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ABSTRACT 
In this paper, an efficient 3 Dimensional (3D) face-reconstruction algorithm is proposed based on 
multiview 2D images of human faces from measurements using similarity transform. In our 
algorithm, pose- and depth-estimations from 2D-feature points of face images are considered as 
optimization problems and solved using Differential-Evolution (DE) optimization. Various DE 
strategies using different optimization techniques are proposed and compared. Additionally, facial-
symmetry information is incorporated into the optimization algorithm to reduce its sensitivity to face 
images containing multiple poses and the Pearson product-moment correlation is added into the 
objective function to improve 3D depth-estimation accuracy. Furthermore, a model-integration 
method is proposed to improve estimation accuracy of the facial 3D structure when multiple non-
frontal face images are available. Experimental results using images obtained from the PRIMA head 
pose database and the Bosphorus database demonstrate the feasibility and efficiency of the proposed 
methods.   
Keywords 
Similarity Transform, 3D Face Reconstruction, Differential Evolution, Structure-from-motion 
1. INTRODUCTION 
Many practical 2D face-recognition systems have been developed over more than three decades of 
research. However, the algorithms associated with these systems are based on 2D images and assume 
that the images are clear, frontal, adequately illuminated, expressionless, and contain large, 
sufficiently-detailed facial regions. Under these controlled conditions, 2D face-recognition systems 
achieve reasonable performance levels [1, 2]. 
Increased security requirements have resulted in widespread installation of surveillance cameras 
ranging from small-scale, stand-alone applications in financial institutions and supermarkets to large-
scale, networked closed-circuit televisions (CCTV) used by law enforcement. Wide-angle cameras 
are normally installed in order to maximize the viewing area, making image acquisition under 
controlled conditions difficult. Query images of faces having arbitrary poses or with limited facial 
regions visible to distant cameras cause dramatic decreases in performance of 2D face-recognition 
systems. 
One way to improve face-recognition performance involving images displaying arbitrary poses is to 
use multiple training images containing different poses. However, images displaying different poses 
may not be available and using multiple faces will increase database size and the computational 
resources required for recognition. One method to potentially improve recognition performance in 
low-quality video data is to employ super-resolution algorithms prior to face recognition. 
Satisfactory performance requires images to meet certain data-constraint thresholds involving visual 
quality and face similarity, making these methods computationally burdensome. Therefore, 3D face 
models have been widely applied in facial-image processing techniques, including face recognition, 
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face tracking, and face animation due to their superior performance over 2D models with regard to 
variations in pose, illumination, and quality. 
Perceptions of 3D shapes can be expressed as depth, surface normal, surface gradient or surface 
slant. Depth represents the relative distance from the camera to the surface points or the relative 
surface height above the xy-plane. Currently, there are two mainstream approaches to creating 3D 
models of human faces. One approach uses specialized 3D-capture systems like 3D scanners to 
capture texture and depth, i.e., 3D shape. The high cost and speed limitations of 3D-sensing devices 
are the obvious shortcomings to acquiring sufficient and useful data. 
The second approach involves developing algorithms to reconstruct 3D face models based on 2D 
images, such as video sequences [3] or multiview photographs [4]. Algorithms used to reconstruct 
3D models of individual faces are important tools that can be used in surveillance and various 
multimedia applications. When 3D face models are constructed from low-quality data, critical issues 
to be considered are utilization of available information and design of efficient reconstruction 
algorithms. An efficient 3D reconstruction algorithm can greatly enhance the capabilities of existing 
2D or 3D face-recognition systems. In the past decade, many 3D-shape reconstruction algorithms 
have been proposed and can be classified into four groups: shape-from-shading (SFS) [5, 6, 7], the 
