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Abstract This paper presents a mirror morphing scheme to
deal with the challenging pose variation problem in car model
recognition. Conventionally, researchers adopt pose estima-
tion techniques to overcome the pose problem, whereas it is
difficult to obtain very accurate pose estimation. Moreover,
slight deviation in pose estimation degrades the recogni-
tion performance dramatically. The mirror morphing tech-
nique utilizes the symmetric property of cars to normalize car
images of any orientation into a typical view. Therefore, the
pose error and center bias can be eliminated and satisfactory
recognition performance can be obtained. To support mirror
morphing, active shape model (ASM) is used to acquire car
shape information. An effective pose and center estimation
approach is also proposed to provide a good initialization for
ASM. In experiments, our proposed car model recognition
system can achieve very high recognition rate (>95%) with
very low probability of false alarm even when it is dealing
with the severe pose problem in the cases of cars with similar
shape and color.

Keywords Car model recognition · Pose estimation ·
Active shape model · Mirror morphing · Template matching

1 Introduction

Personal automobiles are popular vehicles, therefore a
recognition system capable of identifying car models
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automatically would be useful for many applications such
as object tracking and traffic surveillance. Unfortunately, it
is not easy to identify car models, because vehicles in the
same class tend to appear similar. In addition, the fact that
cars would be viewed from different orientations also com-
pounds the difficulty of car model recognition.

In conventional vehicle recognition systems, license plate
numbers are recognized [1–3], so vehicles can be identified
and then car models can be acquired. However, license plates
may be changed or hidden, particularly in criminal cases.
Typical appearance-based vehicle recognition approaches
utilize appearances such as size [4], shape [5–7], or color
[8,9] to identify different cars. Car model can be identified
by their unique features, such as the ratio of width to height,
segmented binary shape, and the binary edges map.

These appearance-based methods usually suffer from the
pose variation problem which will deform the shape of the
appearances dramatically. Pose problem is a thorny issue
in most object recognition fields, including face recognition
[10–13]. Many current approaches [6,7] of car recognition
are applicable only from a particular viewpoint. In [6], a cam-
era is installed in front of a parking lot entrance, so that every
image would be captured in the front view or rear view. In
[7], a camera is mounted in a car driving down a freeway, so
most of the cars are captured from behind. Such limitations
on specific views make the car model recognition systems
impossible to deal with many general cases, for instance,
cars maneuvering or driving through an open field.

To enable car recognition without viewpoint constraints,
some researchers [14–19] estimate the pose first and then
match the image to a specific template with the same pose
as the estimated one. One drawback of these approaches is
that slight deviation in pose estimation degrades the recogni-
tion performance dramatically. Nonetheless, it is difficult to
estimate the pose of a car with a high degree of accuracy
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[16–19]. In [20], a quasi-rigid alignment combined with
a flexible matching method is proposed to deal with pose
variation for car identification. This method identifies cars
correctly if they have distinctly different shapes or colors.
However, it still has the difficulty in discriminating a car from
other cars with similar shape and color. Therefore, finding an
effective algorithm for car model recognition to accommo-
date the severe pose variation problem in the cases of similar
shape and color would be of great value and interest.

This study utilizes the symmetric property of cars to over-
come this problem. In previous studies, symmetry was used
to track, locate, or recognize vehicles [21–23] by identifying
the central line of tested cars. Subsequent researches [24–26]
improved the means by which symmetry is measured. Since
these methods rely heavily on “explicit” symmetric proper-
ties found in the images of cars, they are generally applicable
only within the narrow orientation of front or rear view. When
a car is orientated in a wider view, the explicit symmetry may
be attenuated in the car image. Therefore, in severe pose sit-
uations, such symmetry-based methods are barely able to
differentiate one car from other cars with a similar shape and
color.

