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Pose problem presents a challenge to face recognition methods because the shapes 

and features of the human face with large pose angle often appear quite different from the 
template. One approach to overcome this problem involves the estimation of the angle to 
which the face is rotated and then matches it to templates with the same pose. Another ap-
proach involves aligning the key facial features of the tested face to those of the template 
face before matching. However, these approaches can only achieve a moderate recognition 
rate, when the strict requirement of a low false alarm rate must be met. To accommodate 
the pose problem, this study integrates two-dimensional morphing with pose estimation. 
Two-dimensional morphing transforms various poses of a face image into a frontal view, 
thereby eliminating the center bias and pose variations and increasing the tolerance for 
pose estimation error. Experimental results show that two-dimensional morphing can sig-
nificantly improve the performance of face recognition when dealing with severe pose 
variations. Combined with the pose estimation techniques, this integrated approach is ca-
pable of achieving very high recognition accuracy when the horizontal orientation is with-
in ±45° and the vertical orientation is within ±30°. It also provides acceptably good per-
formance with a horizontal orientation up to ±75° and vertical orientation up to ±60°. 
 
Keywords: face recognition, pose estimation, mirror transform, horizontal morphing, ver-
tical morphing, pose normalization 

1. INTRODUCTION 

The development of an automatic, high-performance, real-time face recognition 
approach is a key issue in intelligent surveillance systems. Many current applications, 
such as access control or customized advertisements, are based on accurate face 
recognition [1]. Because face images are not necessarily captured in the frontal view in 
most real scenarios, applications must be able to recognize faces when presented with 
diverse pose variations. Common face recognition software, such as Pisca [2] and Face 
Match [3], still find it challenging to identify people when the variation in pose is greater 
than the variation among people.  

To manage the problem of pose variation, researchers have proposed pose estimation 
approaches [4-6]. Template faces comprising all horizontal and vertical viewing directions 
are collected. Once the pose of the tested face has been estimated, templates with the same 
pose are selected and the tested face is identified with the template posessing the greatest 
similarity [7]. Since it is difficult to estimate a facial pose with a high degree of accuracy 
[8] and the tested face and template may differ considerably, due to even a slight deviation 
in pose estimation, high-performance recognition cannot be guaranteed.  

To acquire more accurate pose estimations, 3D facial modeling approaches [9-11] 
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have been developed. If a large number of cameras are deployed and a heavy computation 
load is acceptable, 3D face scans can be collected. A set of parameters are estimated for 
shape and texture to fit a morphable model to a tested face. In [9], the Mahalanobis 
distance between the estimated parameters of the tested face and those of the template 
faces are calculated. Finally, the tested face is identified as the template with the minimum 
Mahalanobis distance. Because the 3D facial modeling approaches require multiple 
carefully placed cameras and incur heavy computation loads, they are difficult to 
implement in a real-time face recognition system.  

If the facial features can be precisely located, pose normalization approaches [12-15] 
can be employed for face recognition. A number of techniques, such as SIFT (Scale 
Invariant Feature Transform) [16], ASM (Active Shape Model) [17], and AAM (Active 
Appearance Model) [18] have been proposed to locate facial features that support the pose 
normalization approaches. In [12-13], researchers calculated a transformation matrix by 
finding the points of correspondence between a non-frontal tested face and a frontal 
template face. After transforming the positions of all pixels on the tested face image using 
the computed matrix, a virtual frontal view face is generated from the tested face. 
Regarding the selection of corresponding points on face images, [12] selects the centers of 
both eyes, the top vertex of the brow, the left and right visor boundaries, and the bottom 
of the jaw. In [13], the centers of the eyes, the mouth, and the facial axis of symmetry are 
utilized. The transformation matrix calculation only requires 4 pairs of corresponding 
points. If the error of any one pair of these points is large, the error associated with the 
transformation matrix increases dramatically, and a great number of pixels on the tested 
face are transformed to wrong positions.  

Various methods have been proposed [16-18] to identify additional pairs of 
corresponding points and calculate them more accurately. When more than 4 pairs of 
corresponding points are acquired, a frontal image can be synthesized using texture 
warping [14-15]. The synthesized image is clearer and more suitable for matching than the 
virtual frontal face generated by the transformation matrix. In [14], 62 landmark points 
were found manually; in [15], 72 landmark points were discovered through AAM. Based 
on the correspondences between the feature points on the tested and template faces, the 
corresponding pixels on the template faces for all the pixels on the tested faces can be 
found. After all of the pixels on the tested faces are morphed to their corresponding 
positions on the template faces, the variation in rotation angle, (the so-called pose 
parameter), is set to zero.  

The disadvantages of the pose normalization methods are two-fold. First, the 
transformation error increases with an increase in the pose difference between the tested 
face and the template. Because the pose angle of the template face is generally zero, the 
larger the rotation angle of the tested face, the poorer the recognition rate becomes. 
Second, pose normalization adjusts distinguishing features such as the distance between 
two eyes and the size of mouth on the tested face to make them similar to those of the 
template. Hence, the difference between different subjects is reduced, making it more 
difficult to distinguish the identity.  

In our previous paper [19], we proposed a horizontal and vertical mirror morphing 
scheme to alleviate the problem of poses in face recognition. The two-dimensional mirror 
morphing scheme normalizes the poses of the template face and the tested face into a 
typical frontal view. In this scheme, the correspondence is derived from the tested face 
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and its mirror image, rather than the tested face and the template face. Thus, the 
distinguishable features of the tested face can be maintained and higher recognition rate 
than previous pose normalization methods can be anticipated. However, the recognition 
accuracy of the scheme still drops as the rotation angle increases. In addition, the vertical 
morphing technique requires two cameras, placed at the top and bottom positions. If only 
a single camera is used, the vertical morphing procedure proposed in [19] cannot be 
performed.  

In this paper, we propose a framework combining pose estimation and 
two-dimensional mirror morphing techniques. The main contributions of this work consist 
of the following: 
1) Providing high accuracy in most orientations: The original morphing technique in [19] 

provides 80% accuracy in the range of horizontal angle θhor∈[-30°, 30°] and vertical 
angle θver∈ [-15°, 15°]. In this work, the morphing technique is combined with a gen-
eral pose estimation method. Benefit from the combination, the accuracy will not drop 
as dramatically as the previous pose normalization methods. The successful recognition 
range can be greatly increased to a horizontal angle of θhor∈[-90°, 90°] and vertical an-
gle of θver∈[-60°, 60°].  

2) Designing a single-camera vertical mirror morphing strategy: If only single camera data 
can be captured, the tested face is morphed with a template face with the opposite angle 
for each identity. The single-camera vertical mirror morphing strategy synthesizes the 
tested face with each selected template, allowing the application of two-dimensional 
mirror morphing in a single-camera scenario. 

