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Abstract. 3D face reconstruction is highly important in the ergonomics study of 

3D face, especially in terms of designing face-related products. With the devel-

opment of machine vision and deep learning, it becomes feasible to reconstruct 

the 3D face from a single image, which can make it practical to obtain a large 

scale data of 3D face shape instead of using the 3D scanning technology. The 

3D face reconstruction methods, to recover the 3D facial geometry under un-

constrained situations from 2D images, are roughly classified into two catego-

ries, namely (1) 3D Morphable Model (3DMM) fitting based method and (2) 

End-to-end deep convolutional neural network (CNN) based method. The 

3DMM as a general face representation is introduced emphatically and two 

kinds of 3DMM fitting based methods are introduced when improving the 

3DMM modeling mechanism. Four representative CNN based methods are 

compared when regressing from pixels of face image to the 3D face coordinates 

in different gird-like data structures. Finally, six common face datasets largely 

used in the training and testing are listed. 

Keywords: Face-related product design, 3D face reconstruction, 3D morphable 

model 

1 Introduction 

More and more people are using face-related products such as helmets and respirators. 

Fit is a very crucial issue for achieving best performance when designing this type of 

products. Researchers have started using 3D data for product design when dealing 

with the complexity of human face shape. Chu et al. [1] developed a mass-

customization method for respiratory masks based on 3D human face.  Lacko et al. 

[2] established the digital mannequins by using a human 3D head shape and designed

brain-computer interfacing (BCI) headset frame based on them. Skals et al. [3] im-

proved the fitting level of bicycle helmet liners by using 3D anthropometric data.

These studies show that 3D face reconstruction can be widely used in many applica-
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tions and it is highly important in the ergonomics study of 3D face [4]. The recent 

development of 3D laser scanning technology provides an opportunity to create a 

more accurate human model for product design and evaluation. High resolution 3D 

scans can record a massive amount of detailed geometrical information of the human 

face shape. However, it is unpractical to collect large-scale data of 3D face shape 

because it takes too much time and manpower. Fortunately, with the development of 

machine vision and deep learning, it becomes feasible to reconstruct the 3D face from 

a single image with the help of the supervised learning. The examples of 3D face 

reconstruction from a single image directly are shown in Figure 1.  

 

   
(a1)                                         (b1)                                   (c1) 

 

   
(a2)                                       (b2)                                    (c2) 

Fig. 1. Examples of 3D face reconstruction from a single image (a): 2D facial im-

age (b) and (c): Reconstructed 3D face. 

 

2 3D Face Reconstruction Method 

3D face reconstruction is to recover the 3D facial geometry under unconstrained sit-

uations from 2D images, which is also an important task in the field of computer vi-

sion and graphics. With the development of computer vision and machine learning, 

there are many methods that try to handle this inherently ill-posed problem. These 

approaches toward this problem can be roughly classified into two categories, namely 
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(1) 3D Morphable Model (3DMM) fitting based method and (2) End-to-end deep 

convolutional neural network (CNN) based method. 

 

2.1 3DMM fitting based methods 

3D Morphable Model: The 3D Morphable Model (3DMM) was proposed by Blanz 

and Vetter [5, 6] as a general face representation and a principled approach to image 

analysis. They found that it is possible to reconstruct face shape by solving a non-

linear optimization problem which is constrained by linear statistical models of facial 

shape and textures [7]. 

In the 3DMM, the geometry of a face is represented as a shape-vector, 

S=(x1,y1,z1,…,xn,yn ,zn )T∈R3n, that contains the x, y, z coordinates of its n vertices. For 

simplicity, it is assumed that the number of valid texture values in the texture map is 

equal to the number of vertices. Therefore, we can use a texture-vector 

T=(R1,G1,B1,…, Rn,Gn,Bn)T∈R3n to represent the texture of a face where R, G and B 

are values of colors. A morphable face model can be constructed using a data set of 

exemplar faces, each M represented by its shape-vector Si and texture-vector Ti: 

M=(S,T). A 3D face can be described with the a basis transformation of Principal 

component analysis (PCA) [8]: 

 
t tT T A= +  (1) 

 
s sS S A= +  (2) 

Where, S is a 3D face, S  is the mean shape, As is the shape principle basis trained 

on the 3D face scans with neural expression and αs is the shape representation coeffi-

cient; T is the mean texture, At is the texture principle basis trained on the 3D face 

scans with neural expression and αt is the texture representation coefficient.  