To improve recognition performance in severe pose vari-
ation cases, this paper proposes a mirror morphing scheme.
The scheme produces the mirror image of the non-symmet-
ric image of a tested car and then synthesizes the car image
and its mirror image to form a symmetric representation.
Based on knowledge concerning the inherent symmetry of
the tested car (not the image of the tested car), the correspon-
dence relationship between the shape features found in the
tested car image and those of its mirror image can be estab-
lished. Then through the process of morphing, the synthe-
sized image appears in an exactly typical (front, rear or side)
view, with the symmetric axis positioned precisely in the
middle of the image. When the synthesized image of the car
is matched against the template image for car model recog-
nition, the factors influencing recognition accuracy, such as
pose error and center bias are eliminated. Therefore, satisfac-
tory recognition performance in situations of widely diver-
gent poses can be obtained.

Mirror morphing requires knowing the locations of shape
feature of cars first. Active shape model (ASM) [27,28] is
adopted to extract the shape features of cars to support mir-
ror morphing. To obtain a good initialization for ASM, an
effective algorithm to estimate vehicle pose and acquire cen-
ter position initially is also proposed. The estimated initial
pose and center prepares ASM a good start toward the right
direction to appearances location. The techniques: pose and
center estimation, shape feature extraction by ASM, and mir-
ror morphing are integrated to form up an advanced system
for car model recognition.

The remaining sections are organized as follows. Section 2
provides the system overview. Sections 3, 4, 5 describe the

primary functions of our proposed system: pose and center
estimation, shape feature extraction, and mirror morphing,
respectively. Section 6 describes the experiments and Sect. 7
gives the conclusions.

2 System overview

The flowchart of the proposed car model recognition sys-
tem is depicted as in Fig. 1. It comprises five main steps:
(1) pose and center estimation, (2) shape feature extrac-
tion, (3) car region segmentation, (4) mirror morphing, and
(5) template matching. These five steps are described briefly
in this section and described in greater details in Sects. 3, 4
and 5, respectively.

The pose and center estimation step calculates the pose
angle (θ ) and center position (poscen) of a car. A car image
can be extracted from video frames by frame difference [29,
30] or background subtraction [31,32] as a bounding rect-
angle. In the rectangle, the symmetric center in the front (or
rear) region of the car is extracted. The ratio that divides
the distance between the symmetric center and the left (or
right) rectangle end by the rectangle width is calculated. An
approach which estimates the pose angle by the ratio and
utilizes the symmetric center as the reference position for
matching is proposed.

The shape feature extraction step searches the appearance
features of cars despite the geometric deformation when vehi-
cles orientate. Key points located at the corners or boundaries
of the windshield, headlight, or bumper on the car image,
are extracted to comprise the shape features. To extract the
shape features automatically and efficiently, ASM [27,28]
is adopted. ASM generates a statistical model using the key
points labeled on training images. Then the trained model
is iteratively deformed to find the corresponding key points
on a tested image. ASM is suitable to find the shape fea-
tures of objects with obvious boundaries, such as cars. Com-
pared with some advanced modeling techniques [33,34],
the 2D model technique, such as ASM, is faster and more
practical.

Since the information outside the typical (front, rear, or
side) view region is useless and usually causes interfer-
ence for mirror morphing, the car region segmentation step
performs a separating process prior to mirror morphing to
exclude those uninteresting regions. By the shape features
acquired by ASM, the car region surrounding the outer con-
tours of the shape features can be separated.

The mirror morphing step provides the core function of
our proposed system. If the view of a tested car is lim-
ited in one of the typical (front, rear and side) view, cor-
rect recognition of car models would be easier to achieve.
Hence, the mirror morphing technique, which transforms
the segmented image from any pose into a typical view, is
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Fig. 1 System flowchart for car
model recognition

proposed. The mirror image of the segmented image is pro-
duced through mirror transformation. The symmetric corre-
spondence relationship between the segmented image and
its mirror image can be derived from the result of the shape
feature extraction step. Then, these two mutually symmet-
ric images are synthesized into a typical view by the gen-
eral morphing technique [35,36]. Since the pose variation
and center bias can be eliminated through mirror morphing,
the tested car can be recognized more accurately in the next
step.