3) Finding a camera placement rule for a single camera scenario: In this work, we tested 
the face recognition algorithms on data captured from a large number of camera posi-
tions. According to our results, if only one camera is available, placement at the bottom, 
rather than at the top, is recommended. 

Figure 1 presents a flowchart of the proposed system. When an image containing at 
least one human face is input to the system, a bounding box enclosing the face is detected. 
Next, pose parameters, including the locations of the facial features and the rotation angle 
of the face, are estimated. Facial feature location provides essential information for sub-
sequent two-dimensional mirror morphing. The rotation angle serves as a reference for the 
selection of the most suitable template face image. Finally, the tested face image is 
matched against the template face image with the same pose. Because both the template 
and the tested face poses are normalized horizontally and vertically, the center bias and 
the estimated error in pose are eliminated, thereby achieving a higher recognition rate.  

 
Fig. 1. Flowchart of the proposed system 

 
In the remainder of the paper, Section 2 introduces the face detection and pose esti-

mation techniques of the proposed system. Mirror morphing (the core function of the sys-
tem) and the template matching method are described in Section 3. Experimental results 
are provided in Section 4 and conclusions are drawn in Section 5.  
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2. FACE DETECTION AND POSE ESTIMATION 

This section describes the face detection and pose estimation steps implemented in the 
proposed system. In Section 2.1, face detection is used to segment a region of the face. In 
Section 2.2, the key facial features are extracted first, and then the horizontal and vertical 
pose angles of the detected face are estimated based on the geometric relationships among 
the facial features.  
  
2.1 Face Detection 
 

Because locating the region of the face in an input image is essential to the effec-
tiveness of face recognition applications, face detection has been the object of considera-
ble research. Face detection methods can be divided into three types: 1) feature-based, 2) 
classifier-based, and 3) skin-color-based [20]. In feature-based methods, distinct facial 
features, such as eyes, nose, and mouth, are detected separately and the face boundary is 
outlined by an ellipse. The ellipse containing the facial features is considered the detected 
face [21-22]. In classifier-based methods, a large number of face and non-face patches are 
collected to train a classifier, such as Adaboost [23] or support vector machine [24]. When 
a patch is input, the classifier determines whether it belongs to a face or not. In 
skin-color-based methods [25-27], a specific color or grayscale range for skin color is 
trained in advance. The input image is divided into several regions. A region whose pixel 
colors correspond most accurately to the color range is considered a face.  

The skin-color-based method [27] and our previously proposed PN (positive and 
negative) model method in [19] are implemented in the proposed system for face detection. 
The skin-color-based approach is easily implemented, efficient in computation, and robust 
with regard to pose variations. When used in tandem with the PN model method, the loca-
tion of facial features can be approximated, and the locations are taken as the initial set-
ting of the pose estimation step. Figure 2 shows an input image (a), and a binary image (b). 
The white pixels represent the pixels associated with skin. The red rectangle shows the 
detected region which is considered a face. 

(a)  (b)  
Fig. 2. (a) Image containing a face; (b) binary image representing the pixels that belong to the skin 
color range; the red rectangle represents the detected face. 
 

In the detection of skin color, the first step involves selecting an appropriate color 
space. We employed the YCbCr color space because it is a perceptually uniform color 
space and with a separation of luminance and chrominance. In [27], skin color was con-
sidered irrelevant to luminance, and a fixed range of CbCr values were pre-trained to rep-
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resent skin color. Figure 3(a) shows a face image and its binary skin map (skin(x,y), 
0< x≤width of the image, 0< y≤ height of the image). A bounding box enclosing most 
of the skin pixels is drawn in yellow. The left, right, top, and bottom of the bounding box 
are denoted as (xleft, xright, ytop, ybot). For most of the face images with a simple background 
under controlled luminance conditions, the bounding boxes can be correctly acquired ac-
cording to the pre-trained range of CbCr values. 

 
(a)                             (b)                           (c) 

Fig. 3. Face detection procedure: (a) original face image, its binary skin map and the skin bounding 
box; (b) PN model set covering various horizontal and vertical poses; (c) fitting procedure to find 
the best PN model fit 
 

To decrease computational load, we search the region of the face within the skin 
bounding box rather than the entire image. A set of PN models were manually pre-trained 
at various rotation angles, as shown in Fig. 3(b). For each rotation angle, the PN model 
comprised a positive model (painted blue) and a negative model (painted red). The posi-
tive model was used to record the average probability of being skin pixels on the cheek, 
brow, nose, and jaw for all training images. The negative model records the average 
probability of being non-skin pixels on the eyes, mouth, and background for all training 
images. In Fig. 3(b), the deeper blues and reds represent a higher probability of skin and 
non-skin pixels individually. In the negative model with large pose angles ((θver, θhor) = 
(60°,60°), (-60°,60°), (60°,-60°), or (-60°,-60°) ), non-facial corner regions are defined. If 
the large pose model is correctly located, the corner region should contain exclusively 
background pixels. Each PN model is automatically scanned and checked in the skin 
bounding box from left to right and from top to bottom at intervals of 10 pixels, as shown 
in Fig. 3(c). If an appropriate PN model is selected and located in an appropriate checking 
position, the number of skin pixels in the positive model should be large and the number 
of skin pixels in the negative model should be small. Equation (1) defines the PN score to 
evaluate the fitness of each PN model with the pose angle (θver, θhor) in each checking po-
sition (x,y), where xleft≤ x≤ xright, ytop≤ y≤ ybot. P(i,j, θver, θhor) and N(i,j, θver, θhor) are the 
positive and negative models whose left-top position is (i,j) and rotation angle is (θver, θhor). 
The total probabilities in the positive and the negative models are denoted as sumP and 
sumN, respectively. The weight and height of the PN model are denoted as w and h. 
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After all of the possible locations within the skin bounding box have been checked, 
the model is converged at the location where the PN score is the highest. Each PN model 
is scanned to find its converged position and the converged model with the highest PN 
model score is selected as the detected region of the face.  
 
2.2 Pose Estimation 
 

For the accurate recognition of faces, the key points of facial features and the rotation 
angle of the face should be computed, as shown in Fig. 4. In Fig. 4(a), the key points of 
the eyes, nose, mouth, and contours, which are designated by the red points and connected 
by the yellow lines, comprise the shape of the input face. The shape is described by the 
collection of all key point coordinates. This coordinate set is generally termed the shape 
vector sv = [(x1, y1), …(xN, yN)], where N is the number of key points. Fig. 4(b) shows a 
semantic figure of the face. The face pose can be characterized by pitch, roll, and yaw 
rotation angles. Because the roll rotation is a pure 2D transformation, the face is easily 
recovered. Therefore, only the pitch and yaw rotations are considered in this work. If the 
face looking at the camera is taken as (θpitch, θyaw) = (0°, 0°), the pitch and yaw rotations 
can be seen as the vertical and horizontal rotations, respectively (i.e., θver = θpitch, 
θhor=θyaw).  

