLE FACES OF ARBITRARY
VIEW

In this section, we generalize the proposed face detection 
algorithm to handle multiple faces of arbitrary views. In 
our proposed approach, it is possible to approximately 
locate the features belonging to specific facial traits once a 
given image is registered. Therefore, to detect multiple 
faces, we need to cluster all the features that 
approximately form a face region. 

The posterior probability function 𝑃𝑃(𝜌𝜌|𝐹𝐹) gives the 
probability that the set of features 𝐹𝐹 = {𝑓𝑓1, 𝑓𝑓2, … , 𝑓𝑓𝐾𝐾} 
completely register to a reference map, (𝜌𝜌). Applying the 
Bayes theorem gives the prior probability 𝑃𝑃(𝜌𝜌) and 
likelihood 𝑃𝑃({𝑓𝑓1𝑓𝑓2 … 𝑓𝑓𝐾𝐾}|𝜌𝜌) as: 

𝑃𝑃(𝜌𝜌|𝐹𝐹) =
𝑃𝑃(𝜌𝜌)𝑃𝑃(𝐹𝐹|𝜌𝜌)

𝑃𝑃(𝐹𝐹)
,  (10) 

where 𝑃𝑃(𝜌𝜌)is the prior probability and 𝑃𝑃(𝐹𝐹|𝜌𝜌) is the 
likelihood of observing the features 𝐹𝐹 = {𝑓𝑓1, 𝑓𝑓2, … , 𝑓𝑓𝐾𝐾} 
given a reference map (𝜌𝜌). To simplify the evaluation of the 
likelihood term 𝑃𝑃(𝐹𝐹|𝜌𝜌), we assume that the discriminative 
features of face images are independent. Hence, the 
equation (10) can be re-written as: 

𝑃𝑃(𝜌𝜌|𝐹𝐹) = 𝑃𝑃(𝜌𝜌) × �
𝑃𝑃(𝑓𝑓𝑘𝑘|𝜌𝜌)
𝑃𝑃(𝑓𝑓𝑘𝑘)

,
𝐾𝐾

𝑘𝑘=1

  (11) 

Fig. 3. (a) Reference map shaped from one frontal view as 
reference image and two manually selected control points that pin 
the reference image to the reference map. Once the reference 
image is pinned to the reference map, the transform function 
mapping the other images of different poses and scales to the 
reference image can be obtained based on their links to the 
reference image; (b) Composition of left oblique and right profile 
images registered to the reference map; (c) Composition of all 
images with paths linking them to the reference image during the 
training stage and registered to the reference map to form the final 
model.  
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where 𝑃𝑃(𝑓𝑓𝑘𝑘|𝜌𝜌) is the likelihood term indicating the 
probability that the feature 𝑓𝑓𝑘𝑘  is a part of a face (i.e., 
𝑃𝑃(𝐻𝐻𝑘𝑘 = 1)). This term is similar to the equation (8). 𝑃𝑃(𝜌𝜌) is 
the prior probability of the reference map and is a constant 
scaling factor that can be factored in the formulation and 
hence not evaluated. The term 𝑃𝑃(𝑓𝑓𝑘𝑘) is the prior 
probability of face features. This term represents the 
spatial distribution of the face features around the 
reference map and can be modeled using a Gaussian 2D 
distribution given by:  

𝑃𝑃(𝑓𝑓𝑘𝑘) =
1

2𝜋𝜋𝛿𝛿𝑥𝑥𝛿𝛿𝑦𝑦
𝑒𝑒
−�

(𝑥𝑥𝑘𝑘−𝑥𝑥0)2

2𝛿𝛿𝑥𝑥
2 +

(𝑦𝑦𝑘𝑘−𝑦𝑦0)2

2𝛿𝛿𝑦𝑦
2 �

 (12) 

where (𝑥𝑥𝑘𝑘 , 𝑦𝑦𝑘𝑘) is the position of feature 𝑓𝑓𝑘𝑘  and (𝑥𝑥0, 𝑦𝑦0) is 
the position of the center point between the two reference 
points. 𝛿𝛿𝑥𝑥  and 𝛿𝛿𝑦𝑦  indicate the spread of the face features 
and is dependent on the size of the face in the given 
image. In all our experiments, we approximate 𝛿𝛿𝑥𝑥 = 𝛿𝛿𝑦𝑦 =
(1.5 × reference map scale). 