In the template matching step, the template car image with
orientation closest to the estimated pose angle (θ ) is selected
and it is also processed by mirror morphing. The synthesized
tested car image is matched against the morphed template
car image pixel by pixel. The matching error between the
two images in RGB color space is calculated. If the match-
ing error is less than a predefined threshold, the tested car is
deemed to be the same model as the template car. Otherwise,
the tested car and the template car are considered different
car models.

Since the mirror morphing process is more applicable on
images in the same view, the car image is separated into two
regions: front and side regions (or rear and side regions).
These two regions are processed simultaneously through the
five functional steps in Fig. 1. First, the pose angle and cen-
ter position of the front (or rear) region are estimated, and
those of the side region are derived from the estimated results
of the front (or rear) region. Second, the shape features on
the two regions (front + side or rear + side) are extracted by
ASM separately. Third, a car image is segmented into a front
view image and a side view image (or a rear view image and
a side view image). Next, the mirror morphing individually
synthesizes the front (or rear) and the side images. Finally,
each synthesized image is matched against the template of
the same view and at the same pose.

When the pose angle of a car is close to 0◦ (or 180◦), the
front (or rear) region provides dominant information required
for car model recognition. If the pose angle is close to 90◦

Fig. 2 Four quadrants referring to vehicle orientations

(or 270◦), the information of the side region will be domi-
nant. In between these four typical orientations, both of the
front and side regions (or the rear and side regions) provide
contributions to recognition. Because the side region is not
horizontally symmetric as the front (or rear) region is, the pro-
posed techniques of symmetric center extraction and mirror
morphing cannot be directly applied. The modifications are
individually described in Sects. 3 and 5.

3 Pose and center estimation

This section addresses the pose and center estimation step in
greater details. Generally, the left, right, top, and bottom ends
(posleft, posright, postop, posbot) of the bounding box of a car
can be extracted by frame difference [29,30] or background
subtraction [31,32]. The geometric center generated by the
four ends is deemed as the reference position for matching.
The ratio of the car width (wid = posright − posleft) to car
height (hgt = posbot − postop) denoted by γ1 is obtained as
Eq. (1):

γ1 = wid

hgt
= posright − posleft

posbot − postop
. (1)

In Fig. 2, all orientations (pose angles) can be divided into
four quadrants: (I: 0◦−90◦, II: 90◦−180◦, III: 180◦−270◦,
and IV: 270◦−360◦). For each quadrant, we collected a set of
standard templates with known pose angles (θ ) and manually

123



258 H.-Z. Gu, S.-Y. Lee

Fig. 3 a The four ends, the
symmetric center, height, width
and half width of a car image,
b the planar area and the
possible range to search for the
symmetric center, c the check
width and the check point at
x-axis = 27, d the check point at
43 and the pixels (red to red,
blue to blue, green to green) in
correspondence to compute
ASD, e ASD results and the
prominent factor results for all
check points (color figure
online)
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extracted the ratios on these templates. A monotonic func-
tion Ratio1 (where γ1 = Ratio1(θ)) can be constructed by
these ratios for each quadrant. To estimate the pose angle
θ1(θ = θ1) of the tested car in a quadrant, the width and
height of the car are extracted and the ratio γ1 is computed.
Then, the pose angle of the tested car can be computed using
the inverse function of Ratio1 as Eq. (2):

θ1 = Ratio−1
1 (γ1). (2)

Because various car models have different car lengths and
widths, the Ratio1 function belonging to a specific target car
model can be used to estimate the pose angle in a quadrant.
To extend the processing into multi-model recognition, as
when identifying N target car models, N Ratio1 functions are
trained in each quadrant. An estimated pose angle is pro-
duced by each Ratio1 function and N estimated pose angles
are obtained in this pose and center estimation step. After the
processes of the subsequent steps of the proposed system,
the model of the tested car is finally decided in the template
matching step.