(a)  (b)  
Fig. 4. Estimated face pose parameters: (a) key points of facial features, (b) rotation angles (θver, θhor) 
of the face 

 
In the previous subsection, the PN model was able to identify the region of the face 

and approximate the location of the facial features in images. While the approximate loca-
tions of the detected facial features are not sufficiently accurate to support pose estimation 
and two-dimensional morphing, they can serve as a good initial setting for a number of 
key feature extraction methods, e.g. ASM [17] and AAM [18]. Because ASM is generally 
robust and more computationally efficient than AAM, the ASM algorithm [17] is imple-
mented in the proposed system to improve the precision of facial feature extraction under 
the PN model.  

ASM comprises two phases: an off-line training phase and an on-line execution 
phase. In the off-line phase, several sets of training images are prepared to generate con-
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trol parameters for governing on-line phase operations. Each set of training images con-
tains several face images covering a specific range of orientation. In each training image, 
a number of key points, such as corners, mid points of the eye, nose, mouth, and contour 
boundaries are marked manually. The coordinates of all key points are collected as a 
shape vector. Each set of training images generates a set of shape vectors and computes a 
mean shape vector. The principal eigenvectors of these shape vectors are calculated to 
form a geometric variation matrix. The matrix controls the deformation of the mean shape 
vector by providing the weight for each principal eigenvector. The weights of the eigen-
vectors vary according to deformation and are constrained to maintain the deformation of 
shape within a suitable limit. 

In the on-line phase, ASM automatically deforms the mean shape vector of the se-
lected set of training images to iteratively search for the corresponding key points in the 
tested image, as shown in the following formula:  

1n n ASMsv sv MV wv−= + ×                                                 (2) 

where svn is the estimated shape vector of the tested face in the nth iteration; MV is the 
geometric variation matrix; and wvASM collects all of the weighted values. The initial shape 
vector sv0 can be represented by the center position and orientation of the initial shape 
vector. The center position and orientation of the selected PN model in Section 2.1 are 
considered the initial shape vector. Based on the initial shape vector, a training image set 
is selected and the geometric variation matrix MV is determined according to the selected 
training image set. Each key point on svn will move toward the closest edge in the tested 
image in accordance with the gradient search algorithm. The movement is constrained by 
the geometric variation matrix MV and the weighting vector wvASM. Thus, the shape ex-
tracted by ASM from the tested face image is constrained to a shape similar to that of the 
template. When the ASM searching process converges, the key points in the tested image 
can be located and the centers of the key facial features, such as left eye (xleye,yleye), right 
eye (xreye, yreye), nose tip (xnose, ynose), and mouth (xmouth, ymouth) can be computed, which are 
shown as the white points in Fig. 5.  

After facial features of sufficient accuracy are located by ASM, the horizontal and 
vertical angles (θhor,θver) of the face can be estimated. The geometric pose estimation 
method [28-29], which utilizes configuration adaptation among facial features under var-
ious rotation angles, is intuitive, easily implemented, and sufficiently accurate, as long as 
facial features can be precisely located [8]. A geometric method similar to [29] is imple-
mented in the proposed system to estimate the horizontal and vertical angles.  

Figure 5 illustrates two factors: in Fig. 5(a), the distance on y-axis (the cyan line) 
between the center of the eyes and the tip of the nose becomes smaller and the distance on 
y-axis (the pink line) between the tip of the nose and the center of the mouth becomes 
larger along with the increment of the vertical pose angle from -60° to 60°. Therefore, a 
vertical pose ratio is calculated as shown in Eq. (3). Similarly, in Fig. 5(b), the distance on 
x-axis (the red line) between the nose tip and the center of two eyes becomes larger along 
with the increment of the horizontal pose angle from 0° to 90° and the decrement of hori-
zontal pose angle from 0° o -90°. If the pose angle is positive, the x-coordinate of the nose 
tip is at the left side of the x-coordinate of the eye center; otherwise, if the pose angle is 
negative, the x-coordinate of the nose tip is at the right side of the x-coordinate of the eye 
center. Moreover, when the horizontal pose angle increases from 0° to 90° or decreases 
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from 0° to -90°, the distance on x-axis (the yellow line) between two eyes becomes small-
er. Therefore, a horizontal pose ratio is defined as shown in Eq. (4). A set of training tem-
plates with known horizontal and vertical pose angles are collected. The centers of the key 
facial features in these training templates are manually located and the ratios are computed 
and recorded. In the on-line phase, the facial features on a tested face are located using 
ASM. Next, the centers of the key facial features and the two ratios are computed auto-
matically. The training template which has closest ratios to the ratios of the tested face is 
selected, and the horizontal and vertical angles of the template are considered those of the 
tested face. The pose estimation process involves the manual labeling of facial features in 
the off-line training phase, but it is fully automatic in the on-line execution phase. 

(a)  

(b)  
Fig. 5. (a) Changes in key facial feature when the face rotates vertically, and (b) horizontally 
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When the pose angle is very large, for example, if the absolute value of the vertical or 
horizontal pose angle is larger than 60°, a number of facial features may disappear. Hence, 
it becomes more difficult to detect the facial features and estimate the face pose. In this 
work, we define a PN model set and an ASM set to detect the facial features. Each PN 
model and ASM set cover a specific orientation range, for example, 30°≤θver≤60° and 
60°≤θhor≤90°. PN models with large pose angles are quite different from PN models with 
small pose angles, and a non-facial corner region is defined for the PN models with large 
pose angles. Hence, compared to a small pose PN model, a large pose PN model is more 
likely to find a match to a face with a large pose angle. When an appropriate PN model is 
selected, the model in the checking position that is closest to the key facial features of the 
tested face will produce a high PN model score. Therefore, the facial features of the best 
fitting PN model do not seriously deviate from the correct facial features and a good ini-
tial setting, including the center position and the orientation range, can be acquired for 
ASM. Furthermore, the flexibility and robustness of ASM allow the adaption to varying 
shapes and geometric deformations; therefore, facial features can be extracted more accu-
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rately using ASM. After the facial features are extracted by ASM, the horizontal and ver-
tical pose ratios are computed, as given in Eqs. (3) and (4). When the absolute value of a 
pose angle is very large, either an extremely large or extremely small ratio will be the re-
sult and the pose is easily estimated from these extreme values. Therefore, even under 
large pose angle conditions, the facial pose can still be effectively estimated. 

