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Abstract 
With the decline of hardware device price and the development of image recognition 
analysis technology, face recognition technology has been widely used in various 
industries. As an important part of face recognition, face alignment bridges the two 
important steps of face detection and feature extraction, and plays the role of the top and 
bottom. Relevant research results show that if face alignment is effective, face 
recognition performance is effectively improved, and vice versa. Most of the traditional 
face alignment methods use two-dimensional faces for alignment, and two-dimensional 
face pictures usually cannot represent the change of face depth, which leads to the 
problem of inconsistent shape when the face is rotated in three-dimensional space. 
Because faces are usually rotatable in three dimensions, the use of two-dimensional 
alignment methods is prone to large errors. To this end, this paper proposes a 3D face 
alignment method based on convolutional neural networks. The method uses the end-
to-end idea to complete the face alignment by inputting only one pair of face images and 
using the PRN (Position Map Regression Network) structure to locate the key points of 
the face, so as to obtain the 3D information of the face. In order to further optimize the 
network model parameters, the same weight ratio of the face area not is set and the loss 
function is improved. 
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1. Introduction 

Different people have faces with different characteristic information, and faces are one of the main 
influencing factors on identity recognition, and this key technology of face recognition plays an 
irreplaceable and valuable role in human social life. Face alignment is one of the directions of interest 
to experts and scholars in the field of face recognition, and through decades of research by experts 
and scholars, the effect of face alignment has been significantly improved. According to the literature 
[1], face alignment methods can be classified into three main categories: constrained local model 
(CLM) [2], active appearance model (AAM) [3] and cascade regression method (CRM) [4]. 

Two-dimensional face alignment methods started with ASM, which belongs to CLM methods 
according to the classical classification. The basic idea is to represent an arbitrary two-dimensional 
shape with a set of local appearance models and then use the global model to make a final judgment 
about the shape.The AAM method jointly learns a global model of shape and grayscale appearance. 
With this model, to perform face alignment, it is necessary to find a set of parameters that may 
generate query faces. Although CLM and AAM have a long history, they are still highly used face 
alignment methods by everyone. Modern face localization is driven by CRM methods that originally 
originated in the field of medical image processing [5]. In addition to significant performance gains 
[6.7.8], these methods show impressive frame rates and are able to perform face alignment in a 
millisecond or even less. Conversely, CRM can be run in a cascaded fashion through optimized AAM 
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and CLM-based methods. At each level of the cascade a regressor learns to move the prediction closer 
to its desired position. 

The output of a 2D face alignment method is a set of 2D face keypoints in an image. Although 2D-
3D methods are usually based on 2D methods, their ultimate goal is to estimate 3D face facial shape 
from a single image or a set of images or videos. Thus, they can be referred to as two-step methods 
[9], where the first step performs 2D face alignment and the second step estimates the 3D shape. A 
typical face alignment task treats the face as a 2D object and it is described as follows: given an input 
image and an initial face position, determine the location of the main key points or landmarks of the 
face. This approach has two main limitations because the 3D information of the facial contours is lost. 
The first limitation is that some facial key points are obscured due to the partial occlusion of the face. 
In the literature [10,11], this problem is solved by detecting the nearest visible facial keypoints, but 
this approach changes the initial natural face shape of the person because the facial keypoints no 
longer have semantic counterparts, so this initiative leads to inaccurate obtained face keypoints. The 
second limitation of the standard face alignment method arises in multi-camera environments or face 
videos, where the same scene can have multiple shooting angles and multiple images are obtained. 
Ideally, different cameras are used for the same person, or different frames in the video are used to 
detect the face keypoints, because the basic shape of the same person is the same, so these keypoints 
obtained must be consistent. 

The 3D face alignment method using convolutional neural networks is a recently emerged method. 
The aim is to avoid the sometimes unnecessary second step in a two-step approach. Obviously, the 
lack of 3D annotated 2D images is a key problem for such methods. In the literature [12], existing 2D 
datasets are annotated using a 3D deformation model, and then multiple convolutional neural 
networks are trained in a cascade fashion using these annotations. 

2. 3D Face Alignment Method 

The network architecture uses CNN to solve 3D face alignment, using an end-to-end idea that is not 
constrained by the low-dimensional space, and Figure 1 shows the network structure. 