The facial expression component is considered to improve the original 3DMM, be-

cause of the expression variance of the shape data [9]: 

 
exp exps sS S A A = + +  (3) 

Where Aexp is the expression principle basis trained on the offset between expres-

sion scans and neural expression and αexp is the expression representation coefficient.  

Usually, the Basel Face Model (BFM)[10] and the Face Warehouse dataset[9] can 

be used to generate the shape (At) and expression (Aexp) principle basis. The target of 

the single-image based 3D face modeling is to predict the coefficients αs and αexp. 

After obtaining the 3D face shape S, it can be projected onto the 2D image panel with 

the scale orthographic projection from a specified viewpoint: 

 ( )exp exp 2* * * s s dV f P R S A A t = + + +  (4) 

    Where V is the 2D coordinates of the 3D vertices projected onto the 2D plane, f is 

the scale factor, P is the orthographic projection matrix [[1,0,0],[0,1,0]], R is the rota-

tion matrix that consists of 9 parameters, and t2d is the translation vector. The collec-
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tion of all the model parameters is α=[f, R, t2d, αs, αexp]T. However, the inverse process 

of recovering the 3DMM parameters from a single image is quite challenging. 

 

Model fitting based methods: After the 3DMM was developed, large amount of 

research has been done to improve 3DMM modeling mechanism. The model fitting 

based methods can be mainly classified into two groups: the template fitting based 

methods [6, 11, 12] and the regression based methods [13].  

 The template fitting based methods are to establish a 3D face appearance model 

to fit the 2D face images, such as Analysis-by-Synthesis 3DMM [6] and Active Ap-

pearance Model (AAM) [12]. However, the performance of the template fitting based 

methods is affected mainly by the 2D image patterns reside within the variations de-

scribed by the 3D face appearance model, which shows limited robustness in uncon-

strained environment.  

The regression methods are to estimate the 3DMM parameters by solving a non-

linear optimization problem to establish a correspondence of the points between the 

single image and the established 3D face model, such as facial landmarks, local fea-

tures. However, these methods mainly depend on the detection accuracy of landmarks 

or other feature points. The Cascaded Regression [14] and CNN-based [15-17] meth-

ods have been largely used in the landmark detection and face alignment and nearly 

achieved the state-of-the-art performance in 2D facial landmarks detection.  

These two achievements of Cascaded Regression and CNN are combined into a 

Cascaded NN as a regressor to estimate the new parameters in the 3D Dense Face 

Alignment (3DDFA) method [13]. In the first stream, a Projected Normalized Coor-

dinate Code (PNCC) is staked with the inputted image and sent to the CNN with an 

intermediate parameter, while in the second stream, some anchors with consistent 

semantics are generated and conducted by Pose Adaptive Convolution (PAC). This 

method can solve the high nonlinearity of face alignment across large poses and the 

self-occlusion challenge in the face modeling. However, these model-based methods 

are limited in the face shape of the original model, thereby generating limited geome-

try with facial expression and occlusions [18]. 

 

2.2 End-to-end CNN based methods  

The CNN can be directly trained to regress from pixels of 2D face image to the 

3D face coordinates in gird-like data structure (such as UV position map [18], 

volumetric representation [19], depth map [20] and graph mesh [21]) by inputting 

a single image. These methods can reconstruct 3D face from the completely un-

constrained facial images with facial expression and occlusions. 

In the end-to-end Position map Regression Network (PRN) [18], UV position map 

is used to record the 3D facial structure of a complete face in UV shape and a CNN is 

used to regress the UV position map to simultaneously predict dense alignment and 

reconstruct 3D face shape. This network is model-free and light-weighted, thereby 

directly producing the 3D face reconstruct results in real time. However, there is ge-

ometric distortion between the UV position map and the 3D coordinates, which make 

it produce less precise results.  
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In the Volumetric Regression Network (VRN) [19], a CNN is used to directly learn 

a mapping from pixels of the RGB image to a 192 x 192 x 200 volume of 3D coordi-

nates. Their experiment results demonstrate that VRN-Guided architecture can 

achieve better performance that firsts detects the 2D projection of the 3D landmarks 

and stacks these with the original image to regress the volume. The biggest advantage 

of this network is generating the full 3D facial geometry from completely uncon-

strained facial images. However, the discretization limits the resolution of point cloud 

and the quantization errors are introduced during mesh voxelization. 