3. TWO-DIMENSIONAL MORPHING AND TEMPLATE MATCHING 

This section describes our two-dimensional (horizontal and vertical) morphing tech-
nique, which is capable of transforming face images from a non-frontal view into a nor-
malized frontal view. The horizontal and vertical morphing processes are introduced in 
Section 3.1 and Section 3.2, respectively. The vertical morphing in Section 3.2 requires 
two cameras located at the top and bottom. Section 3.3 provides an alternative strategy, if 
only a single camera is available. Template matching is introduced in Section 3.4. 
 
3.1 Horizontal Morphing 
 

The horizontal morphing process comprises four major steps: mirror transformation, 
establishing correspondence for key feature points, establishing correspondence for all 
pixels, and pixel prewarping. In the first step, the opposite view of the detected face F1 on 
an input image is acquired to recover the hidden side. Because human faces are horizon-
tally symmetric, a mirror transformation is used to produce the opposite view image (F2) 
of the tested face (F1). For each pixel on F1 and F2, the mirror transformation can be cal-
culated using Eq. (5). The intensity value of the pixel (x1, y1) in F1 is identical to the inten-
sity value of the pixel (x2, y2) (=(wid(F1)-x1, y1)) in F2, where wid (F1) represents the width 
of the detected region of the face F1: 

),(F),)F((F),(F 11
1

11
12

22
1 yxyxwidyx =−=     (5) 

In the second step, the correspondence between the key feature points (x1
1, y1

1), …, 
(x1

N, y1
N) extracted by ASM on the input face (F1) and the key points (x2

1, y2
1), …, (x2

N, 
y2

N) on the mirror image (F2) is established. If the key points on F1 are constructed as hor-
izontally symmetric, a correspondence function cor describing the relationship between 
key point index m and its corresponding key point index cor(m), can be established 
through Eq. (6). A bi-directional arrow (↔ ) represents the point correspondence rela-
tionship in F1. For example, the center of right eye on F1 corresponds to (↔ ) the center 
of left eye on F1.  

),, 1
)(

1
)(

11
mcormcormm yxyx ()( ↔  (6) 

Because F2 is produced from F1 through mirror transformation, the key point 
(x1

cor(m), y1
cor(m)) in F1 is transformed to the key point (x2

cor(m), y2
cor(m)) in F2. Hence, the 

key point (x1
m, y1

m) in F1 will have a correspondence relationship to the key point (x2
cor(m), 

y2
cor(m)) in F2, as shown in Eq. (7), where pixel (x2

cor(m), y2
cor(m)) is in the location 

(wid(F1)-x1
cor(m), y1

cor(m)). 
1 1 2 2

( ) ( ), ,m m cor m cor mx y x y↔( ) ( )  (7) 
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In the third step, the Beier-Neely’s Field algorithm [30] is utilized to extend the cor-
respondence relationship from these key points to all pixels. For the pixel (x1

i, y1
i), which 

is in F1 but is not one of the key points, the projection points and the distances of (x1
i, y1

i) 
to the line segment that passes through coordinates (x1

m, y1
m) and (x1

n, y1
n) can be acquired 

using Eqs. (8) and (9). The correspondence pixel (x2
cor(i), y2

cor(i)) in F2 should be the same 
distance away from the corresponding line segment that passes through the coordinates 
(x2

cor(m), y2
cor(m)) (= (wid(F1)- x1

cor(m), y1
cor(m))) and (x2

cor(n), y2
cor(n)) (= (wid(F1)-x1

cor(n), y1
cor(n)) 

on F2. The corresponding pixel (x2
cor(i), y2

cor(i)) in F2 can then be computed using Eqs. (10) 
and (11). When multiple pairs of line segments are considered, the weight of each line 
segment is determined according to the distance from (x1

i, y1
i) to the line segment {(x1

m, 
y1

m), (x1
n, y1

n)}. The closer the pixel to the line segment, the higher the weight is.       
       

2 2

( )( ) ( )( )

( ) ( )

1 1 1 1 1 1 1 1
i m n m i m n m

i 1 1 1 1
n m n m

x - x x - x y - y y - y
u

x - x y - y

+
=

+
 (8) 

2 2

( )( ) ( )( )

( ) ( )

1 1 1 1 1 1 1 1
i m n m i m m n

i 1 1 1 1
n m n m

x - x y - y y - y x - x
v

x - x y - y

+
=

+
 (9) 

2 2

( - )
( - )

( - ) ( - )

2 2
i cor( n ) (m)2 2 2 2

cor(i) cor(m) i cor( n ) cor(m) 2 2 2 2
cor( n ) cor(m) cor( n ) cor(m)

v y y
x x u x x

x x y y
⋅

= + ⋅ +
+

 
(10) 

22 )-()-(

)-(
)-( 2

cor(m)
2
cor(n)

2
cor(m)

2
cor(n)

2
cor(m)

2
cor(n)i2

cor(m)
2
cor(n)i

2
cor(m)

2
cor(i) yyxx

xxv
yyuyy

+

⋅
+⋅+=

 
(11) 

After the correspondence relationships for all pixels in F1 and F2 are known, the two 
face images can be transformed (prewarped) to the same coordinate basis in the fourth 
step. The new locations of each pair of corresponding pixels are generated by a weighted 
combination controlled by a parameter (λ), as given in Eq. (12). The intensity value of 
each pixel is interpolated using the corresponding pixel in F1 and F2 using Eq. (13). When 
the parameter is set at 0.5, the center of the generated face is located precisely on the cen-
ter line of the synthesized image (F), and the pose of the face is normalized as frontal.  

, , , 11 1 2 2
i i i i cor(i) cor(i)x y x y x yλ λ= × + × −( ) ( ) ( ) ( )  (12) 

1 2F , F , F , 11 1 2 2
i i i i cor(i) cor(i)x y x y x yλ λ= × + × −( ) ( ) ( ) ( ) (13) 

Figure 6(a) shows a non-frontal tested face with only the pixels inside the facial con-
tours remaining, and Fig. 6(b) shows its mirror image. The horizontally morphed result of 
these two faces is shown in Fig. 6(c). Figure 6(d) shows a template image that is morphed 
in the same manner. The template serves as the matching reference for face recognition. 
By utilizing symmetry, the horizontal morphing process guarantees that the horizontal 
orientation of the synthesized faces will be precisely the same as the template in horizon-
tal frontal view, and normalizes the poses of the synthesized faces with respect to the cen-
terline. However, the vertical orientation of the tested face and the template face are dif-
ferent. Therefore, the synthesized tested image and the synthesized template in Figs. 6(c) 
and 6(d) are still not sufficiently similar.  
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(a)                    (b)                     (c)                      (d) 

Fig. 6. Synthesized face images involved in horizontal morphing 
 
3.2 Vertical Morphing in a Two-camera Scenario 
 

Since faces can be rotated horizontally and vertically, vertical morphing is also re-
quired to achieve vertical pose normalization. Because human faces do not exhibit vertical 
symmetry, mirror transformations cannot be used to produce a second source image from 
the first source image. Hence, this study examines two different procedures: a two-camera 
scenario and a single-camera scenario. The single-camera procedure is discussed in Sec-
tion 3.3. In the two-camera scenario, two cameras take pictures simultaneously from top 
and bottom viewpoints. The two face images are both normalized horizontally and then 
subjected to vertical morphing to generate a face that approximates a real frontal face. 