For each target car model, if no prior information con-
cerning the quadrant is available, the computed ratio γ1 of
the tested car image corresponds to four possible pose angles
in the four quadrants. To determine which quadrant is the
correct one, four template images of the target car model
at the four pose angles are chosen. The tested car image is
then matched against the four template images and the tem-
plate image with the minimum matching error is selected in
this pose and center estimation step. The quadrant and pose
angle of the selected template image are considered those of
the tested car.

The approach to estimate car pose utilizing γ1 is termed as
the conventional pose estimation approach. In this approach,

the bottom ends are easily interfered by some environmental
effects, such as shadows. The ratio of the width to height may
also be erroneous if a small tilt rotation between the camera
and the vehicle exists. Hence, this approach generally cannot
provide accurate enough pose angles.

We searched for further information to improve pose esti-
mation accuracy. The symmetric center poscen in the front
(or rear) region of a car shown in Fig. 3a could be a good
choice. The symmetric center can be viewed as a reference
point for matching the car, and the half width widhalf of the
front (or rear) region can be utilized to estimate the pose
angle. When the car is orientated within quadrant I or III,
the symmetric center is searched beginning from left toward
right and the half width can be defined as widhalf = poscen −
posleft. Similarly, if the car is orientated within quadrant II or
IV, the algorithm in searching the symmetric center should
begin from right toward left and the half width is defined as
widhalf = posright − poscen.

A new ratio of widhalf to wid, denoted by γ2, is proposed
in Eq. (3) for estimating the pose angle of the tested car.
For each target car model, a set of standard templates with
known pose angles (θ ) was collected and the ratios γ2 of
the templates were manually extracted. In each quadrant, a
monotonic function Ratio2 (where γ2 = Ratio2(θ)) can be
constructed by the template ratios. Each target car model
obtains its unique function Ratio2 in a quadrant. To estimate
the pose angle θ2(θ = θ2) of the tested car, the ratio γ2 is
first obtained, whereupon the pose angle of the tested car can
be computed by the inverse function of Ratio2 as Eq. (4).
In multi-model recognition, as when identifying N target car
models, N Ratio2 functions are required to be trained in each
quadrant. Similar to the processing of Ratio1, N estimated
pose angles are obtained in the pose and center estimation
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step. The model of the tested car is finally decided in the
template matching step.

γ2 = widhalf

wid

=

⎧
⎪⎪⎨

⎪⎪⎩

poscen−posleft
posright−posleft

, if θ ∈ [0◦, 90◦] or [180◦, 270◦]
posright−poscen
posright−posleft

, if θ ∈ [90◦, 180◦] or [270◦, 360◦] (3)

θ2 = Ratio−1
2 (γ2). (4)

In the proposed pose estimation approach adopting γ2, if
no prior information about the quadrant is available, a sym-
metric center candidate on the left side and another candidate
on the right side are sought simultaneously. Two half widths
(widhalf = poscen −posleft or posright −poscen) and two ratios
γ2 are computed. Each ratio corresponds to two pose angles
in two quadrants: (I and III), or (II and IV), so two ratios
produce four possible pose angles in the four quadrants for
each target car model. The template images belonging to each
target car model depicting the four possible poses by γ2 are
acquired. The tested car image is matched against the four
template images and the template image with the minimum
matching error is selected in the pose and center estimation
step. The quadrant and pose angle of the selected template
image are adopted as those of the tested car.

To estimate the pose angle, the symmetric center has to
be obtained. Traditional symmetry-based methods [21–26]
were developed to acquire the symmetric centers of cars
within a narrow range of orientations. To accommodate wider
range of poses, a more robust algorithm to identify the sym-
metric center is proposed. Figure 3b–e shows an example to
introduce the algorithm.