3D morphable model [8, 9, 10], structure-from-motion (SFM) [4,11,12], and learning [13,14]. 
By exploring the shading information in an image, e.g., the intensity and its derivatives, SFS deals 
with the recovery of shape based on reflectance models such as the Lambertian model, specular 
reflectance model, and hybrid model.  Although the SFS algorithm sequentially explores constraints 
including brightness, smoothness, and integrability, obtaining a correct solution is still an intractable 
problem [15]. 
A 3D morphable model is built from a set of 3D-point clouds of a head. The scans are first registered 
in a dense point-by-point correspondence using an optical-flow algorithm to reduce artifacts [9]. In 
these methods, statistical signal-processing techniques, such as principal component analysis, play an 
important role in obtaining feature subspace from shape and texture features of training samples. The 
feature subspace can be regarded as a generic 3D face model. 
SFM is a popular approach for recovery of 3D shape when multiple frames of an image sequence are 
available. The 3D information about a collection of discrete structures, such as lines, curves and 
points, is recovered from a 2D collection of similar structures, contrasting how 2D images are 
normally formed by projections from 3D images. Given a set of 2D feature points, SFM can estimate 
the 3D structure by inverting the effect of the projection process. Two well-known projection models 
are the perspective model and the orthographic model. Perspective projection is a more realistic 
model of the imaging process, whereas orthographic projection yields easy-to-solve models that are 
applicable in some simple cases. Orthographic projection is used primarily because it gives rise to 
mathematically-tractable equations and is a reasonable approximation for objects that subtend a 
small field of view and whose distances do not change dramatically. 
Much research has been conducted to determine the motion and structure of moving objects under 
orthographic projection. Ullman [16] proved that four-point correspondences over three views yield 
a unique solution to motion and structure. Tomasi [11] proved the rank-3 theorem, i.e., the rank of 
the observation matrix is three under an orthographic projection, and proposed a robust factorization 
algorithm to factor the observation matrix into a shape matrix and a camera-motion matrix using the 
singular-value decomposition technique. Xirouhakis and Delopoulus [17] extracted the motion and 
shape parameters of a rigid 3D object by computing rotation matrices via the eigenvalues and 
eigenvectors of appropriately defined 2×2 matrices, where the eigenvalues are the expression of four 
motion vectors in two successive transitions. Bregler [18] assumed a 3D object to be non-rigid and 
the observed shapes represented as linear combinations of a few basis shapes. Further, a Gaussian 
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prior is assumed for the shape coefficients and optimization is undertaken using the expectation-
maximization (EM) algorithm [19]. A similarity-transformation method (SM) is proposed to derive 
the 3D structure of a human face from multiview photographs [4]. The SM algorithm does not 
require any prior knowledge of camera calibration and has no limitations on possible poses or scale 
of facial images. Additionally, SM can be extended to face recognition to alleviate the effects of pose 
variations. Unfortunately, the genetic algorithm (GA) used to estimate the depth may impose a heavy 
computational burden. Similarly, GA optimization for use the chromosome design and gene-
regulatory simulations remain difficult problems.   
To reduce the computational cost of SM, Differential-Evolution (DE)-optimization methods are 
proposed to estimate the depth values of facial-feature points. In the DE method, both pose 
parameters and depth values of facial-feature points are considered as optimizable variables. 
Additionally, facial-symmetry information is further utilized to alleviate sensitivity to the training 
samples. Using our proposed algorithms, only one non-frontal- and one frontal-view face image is 
required to reconstruct the sparse 3D model.  
The CANDIDE 3D face model is a parameterized face mask specifically developed for the model-
based coding of human faces [20]. Over the past several decades, CANDIDE has been used in 
different face-related applications due to its simplicity and availability [4, 21]. The third version of 
CANDIDE, CANDIDE-3, is composed of 113 vertices and 168 triangular surfaces (Fig. 1), with 
each vertex represented by its 3D coordinates. 