Vertical morphing follows steps similar to those used in horizontal morphing, in-
cluding establishing correspondence for key points, establishing correspondence for all 
pixels, and pixel prewarping ─ only mirror transformation is omitted. First, ASM locates 
the facial features on the two faces captured from the top and bottom cameras (Ftop and 
Fbot). Next, according to the ASM results, the corresponding pairs between the key points 
on Ftop and Fbot are established and the morphed face can be synthesized from Ftop and Fbot. 
However, parameter λ in Eqs. (12) and (13) must be calculated by pose estimation, and 
the result is not always a fixed value of 0.5, as it is in the case of horizontal morphing. 
Because the vertical rotation angles (θtop

ver and θbot
ver) of Ftop and Fbot have been estimated 

in the pose estimation step, interpolation parameter λ is calculated as shown in Eq. (14). 

bot
ver

top bot
ver ver

| sin( ) |
| sin( ) | | sin( ) |

θλ
θ θ

=
+

                        

 

(14) 

The horizontal and vertical morphing procedure in a two-camera scenario is provided 
in List 1. We call it the HVM (Horizontal and Vertical Morphing) algorithm. The input 
comprises two face images (Ftop, Fbot) taken from the top and bottom cameras, with the 
estimated vertical angles (θtop

ver, θbot
ver) and the shape vectors (svtop, svbot) of the two faces 

extracted using ASM. The algorithm generates two horizontal pose normalized faces 
(hpntop, hpnbot) and one horizontal and vertical pose normalized face (hvpn). Horizontal 
morphing is then performed on the top and bottom faces. The morphed top and bottom 
faces, together with their shape vectors become the input of the vertical morphing process 
to acquire the horizontal and vertical pose normalized face.  
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List 1. Horizontal and vertical morphing (HVM) algorithm 

 
Figure 7(a), which displays the same image as Fig. 6(c), shows a simulated face cap-

tured from the bottom camera that is pose-normalized through horizontal morphing. Fig-
ure 7(b) shows another horizontally morphed result of the same person captured with the 
top camera. The vertical morphing process synthesizes Figs. 7(a) and 7(b) and shows the 
result in Fig. 7(c). Figure 7(d) shows the template image used to match the tested image. 
Comparing Fig. 7(c) with Fig. 7(d), we see that most of the facial features in the tested 
image, including the eyes, nose, and mouth, are located at approximately the same places 
as the ones in the template image, although the boundary of the facial features may appear 
somewhat blurred. Because pose error and position bias factors are much more sensitive 
than the blurring phenomenon in template matching, this indicates that our 
two-dimensional morphing (HVM) technique is capable of making a significant contribu-
tion to the field of face recognition.  

 
         (a)                 (b)                   (c)                  (d) 

Fig. 7. Synthesized face images produced by horizontal and vertical morphing 

3.3 Vertical Morphing in a Single-camera Scenario 
 

Because HVM requires two cameras, it is not suitable if only one camera is available. 
In a single-camera scenario, the opposite view of the tested face cannot be captured. 
Hence, a template stored in the dataset showing the opposite view of the tested face is 
selected. The vertical morphing procedure can then be applied to the tested face and the 
selected template face. This technique is termed the HVTM (Horizontal and Vertical 
Template Morphing) algorithm. 

If N people are to be identified, for each subject (Si, 1≤ i≤N), a set of template im-
ages TempSet = {Ti(θh

ver, θk
hor) | -90°≤ θh

ver≤ 90°, -60°≤ θk
hor≤ 60°} with different hori-

zontal and vertical poses should be prepared. If the rotation angle of the input tested face 
is (θh

ver, θk
hor), a template with an opposite rotation angle (-θh

ver, θk
hor) is selected. Both the 

tested face and the selected template face are horizontally morphed, followed by vertical 

Algorithm: horizontal and vertical morphing in a two-camera scenario 
Input: Ftop, Fbot, θtop

ver, θbot
ver, svtop, svbot 

Output: hpntop, hpnbot, hvpn 
Step1: hpntop = HorizontalMorph(Ftop, svtop) 
Step2: hpnbot = HorizontalMorph (Fbot, svbot) 
Step3: hvpn = VerticalMorph(hpntop, hpnbot, |))sin(||)sin(/(||)sin(| bot

ver
top
ver

bot
ver θ+θθ , svtop, svbot) 
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morphing. Because the vertical angle sum of the tested face and the selected template face 
should generally be zero, interpolation parameter λ is usually set at 0.5. Occasionally, a 
template face with a different vertical rotation angle can also be selected. In that case, 
interpolation parameter λ will be set according to the vertical angles of the tested face and 
the template face, as shown in Eq. (14).  

List 2 shows the algorithm used for the single-camera HVTM scenario. The input 
contains only one face image (F1), as well as the estimated angle of the face (θh

ver, θk
hor), 

its shape vector (sv1), and the selected horizontally morphed templates 
(HorizontalMorph(Ti(-θh

ver, θk
hor), ,

iT
h ksv )). The output produces a horizontally morphed 

face (hpn1) and several horizontally and vertically morphed faces (hvpni). After the tested 
face undergoes the horizontal morphing procedure, it is synthesized with all selected 
morphed templates using the vertical morphing procedure.  

 
 
 
 

 

 

 
List 2. Horizontal and vertical template morphing (HVTM) algorithm 

 
3.4 Template Matching 
 

The morphed image of the tested face (Fig. 7(c)) is matched against the morphed 
image of the template face (Fig. 7(d)) to recognize the identity. For each identity, the 
morphed template with a pose angle closest to the estimated angle of the tested face is 
selected from the template database. To measure the similarity of the morphed tested face 
and the selected template, the sum of absolute differences (SAD) [31] between these two 
images is computed. The SAD value is defined as the sum of the absolute difference of 
the r, g, and b channels for each pixel between the two morphed images, and averages 
overall pixels on the tested face image. The value is considered the feature for recognition 
and it is referred to as the matching error of a tested face image. If the matching error is 
smaller than a predefined threshold, the identity of tested face is considered the same as 
that of the template (target) face; otherwise, it is considered a different identity. 