During face detection, all features of the test image 𝛽𝛽 
are extracted using the SIFT method. Each feature in the 
test image is compared against the features of all images 
in the face constellation. An image feature 𝑓𝑓𝛽𝛽,𝑚𝑚  is 
considered to be similar in appearance to the feature 𝑓𝑓𝑖𝑖,𝑘𝑘  
from the 𝑖𝑖𝑡𝑡ℎ  image in the constellation if the Euclidean 
distance between their appearance descriptors 𝑓𝑓𝛽𝛽,𝑚𝑚

𝐴𝐴  and 
𝑓𝑓𝑖𝑖,𝑘𝑘𝐴𝐴  is less than a threshold 𝑇𝑇𝑖𝑖,𝑘𝑘 

𝜕𝜕 . This threshold is not a 
global value and has to be determined individually for 
every feature in the constellation. This is done at the 
training stage.  Given a feature 𝑓𝑓𝑖𝑖,𝑘𝑘  from image 𝑖𝑖 is 
matched to the feature 𝑓𝑓𝑗𝑗 ,𝑙𝑙  from image 𝑗𝑗 , the appearance 
threshold 𝑇𝑇𝑖𝑖,𝑘𝑘𝜕𝜕  for feature 𝑓𝑓𝑖𝑖,𝑘𝑘  is the Euclidean distance 
between 𝑓𝑓𝑖𝑖,𝑘𝑘𝐴𝐴  and 𝑓𝑓𝑗𝑗 ,𝑙𝑙 

𝐴𝐴 . If 𝑓𝑓𝑖𝑖,𝑘𝑘  from image 𝑖𝑖 is involved in 
many matched pairs, the appearance threshold 𝑇𝑇𝑖𝑖,𝑘𝑘𝜕𝜕  is 
given by the maximum Euclidean distance between 𝑓𝑓𝑖𝑖,𝑘𝑘𝐴𝐴  
and the appearance descriptors of the other features that 
match with 𝑓𝑓𝑖𝑖,𝑘𝑘 . Let 𝐹𝐹𝑚𝑚  be the set of features in the 
constellation that have high appearance similarity to the 
image feature 𝑓𝑓𝛽𝛽,𝑚𝑚  . This process is repeated for all the 
features in test image 𝛽𝛽 and the collection of all matching 
features in the constellation 𝐹𝐹 = ⋃ 𝐹𝐹𝑚𝑚 =𝑀𝑀

𝑚𝑚=1 {𝑓𝑓1, 𝑓𝑓2, … , 𝑓𝑓𝐾𝐾} is 
obtained. Each matching feature 𝑓𝑓𝑘𝑘  is used to estimate a 
reference map in the test image. The estimated reference 
maps are clustered using mean-shift algorithm [34]. Other 
clustering methods that do not require a priori 
knowledge about the number of clusters can also be used. 
In addition, clustering reduces the processing time as 
comparison is only required against one feature per 
cluster instead of all features present. Let cluster 𝜒𝜒 has 𝐾𝐾𝜒𝜒  
features. Each cluster center can be considered as a 
potential reference map (𝜌𝜌𝜒𝜒 ). Among these potential 
reference maps, the valid reference maps can be obtained as 
follows:  

𝑃𝑃�𝜌𝜌𝜒𝜒�𝐹𝐹� > 𝑇𝑇ℎ𝑟𝑟𝐹𝐹,  (13) 

which is reformulated using (11) as: 

