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Introduction 

After detecting faces in an image captured by a 
camera, each face is rotated, scaled, and cropped so 
that the image of the face has a predetermined size. 
This process is called a face alignment and it is well 
known that the result of face alignment has a large 
impact on face recognition performance. Face 
alignment usually operates based on the coordinates 
of the two eyes, and thus several studies have been 
performed on eye detection for face recognition.  
FACIAL landmark detection (FLD), or localization, is 
an essential preprocessing step in any automatic face 
analysis system. According to the image type, FLD 
algorithms can be categorized as either 2D or 3D-
based methods. Typically, a 2D FLD algorithm is 
applied to the content of a face bounding box 
output by a face detector, and attempts to locate the 
positions of a set of pre-defined landmarks (key 
points), e.g. eyebrows, eye centres, nose tip or mouth 
corners, in a 2D facial image. In contrast, a 3D FLD 
algorithm performs the task on 3D face data, such as 
3D face meshes or range images that are usually in 
the form of point clouds. The detected 2D facial 
landmarks can be used either as geometric features 
directly, or to extract meaningful local or global face 
texture features for subsequent face analysis 
procedures. 1One common step is to perform face 
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normalization based on the detected landmarks prior 
to the feature extraction procedure. Another popular 
technique is to directly extract local features from the 
neighbor hoods around all landmarks. There are two 
main types of algorithms, either based on generative 
or discriminative models, for FLD. The most well-
known generative models are Active Shape Models 
(ASM) and Active Appearance Models (AAM); those 
have been successfully and widely used for face 
modelling and landmark detection during the past 
20 years, especially in controlled scenarios. However, 
robust and accurate FLD in uncontrolled scenarios is 
very challenging. ASM and AAM often fail to 
accurately estimate the landmarks for ‘faces in the 
wild’, in the presence of pose, expression, 
illumination, and occlusion.  
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Abstract 

We propose the use of a 3D morphable face model to generate synthesized faces for regression-based 
detector training. Benefiting from the large synthetic training data, the learned detector is shown to 
exhibit a better capability to detect the landmarks of a face with pose variations. Furthermore, the 
synthesized training data set provides accurate and consistent landmarks automatically as compared to 
the landmarks annotated manually, especially for occluded facial parts. The synthetic data and real data 
are from different domains; hence the detector trained using only synthesized faces does not generalize 
well to real faces.  
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Figure 1: Self-occluded facial landmarks (square 
points) of the same identity rendered from its 3D 
face scan, with yaw rotations 0°, 10°, 30° and 50°.  

Proposed Methodology 

FACIAL landmark detection methods can be divided 
into two main categories:  

(I) Generative model 
(II) Discriminative model 

A generative model generates different face 
instances by adjusting the model parameters, and 
matches these generated instances to an input 
image to optimize the model parameters. Typical 
generative models are ASM, AAM and their 
extensions. A common characteristic of ASM and 
AAM is a parametric PCA-based shape model that is 
constrained by the corresponding Eigen-values when 
fitting the models to an input image.  

A discriminative model builds a mapping function 
that predicts the shape or model parameter updates 
using the features extracted from an image. In fact, 
the first discriminative method was adopted in the 
original AAM. It used a linear regression model to 
build a mapping function between the texture 
residuals and the parameter update of a combined 
appearance model. The combined appearance model 
explicitly represents a face including its shape and 
appearance. It accomplishes the tasks of FLD and 
face texture reconstruction in a unified framework.  

We want to implement with a standard linear 
regression-based CR algorithm in this experiment, 
with two different HOG features, and compared it 
with a standard generative view-based AAM and 
human annotated results. To obtain the human 
annotated results, we randomly selected test images 
and manually annotated them. Firstly, all the 
automatic detected results exceed the human 
performance in accuracy, including the view-based 
AAM. 

Secondly, we measured the contribution of the 
number of feature scales C to the system. The main 
reason is twofold: 

1) The local features extracted from a small window 
size provide less information for a discriminative 
FLD learning;  

2)  The information of the local features extracted 
from different scales is somewhat redundant.  

3D face reconstruction from a single 2D facial image 
is a very challenging task. Hence the correlation of 
shape is very low even when we use the ground truth 
2D landmarks for 3DMM initialization. Similarly to 
the landmark detection accuracy shown above, the 
3D face reconstruction accuracy initialized by the 
dynamic multi-scale F-HOG CR is superior to all the 
others, especially to the manually annotated 2D 
facial landmarks. The main reason is that the trained 
CR-based model estimates the landmarks of the self-
occluded face parts better. In contrast, it is very hard 
to estimate the landmarks of the occluded facial 
parts manually.  

Cascaded Collaborative Regression (CCR)  

In our proposed CCR, the synthesized training 
dataset dominates the training of the first few weak 
regressors, whereas the real face dataset dominates 
the last few weak regressors. Benefiting from the 
large synthesized training dataset, the first few weak 
regressors in CCR are capable of overcoming the 
difficulty caused by pose variation. The last few weak 
regressors mainly trained on a relatively small 
number of real faces refine the rough shape 
estimates output by the first few elements, to create 
a more versatile model.  

Experiments on BioID, HELEN, LFPW and COFW 

To validate the superiority of the proposed CCR 
algorithm, we compared it with a set of state-of-the-
art algorithms on the BioID, LFPW, HELEN and COFW 
datasets.  

The BioID face dataset has 1521 near-frontal faces 
with slight pose and expression variations, collected 
under a lab environment. The dataset was firstly used 
for face detection and recently for facial landmark 
detection. Each BioID face has 20 manually 
annotated landmarks and 17 of them are usually 
used to test a FLD algorithm. 

The HELEN face dataset is a high resolution dataset 
consisting of 2000 training and 330 test images. Each 
image in HELEN has 194 annotated landmarks.  

LFPW is a standard FLD benchmark that has 1100 
training images and 300 test images collected from 
the Internet. Each LFPW face has 29 manually 
annotated landmarks. However, LFPW provides only 
hyperlinks to the original web images.  
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COFW is an expanded version of LFPW. The COFW 
dataset contains 1345 training images and 507 test 
images in the wild with a variety of pose, expression, 
illumination and occlusion variations.  

Expected Outcomes 

To obtain dynamic multi-scale local features, we 
denote the window size of the cth scale of the mth 
sub-regressor in the cascade as S(m,c)(m = 1, · · · , M; 
c = 1, · · · ,C), where C is the number of scales for 
local feature extraction and M is the number of sub-
regressors. We set  

S(m,c) = {(1+(1/m))Sface}/(c+1) 

where m= reduces the window size as the order of 
the subregressor grows,  

c= generates different scales for each sub-regressor, 

and Sface=  size of the face.  

…    

           (A)                                        (B) 

Figure 2: A schematic overview of the proposed 
dynamic multi-scale local feature extraction 
approach  

Conclusion 

We have presented a supervised cascaded 
collaborative regression (CCR) algorithm that exploits 
synthesized faces for robust FLD in 2D. The use of 
synthesized faces generated from a 3DMM greatly 
improves the generalization capability of the trained 
facial landmark detector. A major advantage of using 
synthesized faces is that they do not need to be 
manually annotated. Furthermore, the 2D landmarks 
of the synthesized faces by direct projection from 3D 
to 2D are accurate, especially for the self-occluded 
facial parts with large pitch and yaw rotations. To 
extract more informative local features, we designed 
a dynamic multiscale local feature extraction scheme, 

which further improved the accuracy of the learned 
regressor. 
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