 
Fig. 1. Candide-3 Parameterized Face Model. 

Similarly, the CANDIDE model is used in our approach as the initial face structure for 3D face 
reconstruction. To further improve the robustness of our algorithm, Pearson’s linear correlation 
coefficient is employed, which allows measurement of the correlation between the true value and the 
estimated value [23]. 
Since the CANDIDE model is generic, a real face should have a similar 3D facial structure compared 
to the model. To improve the accuracy and robustness of depth estimation, the linear correlation 
coefficient between the estimated depth values of the facial feature points and the corresponding 
depth values of the CANDIDE model is used as a regularization term in the objective function.  
Therefore, our algorithms use the CANDIDE model for initialization and to regularize the estimated 
results.  
Here, we present the results of utilizing DE optimization to estimate the depth values of important 
facial-image feature points by means of the similarity transform. Additionally, the symmetrical 
property of the human face is used as an optimization parameter to alleviate sensitivity to changes in 
pose. Furthermore, different optimization schemes are investigated with regard to accuracy and 
required training time. Moreover, use of the linear correlation between the estimated depth values 
and those of the CANDIDE-model feature points is explored as a regularization term in the objective 
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function as a method to improve depth-estimation accuracy for the face images. Finally, a model-
integration method is developed to further improve depth-estimation accuracy when multiple non-
frontal-view face images are available. Experimental results using images obtained from 2D and 3D 
databases demonstrate the feasibility and efficiency of the proposed methods. 
The remainder of the paper is organized as follows: in section II, we present our DE-optimization 
method, experimental results and related discussions are presented in section III, and concluding 
remarks are presented in section IV. 
 
2. RECONSTRUCTION OF 3D FACE USING DE OPTIMIZATION 
1.1 Differential Evolution 
Over the last two decades, research on global optimization has been very active [24,25,26] and many 
different deterministic and stochastic algorithms for continuous optimization have been developed. 
Among the stochastic approaches, evolutionary algorithms (EA) [27,28] offer a number of 
advantages that make them attractive, including implicit parallelism, robust and reliable 
performance, global search capability, no requirement for information about the problem being 
solved, easy implementation, insensitivity to noise, and no requirements for differentiable or 
continuous objective functions. DE, first introduced by Storn and Price [29], has recently been 
among the most successful EA, with limited control parameters, e.g., crossover rate (Cr), scale factor 
(F), and population size (NP). Unlike traditional EA, DE perturbs current population members with 
the scaled differences of randomly selected and distinct individuals [30], enhancing the exploratory 
ability of early iterations to benefit from widely-scattered elements throughout the search space. 
During optimization, individuals tend to concentrate in regions of the search space with the best 
fitness values [31]. 
With DE, new individuals that will be part of the next generation are created by combining members 
of the current population. Every individual acts as parent and is associated with a donor vector. In the 
basic version of DE, the donor vector, Vi, for the ith parent, Xi, is generated by combining three 
random and distinct population members, Xr1, Xr2, and  Xr3, as follows: 

 
where F (scale factor) is a real-valued parameter that strongly influences DE performance and 
typically lies in the interval [0.4, 1]. Other mutation strategies have been applied to DE, 
experimenting with different base vectors and different numbers of vectors for perturbation. 
Following mutation, every parent–donor pair generates an offspring, Oi, by means of crossover 
operations. The newly-generated offspring is evaluated and the fitness of both offspring and parent 
are compared. Those displaying the best fit survive to be part of the next generation. 
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Fig. 2. Numbered Feature-point positions in a frontal-view face image. 

1.2 DE Optimization-based 3D Face Reconstruction 
Shape features, represented by the (x, y)-coordinates of the facial-feature points, are used in our 
algorithm to estimate the corresponding depth values, i.e., the z-coordinates. These feature points are 
manually marked to avoid any potential marking errors. Assume that n feature points are marked on 
the face images shown in Fig.2. (Mxi, Myi, Mzi) represents the ith feature point of a frontal-view 3D 
face model, M, where (Mxi, Myi) are adopted from the frontal face and Mzi depth values to be 
estimated, initially substituted with the candide depths , and (qxi, qyi) represents the ith feature 
point of a non-frontal-view 2D face, q. The rotation matrix, R, for q is given as 

 
(1) 

 
where the pose parameters, Φ, Ψ, and θ, are the rotation angles around the x, y, and z axes, 
respectively. The rotation and translation process for mapping the fontal-view face image to the non-
frontal-view face image can be given by the similarity transform given in Eq. 2. 