�
𝑃𝑃�𝑓𝑓𝑘𝑘�𝜌𝜌𝜒𝜒�
𝑃𝑃(𝑓𝑓𝑘𝑘)

>
𝑇𝑇ℎ𝑟𝑟𝐹𝐹
𝑃𝑃�𝜌𝜌𝜒𝜒�

,
𝑘𝑘∈𝜒𝜒

  (14) 

The right hand side of equation (14) can be replaced by 
another constant threshold. While evaluating 𝑃𝑃�𝑓𝑓𝑘𝑘�𝜌𝜌𝜒𝜒�, 
we consider a uniform prior for Beta distribution 
(𝛼𝛼1=𝛼𝛼0=1) in equation (8) and substituted 𝐿𝐿𝑘𝑘  value for 
features in the constellation that have at least one match 
in cluster 𝜒𝜒. For those features in the constellation that do 
not have any match in cluster 𝜒𝜒, 𝐿𝐿𝑘𝑘  is set to zero. The 
computed value for each cluster is then compared to a 
threshold to classify it as a face or non-face, thereby 
yielding multiple detected faces. This threshold is 
determined experimentally such that it minimizes the 
classification error.  

The probabilistic framework also gives the ability to 
handle partially occluded faces and faces with highly 
cluttered background because it does not require finding 
features from all parts of a face. Occluded faces can still 
be detected if distinctive features from some parts of the 
face satisfying equation (14) can be found. Since the 
distribution of the features from the background clutter is 
usually more dispersed compared to the face, the 
likelihood that sufficient features in a cluster from the 
background but similar to a face is rather low. Therefore, 
it is possible to detect faces even in highly cluttered 
background.   

5 EXPERIMENTS 
We evaluated our proposed algorithm using the standard 
color FERET dataset [35, 36],  the CMU face image dataset 
[38] and the Face Detection Dataset and Benchmark 
(FDDB) [37]. FERET dataset contained images of 1,209 
persons of various age, gender and ethnicity. Each person 
had an average of 10 images, with different illumination 
conditions and pose variations. The number of images in 
each viewpoint was not uniform. For instance, a person in 
the dataset may have more than three frontal faces but 
only one full profile face. We resized all the images to 
256x384 pixels. The CMU dataset contained images 
acquired under natural settings.  The image sizes and 
resolutions were not uniform. Some face images were 
very small. Faces in this dataset had high background 
clutter and each image contained more than one face from 
different viewpoints. In the FDDB dataset, 2,845 images 
were taken from the faces in the wild dataset [39] and 
separated into 10 folds randomly. All the 2,845 images 
were captured under natural settings and contain 5,171 
faces annotated manually as a benchmark. Faces in this 
dataset were very challenging with cases of occlusion, 
varying poses, low resolution, and out of focus. For all the 
above datasets, we converted the color images into gray 
scale. 
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5.1 Setup 
We used SIFT features [23] and applied the proposed 
method outlined in section 3 on all the image-pairs. The 
SIFT parameters such as the number of octaves of the 
Gaussian scale space and the number of scale levels 
within each octave were determined such that at least 
1,000 features were extracted from each image. Potential 
correspondence points between the image-pairs were 
found using Lowe’s method [23]. Based on Matlab 
implementation and using a 2.66GHz C2Q PC with 3 GB 
RAM running Windows Vista 32-bit OS, the entire 
process to locate the correspondence points took less than 
a second for an image pair of size 256x384 pixels. 