 

 
Figure 1. Net structure chart 

 

Where the green area indicates the residual block and the blue area indicates the transposed 
convolution. Using this location mapping graph network structure, the lightweight framework 
provided is tested on several databases with results far superior to previous methods. In order to 
directly obtain 3D face alignment results, a UV location map is cleverly designed, which can represent 
the 3D coordinates of all facial point clouds on 2D images, and the corresponding semantic 
information is also preserved. By training this codec network using weighted loss, this network can 
directly obtain the UV location map of this figure from a 2D face image, and the obtained figure is 
named as UV location map. In the training phase, different weights are assigned to each point on the 
location map and the weight loss is calculated. 

The 3D data is converted into location map information, and the input image is essentially a 3D point 
cloud projected onto a 2D plane. The convolutional encoder part of the network structure design is 
the first layer is the convolutional layer, and the convolutional layer is immediately followed by 10 
residual modules, of which the residual learning module is shown in Figure 2. 
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Figure 2. Residual learning: a building block 

 

The input size of the network is 256×256×3, the output feature map size is 8×8×512, and the 
subsequent deconvolution contains 17 deconvolution layers. The final predicted location map size is 
256×256×3, and since the location map contains complete 3D information, there is no need to design 
additional network modules. The trained network structure can be input to any 2D image to complete 
the prediction of 3D information and thus complete the 3D alignment of human face. 

All the convolutional kernels in the network are 3*3 in size, SAME method is used for Padding, and 
the encoding part uses the residual block connection (short cut), ReLu activation function and 
Sigmoid activation function. In order to speed up the training and improve the alignment accuracy of 
the network, Batch Normalization layer is added before the activation function. 

The residual network ResNet connects the input directly to the later layers through bypass, which can 
keep the information intact. This residual design idea solves the problem that previous convolutional 
neural networks may lead to gradient disappearance or gradient explosion, etc. The whole network 
learns the part of input and output difference, which greatly simplifies the goal of learning, weakens 
the learning difficulty, and makes the model accuracy effectively improved. 

Depending on the requirements of the scenario, a more lightweight or better performance network 
structure can be used when choosing the convolutional neural network for the coding part, such as 
using MobileNet structure, DenseNet structure, and so on. In addition, to speed up the training and 
enhance the robustness of the network, a Batch Normalization layer is added before both 
convolutional and deconvolutional activation functions. 

3. Improved Loss Function 

Training to learn convolutional neural network structure, all need a suitable loss function, in training, 
the role of the loss function is to find the difference between the UV location map and the output 
results. The general loss function is used Mean square error (MSE). However, the MSE method has 
a drawback that it does not perceive all the facial key point information obviously, which leads to the 
loss of non-important regions of the face and the loss of important feature points at the same cost, so 
it is not suitable for image alignment directly. However, the above problem can be avoided by 
artificially specifying different weights assigned to different regions. In this paper, considering that 
all the key points of the face are located in the face region, the ratio of assigned weights is greater 
than that of the unimportant regions, and by reading some literature, the weights are proportionally 
assigned to form the loss function according to these literature. The result graph after network training 
is shown in Figure 3. 

The analysis shows that the positions of all facial keypoints are divided into four major categories, 
and each category has its own corresponding weights when performing the calculation of the loss 
function. In this paper, in order to study 68 facial keypoints, so the 68 facial keypoints are set with 
the highest weights, and then determine the convolutional neural network can learn the feature 
information of these keypoints efficiently. Since there are no key points in the neck region that need 
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to be studied beyond the scope of the study to avoid interference with the network during training, 
the neck region is directly assigned a value of zero. Based on the above analysis, the loss function 
can be defined as Equation (1).  

 

      oss , , ,L pos u v pos u v w u v                           (1) 

 

where u, v represent the corresponding pixel location coordinates and  ,pos u v  denotes the 

predicted location point  ,u v  . The true point location map is denoted by  ,pos u v  and the 

corresponding weight of point  ,u v  is  ,w u v . 

By drawing on some weight ratios in the literature, the face weight assignment table is shown in Table 
1 in order to better investigate the alignment effect of different weight points, respectively, for 
experimental comparison. 