The Graph Convolution Networks (GCNs) is used to regress 3D face coordinate by 

processing 3D face mesh. The 3D facial mesh is recorded in M=(V,W) where V has 

3D vertices on the 3D face surface and W is a sparse adjacency matrix of V to denote 

their relationships edge [21]. This network can capture coarse-to-fine features of face 

mesh in a hierarchical manner and generate 3D face coordinate directly.    

 The deep Dense-Fine-Finer Network (DF2Net) [20] integrates three sub-networks 

to map the input single image to a dense depth image, thereby realizing subtle 3D 

facial details. A face image is first input to a dense depth network for dense but rough 

3D reconstruction, and then the output depth map along with the original image are 

fed into a hypercolumn network for refinement, finally the refined depth map and the 

multi-scale face images are jointly processed with a multi-resolution hypercolumn 

network to estimate a residual depth map for finer detail reconstruction.   

 

3 Face Datasets 

The CNN-based methods can achieve great accuracy in both 2D face alignment and 

3D face reconstruction. However, they need a huge amount of face datasets, including 

2D annotated face images and 3D face information.  When doing research on 3D face 

reconstruction, there are many publicly available human face datasets and them can 

be classified into three categories based on their format: (1) face images with land-

marks, (2) 2D face images and 3D shape data and (3) 2D face images and 3DMM-

based reconstructed shape data, shown in Tables 1, 2 and 3 respectively. The datasets 

in Tables 1 and 2 can usually be used to evaluate the accuracy of 2D face alignment 

and 3D face reconstruction respectively and the datasets in Table 3 can usually be 

used to evaluate the accuracy of 3D face alignment and train the established network 

of the CNN-based methods. 

Table 1. Common publicly available appearance images with landmarks of human faces. 

Database No. images No. landmarks Comments 

CelebA[22] 202,599 5  

AFLW[23] 25,993  21  

COFW[24] 1345 (training)+507(testing) 29  

LFPW[25] 1432  29  

AFLW-

LFPA[26] 
1299  34 

face images with extended 11 land-

marks from AFLW 

300W[27] 4000+  68 standardized databases with 68 land-
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marks. including AFW[28], LFPW[25], 

HELEN [29]and XM2VTS[30]. 

300W-LP[13] 122,450  68 
synthesized large-pose face images 

from 300W 

300VW[31] 114 videos 68  

3DFAW[26] 23,000  68 multi-view images with 3D annotation 

WFLW[32] 7500 (training)+2500(testing)  98  

Helen[29] 2000 (training)+330 (testing)  194  

 

Table 2. Common publicly available 3D shape data and appearance images of human faces. 

Database Format and resolution Coverage No. samples Scanner 

BU-4DFE[33] 

triangle mesh (35k 

vertices), texture 

image (1,040×1,329) 

face, neck, 

sometimes 

ears 

101 individuals×six 

100 frame expression 

sequences 

Dimensional 

Imaging 

Florence[34] 

triangle mesh (40k 

vertices), 3341×2027 

texture image 

face, neck, 

sometimes 

ears 

100+ individuals 3dMD 

BP4D-

Spontaneous[35] 

triangle mesh (30k-

50k vertices), texture 

image (1,040 × 1,329) 

face, neck, 

sometimes 

ears 

41 individuals×eight 

one minute dynamic 

sequences 

Dimensional 

Imaging 

FaceWarehouse[9] 

raw: 640 × 480 

RGBD; processed: 

triangle mesh (11k 

vertices, consistent 

topology) 

face, some-

times ears 

150 individuals×20 

expressions 

Microsoft 

Kinect 

 

 

Table 3. Common publicly available appearance images and 3DMM-based reconstructed shape 

of human faces. 

Database Format and resolution No. samples Image source 

300W-3D/300W-

3D-Face[27] 

3DMM parameters/ fitted 3D 

mesh and 2d images 

20,000 (training)+ 

4386(testing) 
300W[27] 

AFLW2000-3D[15] fitted 3D mesh and 2d images 2,000 AFLW[23] 

LS3D-W[36] fitted 3D mesh and 2d images 230,000 
AFLW[23], 

300VW[31], FDDB[37] 

 