5.2 Finding Distinctive Correspondence Points 
In order to evaluate the ability of our proposed method to 
find the distinctive correspondence points among the 
many false matches, we arbitrarily chose two images of 
the same view (Fig. 4) and another of different view (Fig. 
5). Figures 4(a) and 5(a) show the results after applying 
the Lowe’s method [23]. We obtained the ground truth 
data shown in Fig. 4(b) and 5(b), by manually checking all 
the correspondences in (a). For comparison, we also 
implemented the RANSAC 8-points with Fundamental 
constraint (Fig. 4(c), 5(c)), RANSAC with Affine 
constraint (Fig. 4(d), 5(d)) and RANSAC with Euclidean 
constraint (Fig. 4(e), 5(e)). Results obtained using our 
proposed method are shown in Fig. 4(f) and 5(f). The 
results indicate that for image pairs with the same view, 
our method is able to find the maximum number of 
correspondence points with respect to the ground truth 
data. For image pairs with different views, our proposed 
method yields the least number of false correspondence 
points.  

To measure the quantitative accuracy, we use the 
mutual informative measure described in [40, 41]. Mutual 
information between the predicted label and the ground 
truth label is given by:  

𝐼𝐼(𝑦𝑦, 𝑡𝑡) = ��𝑝𝑝(𝑦𝑦, 𝑡𝑡) 𝑙𝑙𝑙𝑙𝑙𝑙
𝑝𝑝(𝑦𝑦, 𝑡𝑡)
𝑝𝑝(𝑦𝑦)𝑝𝑝(𝑡𝑡)

1

𝑡𝑡=0

1

𝑦𝑦=0

,  (15) 

where 𝑝𝑝(𝑦𝑦 = 1, 𝑡𝑡 = 1) represents the true positive 
normalized with the number of test points, 𝑝𝑝(𝑦𝑦 = 1, 𝑡𝑡 = 0) 
represents the normalized false positives and so on. The 
two individual terms can be calculated by applying 
summation in one variable, for instance 𝑝𝑝(𝑦𝑦) =
∑ 𝑝𝑝(𝑦𝑦, 𝑡𝑡)1
𝑡𝑡=0 . 

Fig. 6 shows the results obtained on image pairs with 
the same view (Fig. 6(a)) and different views (Fig. 6(b)). 
Our method outperforms the other approaches in both 
cases. This implies that our proposed method is capable 
of finding distinctive correspondence points even in the 
presence of a large number of false matches.  

5.3 Face Registration 
This experiment was carried out on the FERET dataset. 
We randomly chose 500 images of different people, with 
one image per person of a random view, to form the 
initial training set. We then applied our proposed method 
to register these images. We took a frontal view image as 
the reference image and manually selected the nose base 
and upper part of nose in the middle of two eyes as the 

Fig. 4. Correspondence points found between the image pairs of the 
same view (Frontal view); (a) Potential correspondence points 
obtained using Lowe’s method [23]; (b) Ground truth found manually; 
(c), (d) and (e) RANSAC method with different models and (f) Our 
method. 

Fig. 5. Correspondence points found between the image pairs of 
different views; (a) Potential correspondence points obtained using 
Lowe’s method [23]; (b) Ground truth found manually; (c), (d) and (e) 
RANSAC method with different models and (f) Our method. 

Fig. 6. The overall performance of finding correspondence points 
measured using mutual information criteria [40, 41]. (a) image pair 
with the same view, (b) image pair with a different view.  
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reference points for registration. Marking these two points 
is the only manual intervention needed. Starting with 50 
training images to form the initial constellation of links, 
we evaluated the percentage of images which were 
successfully registered, wrongly registered and could not 
be registered over the total number of images available in 
the training dataset. An image was considered as 
correctly registered when the estimated reference vector 
falls within a circle centered at the base of the nose, with a 
radius of half of the nose length (distance between the 
nose base and upper part of the nose in the middle of the 
two eyes). We then repeated the procedure by increasing 
the number of training images until all the available 
images were used. The registration result is shown in Fig. 
7.  