 (2) 

 
where k is the scale factor and (tx, ty) represents the translations along the x and y axes. In matrix 
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 (3) 
 
where q is a 2xp matrix wherein each column represents the (x, y) coordinates, (qxi, qyi)T, of one 
feature point, M is a matrix wherein each column represents the (x, y, z) coordinates, (Mxi, Myi, 
Mzi)T, of one feature point, and t is a 2xp matrix wherein all columns are (tx , ty)T. 
In terms of the shape-alignment approach [4], the translation term, t, can be eliminated if both q and 
M are centered at the origin, i.e., 

 
 

 (4) 
 

where  is a 2xp matrix wherein each column is and  is a 3xp matrix 

wherein each column is .  
 
Let 

 (5) 
 
Eq. 4 can then be rewritten as 

 (6) 
 
If the estimated pose of the non-frontal-view face image q and corresponding depths fit the 
orthographic projection model then the distance between the 2D feature points, q, of the 2D face 
image concerned and the corresponding projection points, M, of the 3D face model can be given by  

 (7) 

Denoting , where as the parameter 
vector, including the pose parameters and the depth values of the feature points, the Eq. 7 can then be 
expressed as  

 (8) 
The parameters  Φ, Ψ, θ, k, and the depth values, Mz, can be obtained by minimizing the distance, d, 
in Eq. 9 using DE.  

 
(9) 

 
Therefore, to achieve optimal alignment and accurately estimate the depth of important features, DE 
optimization is employed to search for the optimal solution, i.e., the solution vector  representing 
the optimal pose and depths of important features. As described, DE optimization represents a 
simpler and more straightforward approach to this problem as compared to the GA used in [4] and 
other EA. Despite its simplicity, DE exhibits better performance and delivers an approximate 
solution in acceptable computational time. Also, the number of control parameters Crossover Rate 
(Cr), Scale Factor (F), and Population Members (NP) is small compared to GA.  
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1.3 Utilization of Facial Symmetry Information in DE Optimization 
From Eq. 2–9, it can be seen that only one non-frontal-view face image is used to reconstruct the 3D 
face model. However, when this image contains a large pose angle, reconstruction errors at those 
facial-feature points having large opposite rotation angles to the non-frontal-view face images are 
more prevalent than those seen on faces having identical rotation direction to the non-frontal-view 
face images. To alleviate this sensitivity, the symmetrical information from human faces is 
considered in DE optimization. 
Consider the example face image (Fig. 2), where feature points 10–15 can be regarded as the mirror 
images of points 1–6, with respect to the line, ab. Given this symmetry, the depth values of points 
10–15 should have similar values to points 1–6. In the proposed DE optimization, the depth values of 
the symmetrical points are assumed to be equal and are given in eq. 10. 

 (10) 

 
1.4 DE-Optimization Regularization Based on Pearson’s Linear Correlation Coefficient 
Let  represent depth values of the feature points from the CANDIDE 
model having the same position as the feature points displayed in Fig. 1. Therefore, MZC should be 
closely correlated to the corresponding values of the 3D face model. Thus, Pearson’s linear 
correlation coefficient, , of Mzc and the estimated depth values, Mz, can be used as a 
regularization term in the optimization process obtained by Eq.11. 

 
(11) 

 
Where and are the mean and standard deviation of , respectively, and  and 

represent the mean and standard deviation of , respectively. A higher absolute value of 
means that is closer . 

When the linear correlation is considered as a constraint in DE optimization, the objective function in 
Eq. 9 is scaled by the correlation coefficient. 