 

Table 1. Face weight distribution table 

Methods 68 key points Eyes, Nose, and Mouth Other areas Neck 

Weight1 1 1 1 0 

Weight2 3 2 1 0 

Weight3 10 3 2 0 

 

As shown in the table above, all facial keypoints are divided into four categories with different weight 
ratios, the first category is for the 68 facial keypoints, the second category is for the region jointly 
composed by the eyes, nose and mouth, the third category is for other regions of the face, and the 
fourth category is for the neck region. In order to ensure that the network can learn where the feature 
points are located, the 68 facial keypoints are set relatively highest for the other category weights 
because they are the objects involved in the alignment, and the neck region does not involve feature 
points that need to be aligned, so it is directly equal to zero. 

4. Experiment and Performance Analysis 

4.1 Dataset 

The 300WLP used in this paper is used as the training dataset, in which all the face sample images 
3DMM parameters are fitted, and thus very helpful to form the training pairs for matching. The 
AFLW2000-3D dataset, which was constructed by AFLW to evaluate face alignment on 3D 
unconstrained images, was selected as the test dataset. This database contains the first 2000 face 
images from AFLW, and the data file encapsulates the fitted 3DMM coefficients and 68 3D key 
points. 

The method based on convolutional neural networks has achieved great success in 3D face alignment 
tasks. However, the method requires a large number of images annotated with 3D face information 
for training, and the current dataset with 3D face annotation information is very limited. In this thesis, 
in order to avoid the shortage of 3D face data and improve the performance of 3D face alignment 
models, the dataset is expanded using an improved convolutional neural network, using the existing 
publicly available 300FW dataset to find the AFLW2000-3D dataset, which is constructed by 
selecting the top 2000 images from the AFLW dataset. Among them, an example graph of the 
visualized dataset is shown in Figure 3. 
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Figure 3. Data set instance diagram 

 

Each of these face images comes with its corresponding 3DMM coefficients and 68 3D face key point 
coordinates, which are used to describe the contours of each organ in the face region, such as face 
contour, upper and lower lip contour, nose contour, left and right eye contour, and left and right 
eyebrow contour. This dataset is mainly used to evaluate 3D face reconstruction and dense face 
alignment effects. Unlike 2D face feature points, which exist only in a planar coordinate system, i.e., 
a coordinate system containing only the X and Y axes, 3D face feature points have an additional Z 
axis on top of 2D. When the two-dimensional face coordinate system is rotated, all the face feature 
points are in a plane, and the face depth information will be lost when the pose transformation is 
carried out, while the three-dimensional face feature points can not only effectively retain the distance 
between the feature points, the proportion and other information, but also because the effective 
retention of depth information is conducive to improving the alignment accuracy, so it is necessary 
to model the three-dimensional face feature points. 

Step 1: Establish the world coordinate system and draw the 3D face key points, i.e. first establish the 
X, Y, Z coordinates and complete the model establishment according to the relative positions between 
the model parts, then determine the position of the face key points in the world coordinates, once the 
construction of the world scene is completed convert to the observation position coordinates, by 
controlling the position and orientation of the observation points so that they can determine the 
position and direction of the projection plane, and finally The projection plane defines the window 
that needs to be cropped to establish the 3D face area. In this case, the coordinates of the model in the 
scene are converted to the coordinates of the observation plane using the projection transformation. 

Step 2: adjust the three-dimensional face feature points through three-dimensional geometric 
transformation to obtain different angles of the face image, according to the introduction above, it is 
known that the location of the three-dimensional face model is the origin of the three-dimensional 
space, at this time the three-dimensional face model were based on Pitch, Yaw and Roll to adjust the 
face image, as shown in Figure 4. 

 

 
Figure 4. Adjust the face image baseline diagram 
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If the multi-directional transformation operation is performed, a large number of images with 3D face 
information will be obtained, and the resulting 3D face key point annotation in the coordinate system 
is shown in Figure 5. 

 

 
Figure 5. 3D face marking map 

 

This makes the 3D face keypoint information obtained by the improved convolutional neural network 
excellent for the 3D face alignment task. Using a large number of available 3D face datasets, the 
continuously updated 3D face keypoint data can provide valuable information for the subsequent 
learning of 3D face models. 