4 Discussion 

The error of the 3D face reconstruction method is significant for face-related product 

design. Therefore, it is necessary to investigate the performance of different methods 

across poses and datasets, The Normalized Mean Error (NME) is proposed as the 

evaluation metric, which is:  
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where Xi is the i-th coordinate of the ground truth 3D face and iX% denotes the ith 

coordinate of the reconstructed 3D face. d is the normalization factor. Detailly, d 
can be the bounding box size and the outer interocular distance when comparing the 

performance of face alignment and face reconstruction respectively. Another evalua-

tion metric is the Mean Error (ME), which can be calculated as the following formula-

tion: 

 

1

1
ME

N

i i

i

X X
N =

= − %  (6) 

The accuracy of the dense face alignment results on AFLW2000-3D is compared 

among 3DDFA[13], PRN[18] and GCNs[21]. 45K points are taken from the face 

shape reconstructed by these methods. The quantitative results of NME are illustrated 

in Table 4. The bounding box size is used as the normalization factor d. The RRN and 

GCNs have the similar accuracy, which outperform 3DDFA on the 3D face alignment 

tasks by a large margin. 

The performance of the face reconstruction on Florence dataset is evaluated among 

3DDFA[13], VRN[19], PRN[18] and GCNs[21].The most common 19K points with 

3D coordinates are selected from the face region of all compared methods. Because 

the generated point clouds of different methods are not aligned, the Iterative Closest 

Points algorithm is adopted to find the nearest points between the network output and 

the ground truth point cloud [18]. The quantitative results of NME are illustrated in 

Table 4. The outer interocular distance of 3D coordinates is used as the normalization 

factor d.  The performance of GCNs is slightly better than PRN and both of them 

outperform VRN and 3DDFA [18]. 
 

Table 4. Performance comparison of different methods, including 45K points face 

alignment on AFLW2000-3D and 19K points face reconstruction on Florence [18] 

Database  3DDFA VRN PRN GCNs 

AFLW2000-3D 6.56 - 4.41 4.31 

Florence 6.29 5.23 3.72 3.63 

 

Besides, these training and testing face database includes different yaw angles from 

0 to 90. The comparison results demonstrate that the performance of these method for 

small yaw angles (0~30) is better than medium (30~60) and large (60~90) yaw angles 

[18].  However, it is still necessary to confirm whether the performance of the 3D face 

reconstruction method can meet the requirement when designing face-related prod-

ucts. Fortunately, when applying by using 3D face reconstruction method into design-

ing face related 

products, there are two main important advantages and developments. 
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Firstly, the facial feature analysis of large-scale 3D faces could become faster and 

practical. We just need to use the single face image to reconstruct the 3D facial shape, 

rather than to capture their 3D face information by using 3D scanning system. How-

ever, these existing face reconstruction methods can reconstruct the facial shape ef-

fectively, but cannot estimate the facial dimension. Hence, we need to improve the 

existing face reconstruction methods to make it have the ability to estimate the facial 

shape and dimension together. If it can be realized, the dimension features and differ-

ence in terms of genders, ages and regions can be analyzed easily and fast by recon-

structing 3D face for a large-scale of face images, which can provide an excellent 

reference for designers. 

Although there are many publicly available faces databases which are used to train 

the model and evaluate the performance of 3D face reconstruction methods, they can-

not be used to analyze the variance of face dimensions among all age and ethnic 

groups since they are limited and, in most cases, the facial data of a specific popula-

tion is none. If we want to analyze the dimension features for designing face-related 

products of a selected population, we still need to establish a database of the selected 

population. 

Secondly, the personalized customization of face-related products can also become 

easier and faster. The client just needs to upload their face image to the designer or 

seller and then they can reconstruct its 3D face to help them to design or select its 

suitable face-related products. With the development of camera techniques, it is a 

general trend that the phone will have RGB with depth cameras (RGB-D). The RGB 

single face image combined with the depth information may improve the accuracy of 

3D face reconstruction, which also need to be studied and compared with these 3D 

face reconstruction methods based on single image further. 

 

5 Conclusion  

To realize the feature analysis of a large-scale 3D faces and the personalized customi-

zation of face-related products, the 3D face reconstruction from a single image is a 

practical approach. In this paper, the 3D face reconstruction methods are roughly 

classified into two categories, namely (1) 3DMM fitting based method and (2) End-

to-end CNN based method. Applying 3D face reconstruction can be used into the 

design of face-related products as it is practical and cost effective. Furthermore, 3D 

face reconstruction methods can also be used to reconstruct the surface of the human 

body and other specific parts of the body, such as ears, hands and foots.  
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