 
(12) 

 
From Eq. 11 and Eq. 12, it can be seen that both x and c(Mzc, Mz) contain the variable Mz. When 
c(Mzc, Mz) decreases, i.e., Mz is far from Mzc, the objective function, Eq. 12, becomes large, and vice 
versa. Therefore, c can be regarded as a regularization term to keep MZ close to MZC. Since there is 
generally little difference between 3D structures of different subjects, MZ should not be far from the 
true depth values if MZ is not far from Mzc. It should be pointed out that other efficient functions of c 
can be used as the regularization term. 
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1.5 DE-Optimization Methods 
The DE-optimization method for Eq. 9 can be carried out in two steps. First, the initial depth values 
are substituted with the CANDIDE depth values and the pose parameters are estimated by 

 
(13) 

 
Similarly, given the estimated pose parameters, the depth values can be estimated by 

 
(14) 

 
When the symmetrical information is added to the optimization procedure, Eq. 13 is converted into 
the following form using the example shown in Fig. 2: 

 (15) 

 
The iteration is repeated until either a predefined maximum number of iterations are reached or when 
the difference between two successive iterations is sufficiently small. Given a small positive real 
number,  if the condition  

 (16) 
   
is satisfied, then the iteration is terminated. The specific steps of the proposed scheme are given as 
follows. 
Step 1. Initial depth values, , are set according to the CANDIDE model. 
 2. Set the maximum number of iterations, Niter, or set the constant, . 
 3. Using the CANDIDE depth values as initial depth values, estimate the pose 

parameters by minimizing the objective function in Eq. 13 using DE. 
 4. Using the estimated pose parameters, estimate the depth values, , by 

minimizing the objective function in Eq. 14 using DE. The estimated depth 
values are then used as the initial depth values for Step 2. 

 5. Repeat Steps 3 and 4 until either the condition from Eq. 16 is satisfied or the 
iteration number exceeds the maximum iteration number, Niter. 

  
Considering the optimization scheme and the symmetrical information, two DE-based methods are 
proposed. To make the expression more convenient, their abbreviations are also given. 
DE2 Two-step optimization without considering the symmetry information 
DE2_S Two-step optimization considering the symmetry information 
 
 If the regularization term is added in the objective function, the abbreviations of the above two 
methods are denoted as DE2_R and DE2_SR, respectively. 
1.6 Model Integration for Multiple Non-frontal-view Face Images 
In our proposed depth estimation method only one non-frontal-view face image is sufficient to 
estimate the depth values,  using DE optimization. For cases when multiple non-frontal-
view face images are available, a model-integration method is proposed to further improve depth-
estimation accuracy (denoted as DE2_SR_MI) (Fig. 3).  The model integration method is explained 
by considering the DE2 optimization. Given the initial parameters and Mzc, depth estimation, 
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, is obtained for each non-frontal-view face image, qk, by first using DE2. The 
computed mean of the estimated depth values  given in eq. 17 is substituted with Zzc.  

    (17) 

 
For each of the models, the mean reconstruction error,   , of the ! th iteration is calculated for all 
testing face images. If   , the iteration is terminated.  

 
Fig. 3. Flow chart of the Model-Integration method. 

 
 
 

3. EXPERIMENTAL RESULTS AND DISCUSSION 
We evaluated the performance of the proposed methods using two databases. The first was the 
PRIMA head pose database [32], a standard 2D facial-image database used for evaluating 2D pose-
estimation algorithms and containing images in various poses. Although the true depth values of the 
feature points are not available, the pose-estimation accuracy can be well evaluated. From this 
database, 15 feature points at the positions shown in Fig. 2 were used and manually located to avoid 
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potential marking errors. The second database used was the Bosphorus database [33], containing 3D 
face images that include large sets of expressions, systematic pose variations, and different types of 
occlusions. One prominent advantage of this database is that both 2D and 3D facial-feature points are 
available. Therefore, an adequate experimental comparison using this database can be performed to 
evaluate any algorithm without considering the marking errors. Moreover, the estimated depth values 
can be compared to the true depth values from the database and each frontal-view face image has 24 
marked facial-feature points. As there are no corresponding points in the CANDIDE model for 
feature points 23 and 24, only feature points 1–22 were used in experiments. All simulations were 
conducted using MATLAB running on a personal computer with 2GB RAM. 
The parameters set for DE optimization initially were chosen based on those most commonly used 
and then refined during experimentation. Values chosen for control parameters and the different DE 
methods are listed in Table 1. 