We manually checked all the images using the same 
criteria as above to ensure correct registration and found 
that only 6% of the images were wrongly registered after 
all 500 images were added to the initial training set. Those 
images without any link to the reference image were 
classified as non-registered faces. The results confirm that 
as the number of training images increased, the number 
of correctly registered images with different viewpoints 
also increased. Thus, the probability of finding a path to 
the reference image increased, resulting in successful 
registration. 

Fig. 8 shows the cumulative plot of the accuracy of 
estimating the reference points in the 500 training images. 
The horizontal axis shows the error in estimating the 
position of the reference points, which is obtained by 
computing the Euclidean distance between the estimated 
reference points and the ground truth data (marked 
manually in all the images). The vertical axis shows the 
cumulative percentage of images having estimation error 
less than the given number of pixels in the horizontal 
axis. The number of images is normalized by the total 

number of registered images (440 images out of 500 as 
shown by the solid lines in Fig.7). The plot shows that our 
algorithm is able to estimate the reference points to within 
half of the average nose length in more than 90% of the 
images. This is achieved despite using only one manually 
registered image and that the dataset contains faces with 
large pose variations. In our implementation, the nose 
length is used to normalize the images. 

5.4 Detecting Multiple Faces with Arbitrary 
Views 
In this experiment, we compared our approach with the 
method by Toews and Arbel [18, 42]. Similar to [18], 500 
images of different people in random viewpoint were 
randomly selected from the FERET database as the 
training set. The significant difference between our 
method and [18] is that their method requires manually 
selecting all the control points in all the 500 training 
images. In our case, we only manually selected two 
control points on only one image (the reference image). 
Thus unlike [18], the amount of manual intervention 
needed in our proposed approach is independent on the 
number of training images used. For testing, we selected 
ten different random folds, each with 500 images of 
different persons not in the training set. Again, one image 
per person from a random viewpoint was used. The 
average Receiver Operating Characteristic (ROC) curve 
obtained is shown in Fig. 9. The ROC curve was obtained 
by changing the threshold value of the probabilistic 
classifiers in equation (14) from zero to infinity. Reference 
vectors, which fall within a circle centered at the reference 
point with a radius of half the distance of the two control 
points, and scale and orientation within 20% of the 
reference vector, were considered as correct detection. 
The results obtained show that our method outperforms 
Toews and Arbel [18] by an average of 12% lower equal 
error rate. Based on this curve, we computed the 
threshold corresponding to the equal error rate (EER) 
point and use this threshold in the equation (14) for all the 
subsequent experiments.   

Fig. 7. Percentage of face registration versus the number of images 
used. The percentage of correctly registered images increases when 
the number of images increases while the percentage of non-
registered images decreases. The rate of wrongly registered images 
is kept low by the propagation error prevention algorithm. It is rather 
constant at about 6% after 400 images are used for training. This 
low error percentage does not affect the model construction 
significantly.  

Fig. 8. Cumulative plot of the reference point’s location estimation 
accuracy. Analysis is done for all the images that are registered to 
the reference map, but excludes those that cannot be registeredby 
our method.  
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We further evaluate our method trained using the 
FERET dataset, on the CMU face dataset [38]. Sample 
results are shown in Fig. 10. Most of the undetected faces 
are due to low resolution (or small faces). For such faces, 
the size is close to or below the lower bound of the scale 
of SIFT operator. Therefore, the features extracted are not 
distinctive and this affected the accuracy of our face 
detector. Another reason for the failure is due to an 
insufficient number of training images, causing failure to 
find the appropriate link to the reference face. We found 
that in the FERET dataset used for training, there is an 
insufficient number of left profile or left oblique faces, 
causing the model built to be incomplete. As a result, 
such faces cannot be detected as seen in Fig. 10(a) and 
10(d). However, after adding 50 randomly selected 
images of left profile and left oblique faces from the 
FERET dataset to the training stage, such images can be 
successfully detected as seen in Fig. 11. Adding this 
amount of training images also increased the number of 
correctly registered images, while decreasing the number 
of non-registered faces as illustrated by the added dash 
lines at the tails of the curves in Fig. 7. 