First, we select an area on about the same plane as the
green rectangle in Fig. 3b and check the symmetric prop-
erty of the pixels in this area. Since the pose angle can be
coarsely estimated by the four ends of the car, a possible range
[posstart, posend] which the symmetric center may appear is
assigned. In Fig. 3c, for each row in the selected area, a check
point (poscheck) moves gradually from posstart to posend and
the check width (widcheck = poscheck − posleft or posright −
poscheck) increases. For each check point, the accumulated
symmetric difference (ASD) is computed as follows.

ASD
(
poscheck

)

=

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

∑x=poscheck
x=posleft

|Int(2×poscheck−x,y)−Int(x,y)|
2×(poscheck−posleft)

,

if θ ∈ [0◦, 90◦] or [180◦, 270◦]
∑x=poscheck

x=posright

|Int(2×poscheck−x,y)−Int(x,y)|
2×

(
posright−poscheck

) ,

if θ ∈ [90◦, 180◦] or [270◦, 360◦]

,

(5)

where Int(x, y) is the intensity value at the pixel (x, y) on a
tested car image, and poscheck ∈ [posstart, posend].

In Fig. 3d, the red pixel in the left side of poscheck cor-
responds to the red pixel in the right side. In the same way,
the same color pixels in the left side and the right side of
poscheck are in correspondence. The intensity differences
of the corresponding pixels are accumulated to acquire the
ASD. Figure 3e shows the ASD results over all check points
as the blue curve. Because the ASD of the symmetric center
should be relatively lower than those of neighboring pixels, a
valley would appear in the ASD distribution. The valley test
is defined in Eqs. (6) and (7).

VT1(poscheck) =
kvt∑

i=1

ASD(poscheck − i) − kvt × ASD(poscheck) (6)

VT2(poscheck) =
kvt∑

i=1

ASD(poscheck + i) − kvt × ASD(poscheck), (7)

where kvt is the predefined range of the neighboring pixels
for the valley test.

Only the check points passing the valley test (i.e.,
VT1(poscheck) > thvt and VT2(poscheck) > thvt, where thvt

is a predefined threshold) are considered candidates for the
symmetric center. In Fig. 3e, it is obvious that ASD values
decrease gradually toward the valley, and then increase grad-
ually when leaving the valley. Therefore, the idea of calcu-
lating VT1 and VT2 is the same as calculating the triangular
area in the range of kvt, if the x-axis is shifted up to the ASD
value of poscheck. The valley test threshold thvt is designed
by �(kvt × kvt)/2�, which represents the area of an isosceles
right triangle with side length kvt. Empirically, the value of
kvt is 5 and the threshold thvt will be 12. Based on the results
of the experimental trials, the threshold can provide satisfac-
tory results. In Fig. 3e, the check points at x-axis 27 and 43
pass the valley test, so they are candidates of the symmetric
center.

Due to local uniform intensity values, the check point
(poscheck = 27) is a valley; however, it is not the actual sym-
metric center. To reject this false report, a prominent factor
test is defined as Eq. (8).

PF(poscheck) = 2 × kpf × Int(poscheck)

−
kpf∑

i=1

Int(poscheck − i)

−
kpf∑

i=1

Int(poscheck + i), (8)

where kp f is the predefined range for the prominent factor
test.
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A number of distinguishable objects, such as logos and
license plates, commonly appear along the central line in the
front region of cars. These objects obviously differ in inten-
sity from the neighboring pixels and can be utilized to deter-
mine whether the check points occur in the region of uniform
intensity. The prominent factor sums the differences in inten-
sity between 2 × kpf neighboring pixels and the check point.
If the check point has a sufficiently large prominent factor
(i.e., |PF(poscheck)| > thpf , where thpf is a predefined thresh-
old), this check point is considered a candidate symmetric
center with high priority. The prominent factor test works
only for the check points that pass the valley test. If multiple
valley points pass the prominent factor test, the valley point
with the minimum ASD is selected as the symmetric center
of the current row. In the case that no valley point passes
the prominent factor test, the valley point with the minimum
ASD is still selected as the symmetric center of the current
row.