Table 1.  DE Optimization Strategies. 
 Mutation: 

Cr=0.2 
F=0.4 
Population  
Size:  
step1:30 
step2:220 
 
Crossover: 
: Uniform 
 
Iterations: 
100 

DE2 - 
S1 DE/rand/1 

DE2 – 
S2 DE/Local-to-best/1 

DE2 – 
S3 DE/best/1 with jitter 

DE2 – 
S4 

DE/rand/1 with per-
vector-dither 

DE2 – 
S5 

DE/rand/1 with per-
generation-dither 

DE2 – 
S6 

DE/rand/1 either-or-
algorithm 

 
1.7 Experimental Results Using PRIMA Head Pose Database 
This database contains 2790 monocular face images from 15 people with variations in pan 
(horizontal) and tilt (vertical) angles ranging from -90 to +90 degrees (Fig. 4). A subset of the 
database is comprised of 65 images, 15 frontal and 40 non-frontal, consisting of head-pose variations 
with pan and tilt angles ranging from -45 to +45 degrees . 

 
Fig. 4. PRIMA head pose database sample images of one subject with variations in tilt and pan 

angles. 
Initial experiments were carried out on a subject displaying head-pose variations along the y and z 
axes (Fig. 5) to serve as an illustration of the described method. The pose parameters, Φ, Ψ, and θ, 
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were initially set to zero and the scale parameter, k, was set to 1 for the first iteration. The scaled 
depth values from the CANDIDE model were used as the initial values. The best estimated poses 
using DE2_SR are reported (Fig. 6) with the results indicating that the poses were estimated to a 
satisfactory level. 
 
 

     
Fig. 5. Five sample poses of person 5 from PRIMA head pose database displaying different pan 

and tilt angles. 
 

     
Fig. 6. Face images of person 5 from PRIMA head pose database displaying different pose 

angles and the pose estimation results from the adapted face model. 
 

     
PR_D PR_SD PR_SU PR_U YR_R10 

Fig. 7.  Face images of subject 1 from the Bosphorus database displaying different poses.
1.8 Experimental Results Using Bosphorus Database 
The first 30 subjects from the Bosphorus database were used in the experiments (Fig. 7). Note that 
images with unreported feature points cannot be used as training images, since the corresponding 
depth values cannot be estimated. As a result, only five non-frontal-view face images, PR_D, 
PR_SD, PR_SU, PR_U and YR_R10, were used to train the model in the experiments. We can obtain 
one set of depth values for the facial-feature points when each non-frontal-view face image is 
combined with its corresponding frontal-view face image for optimization. The correlation 
coefficients of the true depth values and the estimated depth values are given in Table 2.  
 
Our results indicate that DE-optimization methods have greater depth-estimation accuracy as 
compared to GA-based methods. DE optimization without the regularization term adequately 
estimated depth values when the non-frontal-view face image PR_D or YR_R10 was used as the 
training image (Table 2), indicating that selection of the non-frontal-view image in the optimization 
is very important. Furthermore, it is evident that the correlation coefficients obtained using DE 
optimization with the regularization term are larger than those obtained using DE optimization 
without the regularization term. These data demonstrate that depth-estimation performance improved  
when the regularization term was added to the fitness function.  Additionally, the mean values of the 
correlation coefficients obtained by DE2_SR are higher than those obtained by DE2, while the 
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standard deviations of DE2_SR are approximately half as large as those of DE2 and DE2_S. 
Therefore, the performance and robustness of these DE-optimization methods can be further 
improved when symmetrical information is embedded into the objective function. 
 