The third dataset used to evaluate our method is 
FDDB [37]. We used the same data as Jain and Learned-
Miller [43]. We compared the faces detected with the 
ground truth data and the degree of match is obtained by 
calculating the ratio of an intersecting area using:  

𝑆𝑆(𝐷𝐷, 𝐺𝐺) =
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐷𝐷) ∩ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐺𝐺)
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐷𝐷) ∪ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐺𝐺)

,  (16) 

where 𝐷𝐷 is the detected face and 𝐺𝐺 is the ground truth 
face.  𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴( ) indicates the area of face which typically is 
defined by an ellipse or a square window. Those detected 
faces with match values, 𝑆𝑆(𝐷𝐷, 𝐺𝐺), greater than 0.5 are 
considered as a correctly detected face in the discrete 
score. In the continuous score, the direct value of 𝑆𝑆(𝐷𝐷, 𝐺𝐺) 

is used. For further details on the evaluation protocol, 
please refer to [37]. Fig. 12 shows the comparison of our 

Fig. 10. Sample results of our proposed method applied to the CMU 
database. The results show that this framework is invariant to 
viewpoints, occlusion and scale changes. Some faces in the images 
are not detected. The small faces are not detected due to poor 
resolution of these faces, causing SIFT feature extraction to fail. For 
those left profile faces not detected, the number of training images 
available in the dataset was not sufficient to cover these views.  

Fig. 11. Sample results of our proposed method after adding 50 
random images of left profile and left oblique faces in the FERET 
dataset to the training stage. It shows that almost all images can be 
successfully detected. 

Fig. 9. ROC curve comparing our method and Toews and Arbel 
method [18] on 500 randomly selected test images of different views 
from the FERET dataset. Equal Error Rate (EER) point shown in this 
graph has been used to determine the optimum threshold in (14). 
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method with the other reported methods that have 
conducted evaluation on the FDDB database. Our 
approach performs better than the other reported 
methods in the continuous score category because it is 
able to locate faces more accurately. Our approach 
automatically determine the reference points in the faces, 
while the other methods only return a window that 
included a part of the detected face. However, in discrete 
score, our method is not as good as Li et al. [44]. This is 
partly because we did not perform any post-processing to 
validate the face region, but merely draw an ellipse with 
parameters similar to the reference image and centered it 
at the midpoint of the two reference points to meet the 
requirement of the evaluation. Thus, for non-frontal faces, 
the estimated ellipse will cover some background regions. 
In the extreme case of a profile face, the ellipse drawn will 
only cover about half the face. Thus achieving greater 
than 50% overlap is not possible which lowers our 
performance. Nevertheless, the performance is still 
comparable as the other reported methods could not 
detect non-frontal or occluded faces. It should be 
emphasized that our method is trained with only 500 
FERET images. Even then, we only manually label one 
image with two points, whereas the other methods 

require significantly more positive and negative samples 
to train, thus requiring a large number of manual 
labeling. 

5.5 Occlusion Analysis 
In order to evaluate the robustness of our proposed 
approach against occlusion, we used a circular disk to 
occlude the face and then grow the disk gradually.  A 
random face in frontal view different from the training set 
(Fig. 13(a)) is selected from the FERET dataset. The disk is 
then placed at four locations: top, bottom and left or right 
mid-points and center of the image, to minimize any 
ambiguity due to features chosen and the exact position 
of the face. Fig. 13(b) shows the result without any 
occlusion. The maximum level of occlusion which our 
method is able to tolerate is shown in Fig. 13(c), (d), (e), 
and (f) respectively for different disk’s location. The ratio 
of the overlapping area between the disk and the face 
region relative to the total face area is computed as a 
percentage. Using this protocol, we conduct the 
experiment on 500 randomly selected FERET dataset 
images. We plot the percentage for all the four locations 

Fig. 12. ROC curves obtained using the evaluation method 
proposed in [37] on the FDDB dataset, showing both (a) Continuous 
score and (b) Discrete score. The proposed method is compared 
against Li. et al. [44], Jain and Learned-Miller [43], Viola and Jones 
[5] and Mikolajczyk et al. [45]. 