The threshold is defined by the number of non-target faces that are allowed to be 
misclassified as the target face. The greater the number of misclassified non-target faces 
that can be tolerated, the larger the threshold and the easier it is to recognize tested faces 
matching the target face. The percentage of misclassified non-target faces is empirically 
set to a very small value, such as 0.3%.  

The SAD value is calculated after the intensity normalization procedure. The average 
intensity of the morphed template face is first computed. After computing the average 
intensity of the morphed tested face, it is adjusted to the average intensity of the morphed 

Algorithm: horizontal and vertical template morphing in a single-camera scenario 
Input: F1, ( , )h k

ver horθ θ , sv1, HorizontalMorph(Ti(- h
verθ , k

horθ ),
,
iT

h ksv ), 1≤ i≤N 

Output: hpn1, hvpni, 1≤ i≤N 

Step1: hpn1 = HorizontalMorph(F1, sv1) 
Step2: for 1≤ i≤N 

hvpni = VerticalMorph(hpn1,HorizontalMorph(Ti(- h
verθ , k

horθ ),
,
iT

h ksv ),0.5, sv1,
,
iT

h ksv ) 

     end 
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template. According to intensity normalization, variations due to general lighting and 
weather conditions can be accommodated.  

Compared the method which adopts SAD value with other advanced matching 
methods, such as PCA (principal component analysis) and LDA (linear discrimination 
analysis) [32], the SAD method does not require complex training procedures and works 
more efficiently. Because the variety of facial poses has been normalized through mirror 
morphing, the recognition accuracy of SAD is satisfactory. SAD is also faster than the 
normalized cross correlation (NCC) [31] matching method. Although NCC usually pro-
vides slightly better accuracy than SAD, the computational load is much heavier.  

4. EXPERIMENTAL RESULTS 

In this section, we test the orientation range in which the proposed HVM and HVTM 
algorithms provide better face recognition performance. Several previous algorithms are 
implemented for comparison. Pose estimation matching (PEM) utilizes face detection, 
pose estimation, and template matching without any morphing. In PEM, a tested face is 
matched against a template face with the same pose as the estimated pose of the tested 
face. The Horizontal morphing and Pose Estimation Matching (HPEM) algorithm is simi-
lar to PEM, except that it includes horizontal morphing. In HPEM, a horizontally morphed 
template face with the same vertical pose as the tested face is selected for matching. Two 
additional pose normalization algorithms: Affine Transformation (AT) based on [12], and 
Pose Transfer and Warping (PTW) based on [14], are also included for comparison. Our 
results show that the HVM and HVTM algorithms can improve face recognition perfor-
mance beyond what is possible using PEM, HPEM, AT, and PTW. 
 
4.1 Dataset 

 
The experiments employed a free face dataset ─ the Pointing’04 dataset [33] ─ com-

prising faces with different head orientations. A head orientation consists of a pair of ver-
tical and horizontal angles: the vertical set contains 9 angles {-90°, -60°, -30°, -15°, 0°, 
15°, 30°, 60°, 90°}; the horizontal set includes 13 angles {-90°, -75°, -60°, -45°, -30°, 
-15°, 0°, 15°, 30°, 45°, 60°, 75°, 90°}. When the vertical angle is -90° or 90°, the face is 
looking at the floor or ceiling and the horizontal angle is 0°. In these cases, almost no fa-
cial feature can be recognized; therefore, we did not use them in our experiments. The 
number of rotation angles tested was (9-2)× 13 = 91.  

Moving from small to large pose angle coverage, the images in the dataset can be 
classified into three pose angle areas: area1 (-15°≤θver≤15°, -45°≤θhor≤45°); area2 
(-30°≤θver≤30°, -60°≤θhor≤60°); and area3 (-60°≤θver≤60°, -90°≤θhor≤90°). The dataset 
includes fifteen individuals; each individual contains two series of face images captured at 
different times. Each series has 91 different orientations with slight differences between 
the series, such as whether the subject is wearing glasses, and whether the expression is 
normal or odd. The total number of faces used in this study was 15× 2× 91 = 2730. Be-
cause there are two series of images for each person in the dataset, one series was selected 
for training ASM, deciding pose estimation parameters, and selecting templates to match; 
while the other series was used for the tested images to evaluate the recognition rate. The 
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pictures of one subject in the database are shown in Table 1.  

Table 1. Face images of Person 1 ( Pointing’04 [33]) 

 

4.2 Face Detection and Pose Estimation Accuracy 
 

Figure 8 shows some examples of face detection results. In Fig. 8(a), each detected 
region includes all of the facial features, such as eyes, nose, and mouth, as well as facial 
contours. Each face in Figure 8(b) includes all the facial features but the facial contour is 
not completely represented. These two cases are considered examples of correct facial 
detection. In Fig. 8(c), either an eye, a mouth, or a nose is not included in the detected 
region of the face. Because not all the facial features are included, the face detection is 
considered incorrect.  

The first two rows of Table 2 list the percentage of correct face detections and the 
average center biases from the PN model results, for various pose angle areas. Because the 
facial features in area1 are conspicuous, 98.25% of the regions of the face detected by the 
PN model contain all of the facial features in that area. In area2, the correct face detection 
percentage decreases slightly to 96.15%. Although the facial features are not apparent in 
area3, faces with large pose angles can be detected using the non-facial corner region de-
fined in the PN models with large poses. Therefore, even in area3, the detection percent-
age can still reach 95%.  

(a) (b) (c)  
Fig. 8. Examples of face detection results: (a) faces containing all facial features and complete con-
tours; (b) faces containing all facial features, but incomplete contours; (c) faces which do not con-
tain all facial features 

For each image in the dataset, the centers of the key facial features are manually la-
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beled and considered as reference points. The second row of Table 2 shows the average 
distance (center bias) between the detected centers of the PN models and the reference 
points in the three pose areas. The center bias in area1 is only 5.73 pixels, which is barely 
perceptible. However, the center bias increases to 8.62 pixels and 12.72 pixels in area2 
and area3, respectively. In the third row of Table 2, the center biases of all areas decrease 
to 3.56 pixels, 5.81 pixels, and 6.52 pixels, after ASM processing. This implies that the 
centers detected using the PN model are sufficiently accurate to be used as the initial set-
tings for ASM and not too large to cause the ASM to diverge.  