Results obtained using DE2_SR_MI to estimate depth values of facial-feature points indicate 
accurate estimation of those points as compared to the true depth values (Fig. 8). These data were 
obtained without utilizing information concerning the true depth values prior to optimization. The 
highest correlation coefficient obtained using DE2_SR_MI was 0.92, which is higher than the mean 
values and the best results obtained by other methods using only one non-frontal-view face image. 
Therefore, depth-estimation accuracy can be improved using the proposed model-integration method 
when more non-frontal-view face images are available.

 
Fig. 8. Normalized estimated- and true-depth values of facial-feature points of subject 1 from 
the Bosphorus database.    

 
Fig. 9. Comparison of the correlation coefficients, c(Mzb, Mzc), of depth values from the 

CANDIDE model and the correlation coefficients, c(M!" , M! ), of true- and estimated-depth 
values obtained by DE2-S1-SR-MI and DE2-S2-SR-MI using 

30 subjects from the Bosphorus database.
Correlation coefficients of the true- and estimated-depth values were obtained using the DE2-
S1_SR_MI and DE2-S2_SR_MI algorithms using 30 subjects from the Bosphorus database.  These 
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values were compared to those obtained using the CANDIDE model.  The results indicate that the 
accuracy of estimated depth values obtained through the use of DE-optimization methods exceeds 
that of the CANDIDE model. 
 
 Table 2. Correlation coefficients of the true depth values and the estimated depth values 
obtained with 

different training face images for GA and the various differential evolution methods. 
 PR_D PR_SD PR_SU PR_U YR_R10 Average ± Std 
GA 0.1962 0.2787 0.5568 0.7283 0.5128 0.4545±0.2159 

DE2-S1 0.8939 0.8315 0.5409 0.5258 0.8113 
0.7207 ± 
0.1737 

DE2-S2 0.9002 0.8268 0.5201 0.4115 0.8779 
0.7073 ± 
0.2253 

DE2-S3 0.9049 0.8148 0.4861 0.4614 0.8931 
0.7120 ± 
0.2204 

DE2-S4 0.8962 0.8325 0.6649 0.5320 0.8884 
0.7628 ± 
0.1591 

DE2-S5 0.9024 0.8509 0.5610 0.4739 0.7698 
0.7116 ± 
0.1859 

DE2-S6 0.9104 0.5392 0.6590 0.6211 0.8804 
0.7250 ± 
0.1688 

 Symmetric Face  

DE2_S-S1 0.8689 0.8108 0.5276 0.4218 0.8622 
0.6982 ± 
0.2086 

DE2_S-S2 0.8542 0.7974 0.6673 0.3721 0.8620 
0.7106 ± 
0.2046 

DE2_S-S3 0.8993 0.8158 0.6099 0.7599 0.8639 
0.7898 ± 
0.1133 

DE2_S-S4 0.8946 0.8153 0.6267 0.5958 0.8600 
0.7585 ± 
0.1377 

DE2_S-S5 0.8809 0.8186 0.7595 0.4516 0.8623 
0.7546 ± 
0.1757 

DE2_S-S6 0.7006 0.7580 0.5837 0.4342 0.8623 
0.6678 ± 
0.1648 

 Symmetric Face + Regularization  
DE2_SR-
S1 0.9283 0.8703 0.7151 0.7098 0.8425 

0.8132 ±  
0.09705 

DE2_SR-
S2 0.9048 0.8486 0.7307 0.7098 0.7098 

0.7807± 
0.09022 

DE2_SR-
S3 0.9005 0.8874 0.7217 0.7497 0.8609 

0.8240 ± 
0.08249 

DE2_SR-
S4 0.9106 0.8281 0.7098 0.7098 0.7455 

0.7807 ± 
0.08719 

DE2_SR-
S5 0.8915 0.8926 0.6394 0.7098 0.8252 

0.7917 ± 
0.11309 
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DE2_SR-
S6 0.9026 0.8540 0.7098 0.7098 0.8532 