Fig. 13. Detection under occlusion. (a) Original face image.. (b) 
Detection and localization result without any occlusion. (c) – (f) The 
largest occlusion before the detection fails when the size of the 
occluding disk is increased from bottom, top, center and left/right 
(symmetrical for frontal face) respectively.  

Fig. 14. Percentage of occlusion in the 500 images taken from 
FERET dataset just before the face detection fails.  
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just before the detection fails (see Fig. 14). This shows that 
the proposed approach can tolerate about 40% to 50% 
occlusion, as long as sufficient distinctive features 
(typically eyes and mouth regions that have high 
similarity for most faces) can be detected to establish the 
correspondence.  

5.6 Computation Time 
We implemented the face detection and localization 
portion using C++. The average time to detect and 
localize a face in an image of 320×240 pixels was about 
540ms using an ordinary PC (2.8GHz C2D PC with 3 GB 
RAM and Linux OS using a single core). As a comparison, 
the execution time for the window-based method of 
Huang et al. [8] and Li and Zhenqiu [7] is 250~330ms 
(using a Pentium 4-3.0GHz), and 200ms (using a Pentium 
3-700MHz) respectively. However, these methods yield 
only coarse detection, requiring face alignment to localize 
the face. On the contrary, our approach performs both 
detection and localization, providing the position, scale 
and amount of in-plane rotation of a detected face 
simultaneously. Thus, the computational time of our 
method is not significantly slower. By contrast, our 
method is up to 7 times faster than that of Toews and 
Arbel [18, 42] on the same machine. This is because our 
method is able to select more informative and distinctive 
features, resulting in a more compact and efficient model 
construction.  

The majority of the required time is spent on SIFT 
feature extraction (480ms) [46]. The time needed for 
comparing the model and the extracted features is not 
significant. Based on our experiments, with 500 training 
images, we have about 8,000 features in the constellation. 
After mean-shift clustering, the number is reduced to 
about 800 features. The comparison time between the 800 
features in the constellation and the extracted features is 
only about 60ms. In addition, our method has a huge time 
advantage in the training or model construction stage. 
The window-based methods and Toews and Arbel [18, 
42] require all the training images to be manually labeled,
which is a very time consuming task. For example, Huang 
et al. [8] reported labeling 30,000 frontal, 25,000 half-
profile and 20,000 full-profile faces manually. However, 
our approach requires only manually labeling two control 
points in only one image, the reference image. There is no 
further manual intervention needed.  

6 CONCLUSION 
In this paper, we have presented an approach to 
simultaneously detect and localize multiple faces from 
arbitrary views and different scale images. We have 
shown that the proposed method is able to handle 
arbitrary views, varying illumination conditions and 
complex backgrounds. Advantageously, the 
probabilistic framework is able to detect multiple and 
occluded faces. To prevent any error propagation due 
to registering wrongly matched features, weak links 

are detected and removed.  Unlike other approaches, 
the proposed approach does not require manually 
labeled faces apart from two points in the reference 
face image for training. Despite its simplicity, 
experimental results show that the performance is 
better than the other state-of-the-art approaches for 
multi-view face detection. Note that the proposed 
method does not have any prior assumptions about 
the training images used. More diverse training images 
enrich the face constellation, allowing it to detect more 
complex variations of the face. Thus, the capability of 
the proposed approach will only grow with more 
diverse images, so long as the intra-class variation is 
not too large that sufficient correspondence points 
cannot be found.  

Our future work is to extend the proposed approach 
to detect other object classes and to solve the problem 
of establishing correspondences when the intra-class 
variations are large. 
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