4.2 Training Process 

In this paper, 300WLP is chosen as the training set because it contains documented face images with 
fitted 3DMM coefficients from different angles. For training, the images are cropped according to the 
Ground Truth envelope and their dimensions are set to a size of 256 × 256. The corresponding 3D 
positions are then generated using their labeled 3DMM coefficients and rendered into UV space to 
obtain the true position map, when the size of the training data image is also 256 × 256, and regression 
is performed on a point cloud larger than 45,000. The Adam optimizer is used as the optimizer, where 
the learning rate starts from 0.0002, the learning rate is reduced to half of the original period every 5 
iterations, the complete training period is set to 50, and the scale noise interval is set to 0.8 to 1.2. Let 
the batch size be equal to 16. beta2 is 0.999. 

4.3 Evaluation Indicators 

Since the Root Mean Squared Error (RMSE) metric ignores the important factor of face size in face 
images, resulting in a large variance of face size in a single face image in some face datasets, RMSE 
cannot be the best choice for measuring model performance because it underestimates the error on 
face images with small face size. In this paper, the evaluation metric in face alignment is measured 
using Normalized Mean Error (NME), which is defined in Equation (2). 
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Where  
e
ix  denotes the coordinates of the prediction point,  

g
ix  denotes the key point truth value, 

and d denotes the distance between the center points of the left and right eyes. IODd  is normalized to 

eliminate some factors, such as unreasonable variation due to inconsistent face size. IODd  can be 
chosen to use the distance between the two outer corners of the eyes or the length of the diagonal of 
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the external rectangle of the face shape instead, and in this paper IODd  is chosen to use the distance 
between the two outer corners. 

4.4 Analysis of Experimental Results 

Face alignment usually uses normalized mean error (NME) as an evaluation metric. The method of 
this chapter is first evaluated on a set of 68 facial keypoints and the experimental results are compared 
with 3DDFA, DeFA and 3D-FAN on the dataset AFLW2000-3D. At this point, the prediction needs 
to be performed using the completed training network for each test sample of 68 facial keypoint 
coordinates, and the results are shown in Figure 6. 

 

 
Figure 6. Forecast effect picture 

 

The NME of face alignment for a single sample based on 68 feature points can be calculated by 
completing the above steps combined with the definition of evaluation metrics in Equation (2), and 
the results for all test samples and comparison methods are shown in Table 2. 

 

Table 2. Performance comparison table 

Percentage 3DDFA DeFA 3D-FAN This paper 

10% 3.159 2.631 1.994 1.874 

20% 3.561 3.029 2.301 2.056 

30% 4.046 3.291 2.653 2.336 

40% 4.405 3.501 2.892 2.541 

50% 4.861 3.871 3.113 2.829 

60% 5.235 4.263 3.416 3.154 

70% 5.901 4.651 3.804 3.264 

80% 7.891 5.323 4.462 4.001 

90% 9.022 6.438 5.574 5.074 

100% 10.448 7.721 6.81 6.214 

 

The experimental results of this paper are slightly better than those of the 3D-FAN method in the case 
of calculating each distance using 2D feature points. The difference between the performance of this 
paper's method and the performance of the current newer 3D-FAN method increases significantly 
when considering depth information. However, the 3D-FAN method needs to be combined with 
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another network to predict the coordinates of the key points of the face, while the method in this paper 
can directly regress to get the depth values. 

5. Conclusion 

This paper focuses on the study of 3D face alignment based on convolutional neural network. The 
alignment process is macroscopically optimized by using an improved convolutional neural network 
structure and selecting a suitable loss function for the network model, which improves the accuracy 
of 3D face alignment through comparative analysis and lays the foundation for subsequent face 
identification and face analysis. 

This paper establishes a UV position map regression network structure. After training with a large 
amount of data, the regression network has the ability to predict 3D information, and in practice, the 
3D model of the face corresponding to the image can be predicted by directly inputting a 2D image, 
thus realizing the end-to-end operation and completing the 3D face alignment task. In the training 
process, a new loss function is constructed instead of the traditional mean square error used in the 
regression task in order to better match the face features. In addition, the weights of each location 
point of the face are reassigned, and finally, the experimental performance of the 3D face alignment 
technique in this paper is described and analyzed. 
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