Table 2. Face detection and pose estimation accuracy in areas  
covering small to large pose angles 

 area1 area2 area3 
-15° ~ 15° (v) 
-45° ~ 45° (h) 

-30° ~ 30° (v) 
-60° ~ 60° (h) 

-60° ~ 60° (v) 
-90° ~ 90° (h) 

Face detection accuracy (%) 98.25 96.15 95.02 
Center bias by PN-model (px) 5.73 8.62 12.72 
Center bias after ASM (px) 3.56 5.81 6.52 
Percentage (%) of faces with 
(△θver,△θhor)≤ (15°, 15°) 

95.40 89.26 82.53 

Percentage (%) of faces with  
(△θver,△θhor)≤ (30°, 15°) 

97.62 94.96 91.54 

average  (△θver,△θhor) (7.32°, 5.44°) (7.40°, 6.48°) (7.50°, 8.06°) 
v: vertical, h: horizontal 

The fourth to sixth rows in Table 2 list the pose estimation accuracy in various pose 
angle areas. The tolerable degrees of error associated with rotation angle estimation can be 
determined according to different datasets. In the Pointing’04 dataset, face images were 
collected almost every 15 degrees horizontally and vertically; therefore, the tolerable es-
timation error (△θver, △θhor) can be set as (15°, 15°). This implies that if the horizontal and 
vertical estimation errors are less than 15°, the estimation is considered correct. Under this 
degree of error tolerance, the implemented pose estimation approach using     and       
can correctly estimate 95.40%, 89.26%, and 82.53% of the pose angles for face images in 
area1, area2, and area3, respectively. Because people are less sensitive to differences in 
vertical poses than to differences in horizontal poses, the vertical tolerable estimation er-
ror can be increased, such as (△θver,△θhor)≤ (30°,15°). With greater tolerance for error, 
97.62%, 94.96%, and 91.54% of the face images in area1, area2, and area3, respectively, 
can be correctly estimated. The sixth row of Table 2 shows average pose estimation errors 
in the three areas. The vertical pose estimation error is stable at approximately 7.5°. In 
area1 and area2, the horizontal pose estimation errors are smaller than the vertical ones. In 
area3, the horizontal pose estimation error is slightly larger, but the error is still less than 
8.1°. 
 
4.3 Face Recognition Accuracy 
 

Figures 9(a) through 9(g) illustrate the recognition rates of the HVTM, HVM, HPEM, 
PEM, AT, and PTW algorithms on tested faces in different horizontal and vertical orien-

verγ horγ
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tations. For a fair comparison, PTW does not employ manually annotated facial features 
as in [14], but utilizes landmarks that have been automatically detected using the proposed 
ASM implementation. The X-axis in these figures represents the horizontal rotation angle, 
varying from -90° to 90°. The Y-axis represents the probability of successful recognition 
(Prec) as provided in Eq. (15).  

i i

i

# of tested faces of S correctly classified as subject S
# of tested faces of SrecP =                 (15) 

Figures 9(a) ~ (c) present the recognition rates of faces with vertical rotation angles 
of 0°, 15°, and -15°. These figures indicate that HVTM and HVM are superior to HPEM, 
and HPEM is superior to PEM for almost all horizontal rotation angles. At a horizontal 
rotation range of [-30°, 30°], the average probabilities of successful recognition (Prec) us-
ing PEM when θver = 0°, -15°, and 15°, are 0.61, 0.63, and 0.65, respectively. For the 
same range of horizontal rotation: HPEM achieves recognition rates of 0.85, 0.84, and 
0.87; HVM achieves recognition rates of 0.91, 0.96, 0.97; and HVTM achieves recogni-
tion rates of 0.89, 0.94, and 0.96. For the AT method, the accuracy is higher than 0.8 only 
when the horizontal rotation angle is within [-15°, 15°], dropping dramatically when the 
absolute value of the horizontal rotation angle increases. For the PTW method, the accu-
racy is higher than or close to 0.8 when the horizontal rotation angle is within [-45°, 30°] 
and does not decrease as dramatically as AT. Comparing HVM and HVTM with PTW, we 
find that HVM and HVTM are comparable to PTW when the tested face is nearly frontal, 
and outperform PTW when the horizontal angle is greater than 30° or less than -45°. 

(a)  

(b)  
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(c)  

(d)  

(e)  

(f)  
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(g)  
Fig. 9. HVTM, HVM, HPEM, PEM, PTW, and AT recognition performance at varying vertical and 
horizontal orientations 

 
Figures 9(d) and (e) show the probabilities of successful recognition (Prec) for faces 

with vertical rotation angles of 30° and -30°, respectively. In Fig. 9(d), the average im-
provements provided by HVTM and HVM over HPEM were 2.05% and 4.67%, respec-
tively. The average improvement of HPEM over PEM was 13.9%. In Fig. 9(e), the aver-
age improvements of HVTM and HVM over HPEM were 8.7% and 13.1%, respectively. 
The average improvement of HPEM over PEM was 12.2%. In Figs. 9(d) to (e), the trend 
in recognition accuracy for PTW and AT is similar to that in Figs. 9(a) to (c). The recog-
nition rate is higher when the horizontal angle is smaller, and decreases as the horizontal 
angle increases. According to the figures, the recognition rates of HVTM and HVM out-
perform PTW and AT. 

A comparison of Figs. 9(d) and (e) shows that the performances of HVTM and HVM 
are better with a vertical pose angle of 30° than with a vertical pose angle of -30°. If the 
desired probability of successful recognition (Prec) exceeds 0.8, HVTM at a vertical rota-
tion angle of θver=30° is adequate for a wide range of horizontal rotation angles from 
-60°≤ θhor ≤60°. However, HVTM at θver= -30° can only achieve this goal when -30°≤ θhor 
≤15°. This is because facial features become less clear and more easily occluded as the 
face is rotated downward. This can be seen in the performance of the HVTM, HVM, 
HPEM, PEM, AT, and PTW algorithms, all performing less effectively in negative verti-
cal rotation angle scenarios than in positive vertical rotation angle scenarios.  

Figure 9(f) shows the performances of HVTM, HVM, HPEM, PEM, AT, and PTW 
when the vertical rotation angles of the faces captured by the top camera are 60°. The 
recognition rate of HVTM picking up the template with vertical angle -15° exceeds the 
recognition rate of HVTM picking up the template with vertical angle -30° or -60°. When 
the negative vertical angle is smaller, the influence on recognition rate is greater. There-
fore, vertical mirror morphing is inactivated when the estimated vertical orientation of the 
tested face is close to, or greater than 60°. Hence, HVTM can achieve the same recogni-
tion result as HPEM. HPEM was shown to be superior to PTW, PEM, and AT at all hori-
zontal orientations when the vertical orientation was large. The average improvements of 
HPEM over PTW, PEM, and AT were 15%, 21.3%, and 74.7%, respectively. 