0.8058 ± 
0.08996 

 
1.9 Experimental Comparison between DE and SFM Methods: 
Since the proposed method is a variation of an SFM algorithm, we compared DE depth-estimation 
results using the same face-image databases with rigid and non-rigid SFM algorithms, including the 
rank-3 factorization method (FAC_SMF) [19], the EM algorithm (EM_SMF) [21], trajectory space 
representation (TS_SMF) [22], and non-linear least squares (NLS)-based methods (NLS2, NLS2_S, 
NLS1, NLS1_S) utilizing symmetrical information without a regularization term. For the EM_SMF 
algorithm, a linear dynamical system is adopted to model deformations. The mean and standard 
deviations of the correlation coefficients for depth estimation using the different SFM methods and 
the CANDIDE model, for which depth values are initially chosen, are shown in Table 3. The results 
indicate that the depth estimation of DE2_SR_MI is comparable to that of EM_SMF and that it 
outperforms SM, cICA, and TS_SMF. 

Table 3. Mean and standard deviation of the correlation coefficients for depth-estimation 
results obtained using different SFM methods. 

 Mean (µ) Std 
(σ) 

DE2-S1_SR_MI 0.8451 0.0524 
DE2-S2_SR_MI 0.8483 0.0500 

SM 0.4545 0.2159 
NLS1 (without 
Regularization) 0.6399 0.2793 

cICA 0.8396 0.0631 
C(Mzb, Zc) 0.8375 0.0549 
FAC_SMF 0.9096 0.0327 
EM_SMF 0.8424 0.1658 
TS_SMF 0.6440 0.2384 

1.10 Discussion 
Here, we present depth-estimation results obtained using DE optimization based on similarity 
transform. There are six strategies and two crossover methods (binomial and exponential) [29]. In 
this work, we have tested depth estimation using DE based on six strategies with binomial crossover. 
The CANDIDE model is not only used in initialization, but also for regularizing the estimated results 
from our proposed algorithms. From the results shown in Table 2, it is evident that the correlation 
coefficients exhibit variations between strategies due to the random initialization of candidates. 
These data also reveal that the use of training samples, PR_SU and PR_U, resulted in decreased 
correlation as compared to the use of other training samples, indicating that DE optimization is 
sensitive to the sample being used for training. To alleviate this, facial-symmetry information is 
introduced, resulting in improved correlation coefficients. Furthermore, when model integration is 
incorporated, additional improvement in depth-value estimation is observed. The mean and standard 
deviation associated with various optimization methods are also reported in Table 2. The mean value 
is higher when using model integration, implying that model integration is an efficient strategy for 
improving the accuracy of depth estimation. These experimental results demonstrate the 
computational efficiency of DE-optimization strategies as compared to those using GA-based 
methods (Table 4).  
 
Table 4. Computation Time (s) comparison between DE-optimization and GA-based methods. 



 

412 

SM Proposed DE Optimization Schemes  
~50 ~10 

  
The depth-estimation methods proposed here provide a framework for utilizing available information 
describing facial characteristics and a generic 3D face model. Furthermore, additional information 
can be explored and utilized in the proposed model to further improve depth-estimation accuracy. 
The proposed algorithm is an SFM method that is specially designed for the depth-value estimation 
of important facial features. 
 
4. CONCLUSION 
In this paper, DE optimization methods are proposed to estimate the 3D shape and pose of facial 
images. A two-step optimization method, utilizing facial-symmetric information and a regularization 
term, is proposed. The experimental results verify that the proposed optimization method can 
improve the accuracy of 3D structure estimation. Compared to both the GA-based SM method and 
the cICA method, the proposed methods have comparable reconstruction accuracy with decreased 
training times. The results presented here demonstrate the feasibility and efficiency of the proposed 
methods. In future work, we will continue to improve the model-integration method. 
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