Figure 9(g) shows the probability of successful recognition (Prec) for faces with ver-
tical rotation angles of -60°. Because the tested face has a large negative vertical angle, 
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the recognition rates of HVTM, HVM, HPEM, and PEM are poorer than those with other 
vertical angles. For HVTM, if templates with 60° vertical angles are selected, the average 
recognition rate is inferior to the performance of HVTM selecting templates with 30° or 
15° vertical angle. This is because most of the characteristics of these templates exhibit 
deviation due to considerable rotation angle. Therefore, we selected templates with 30° 
and 15° vertical angles instead of those with 60° angles. For HVTM, working with 15° 
templates, the morphed image is dominated by the template; hence, all faces, whether they 
belong to the same subject or not, are transformed into similar faces. Recognizing these 
similar morphed images is difficult; hence, HVTM with a 30° templates provides a better 
recognition rate than HVTM with a 15° template in most horizontal orientations. Com-
paring HVTM with a 30° template to other algorithms demonstrates that HVTM is obvi-
ously superior to PTW, PEM, and AT with all horizontal orientations when the vertical 
orientation is -60°. The average improvements of HVTM over PTW, PEM, and AT are 
28.8%, 33.5%, and 57.3%, respectively. 
 
4.4 Orientation Coverage Range 
 

Table 3 shows the average performances of HVTM, HVM, HPEM, PEM, AT, and 
PTW in different pose angle areas. PEM exhibits stable performance in all areas, and with 
a successful recognition rate (Prec) slightly higher than 58%. HVTM, HVM and HPEM 
exhibit much better performance than PEM in all areas, and they perform better in the area 
covering small pose angles (area1) than in the area covering large pose angles (area3). 
HVTM and HVM achieve successful recognition rates (Prec) of 90.92% and 92.52% in 
area1, and 85.27% and 87.56% in area2, respectively. In area3, HVM achieved a recogni-
tion rate of 77.56%, while HVTM reached a recognition rate of 77.40%. HPEM attained 
moderately good recognition rates of 82.81%, 78.10%, and 71.70% in area1, area2, and 
area3, respectively. Thus, both HVTM and HVM cover larger ranges than HPEM. Alt-
hough HVM generally has a better recognition rate than HVTM, HVM requires two cam-
eras for vertical morphing. Because HVTM needs only one camera, it may be a good al-
ternative when two cameras are not available. 

Table 3. Average performance of HVTM, HVM, HPEM, PEM, AT, and PTW in areas 
covering small to large pose angles  

Algorithm 
area1 area2 area3 

-15° ~ 15° (v) 
-45° ~ 45° (h)

-30° ~ 30° (v)
-60° ~ 60° (h)

-60° ~ 60° (v) 
-90° ~ 90° (h) 

HVTM 90.92% 85.27% 77.56% 
HVM 92.52% 87.56% 77.40% 
HPEM 82.81% 78.10% 71.70% 
PEM 63.86% 62.22% 58.32% 
AT 64.29% 51.48% 30.12% 

PTW 84.44% 77.11% 64.57% 
v: vertical, h: horizontal 

The recognition rates of AT and PTW are shown in the last two rows of Table 3. 
In area1, the AT recognition rate is slightly higher than that of PEM, but less than that 
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of HPEM. In area2 and area3, the AT recognition rate drops significantly because af-
fine transformation cannot handle the considerable differences between faces with 
large pose angles and the frontal template. Better recognition accuracy than that of AT 
and PEM can be obtained using PTW. The PTW recognition rate is even higher than 
HPEM in area1, and comparable to HPEM in area2. Comparing PTW to HVM and 
HVTM, HVM and HVTM perform better than PTW. The improvements in recogni-
tion provided by HVM and HVTM over PTW are more significant in large vertical 
pose areas, because PTW is designed specifically for horizontal rotation, and is un-
suitable for vertical rotation. In area2, HVM and HVTM show 10.45% and 8.16% im-
provements over PTW. In area3, HVM and HVTM improve on PTW by 12.83% and 
12.99%, respectively. 

 
4.5 Computational Load 

 
The proposed system was implemented on an AMD AthlonⅡX2 240, 2.81GHz 

PC with 2.0 GB RAM under a C Language environment. The average computational 
time of each step performed on a tested image of 384×288 pixels is provided in Table 
4. We assumed the number of subjects to be identified as 15 (i.e., N=15). Adding the 
time to complete each of the steps, we found that it took HVM 0.645 (= 0.036 + 0.152 
+ 0.161 + 0.161 + 0.009*15) sec, and HVTM 2.899 (= 0.036 + 0.152 + 0.161 + 
0.161*15 + 0.009*15) sec, to recognize a tested face image. Because the HVM ap-
proach is more efficient than HVTM, HVM can be employed in scenarios where two 
cameras are available. In a single camera scenario, HVTM is preferable. Different 
strategies can be adopted for different environments depending on factors such as the 
number of cameras or the efficiency of the system. 

 

Table 4. Computational time of each step 
Step Face detec-

tion 
Pose estima-
tion 

Horizontal 
morphing 

Vertical 
morphing 

Template 
Matching 

time (sec) 0.036 0.152 0.161 0.161 0.009 
 

5. CONCLUSIONS 

Pose problem remains a challenging issue in face recognition because the shapes and 
features of human faces may differ considerably from those of template faces due to se-
vere variations related to pose. This paper proposes an integrated system utilizing 
two-dimensional morphing and a pose estimation technique to manage the severe pose 
problem. In our experimental trials, conventional approaches based on pose estimation 
(i.e., PEM) or pose normalization (i.e., AT and PTW) were only able to achieve moderate 
recognition performance when the strict requirement of low false alarms had to be met. In 
contrast, the proposed HVTM and HVM algorithms were able to attain much better per-
formance than the PEM, AT, and PTW algorithms under the same strict requirements.  

The proposed HVTM and HVM algorithms perform well in areas covering small to 
large pose angles. When the horizontal rotation angle is within ±60° and the vertical rota-
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tion angle is within ±30°, the HVM recognition rate is greater than 87%, and HVTM 
achieves a rate of 85%. With a horizontal orientation of up to ±90° and a vertical orienta-
tion of up to ±60°, the recognition rates of both the HVM and HVTM algorithms are 
greater than 77%. While the recognition rate of HVM is a little higher than HVTM, it re-
quires two cameras. If only a single camera is available, the HVTM algorithm can be em-
ployed and good recognition performance in the large orientation range can still be at-
tained. 
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