Because the tested car is identified with each specific tar-
get car model, the prominent factor threshold of a target car
model can be defined specifically. In an extreme case, a small
threshold can be set if the target car model does not have dis-
tinguishable objects along the central line. In our experience,
human eyes are capable of distinguishing two pixels if their
difference in intensity exceeds 15. Therefore, in general cases
for the front regions of cars, the prominent factor threshold
thpf is set 2 × kpf × 15. Empirically, the value of kpf is set to
5; the threshold value would be 150. Because the symmet-
ric center and its neighboring pixels in the rear view are not
as obvious as those in the front view, the prominent factor
threshold of the rear view is generally smaller than that of
the front view.

In Fig. 3e, the red curve shows the prominent factors of
check points at 27 and 43. Because only the prominent factor
of the check point at 43 is large enough, this check point is
selected as the symmetric center of the current row. Next,
a vote mechanism checks the occurrence frequency of the
symmetric centers of all rows. The top 3 frequent symmetric
centers are averaged to be the final result.

Through the above procedures, the reference position and
the pose angle on the front (or rear) region of a tested car
can be extracted. Since the side region is not horizontally
symmetric, the symmetric center on the side region cannot
be found. An obvious key point in an appearance part, e.g.
a corner of a window, can be designated as the reference
position. The following procedure introduces the way to ac-
quire the reference position and the pose angle of the side
region.

Because the side and front (or the side and rear) regions are
segmented from the same car image, the pose angles of the
side region and the front (or rear) region must be identical
(i.e., θ side

test = θ front
test (or θ rear

test ) = θtest). In addition, accord-
ing to the set of template images for each target car model

used, the distance between the designated reference position
and the left end (in quadrant I or III) or the right end (in
quadrant II or IV) with known pose angles (θ ) can be mea-
sured in advance. The ratios of these distances to the width
of the car also provide a monotonic function Ratio3(θ) for
each quadrant. Since the pose angle (θtest) of the side region
can be determined, the reference position of the side region
can be predicted according to Ratio3 and the position of the
left or right end (i.e., posside = posleft + Ratio3(θtest) or
posside = posright − Ratio3(θtest)). Therefore, if we can esti-
mate the pose angle on the front (or rear) region accurately,
the reference position and the pose angle on the side region
can also be obtained accurately.

As the orientation of the tested car diverges more signif-
icantly, it becomes increasingly difficult to locate the sym-
metric center and to estimate the pose angle. However, the
half width of the tested car varies more obviously in large
pose angles than in small pose angles. In addition, along with
the increment of the orientations, the check width becomes
narrower and narrower, so the estimation error of the sym-
metric center is limited. These effects are capable of bal-
ancing the difficulty in extracting the symmetric center and
estimating the pose angle in large orientation cases. There-
fore, our proposed approach to pose estimation is able to
estimate vehicle orientation accurately in most orientation
cases.

However, when the orientation is very close to the lateral
view (about 90◦ ± 10◦ or 270◦ ± 10◦), the symmetric cen-
ter nearly disappears, thereby producing a higher degree of
pose estimation error. In this extreme lateral view, the con-
ventional pose estimation method using the ratio γ1 is supe-
rior because the four ends can be extracted more accurately.
A hybrid strategy is employed in the proposed system. When
the estimated pose angle utilizing γ2 falls within the range
of 90◦ ± 15◦ (or 270◦ ± 15◦) and the pose angle utilizing γ1

falls within the range of 90◦ ± 10◦ (or 270◦ ± 10◦), the esti-
mated pose angle of our proposed approach will be replaced
by the estimated pose angle of the conventional approach.
This hybrid strategy makes the estimated pose angle more
accurate in all orientations.

4 Shape feature extraction and segmentation

This section addresses the shape feature extraction and car
region segmentation steps in details. When the view of the
tested car is angled, the appearances vary significantly in
size, shape, and geometric relationship. To correctly deter-
mine the locations of the shape features at any orientation
becomes critical and challenging. The shape feature extrac-
tion algorithm must show flexibility and robustness in its abil-
ity adaptive to the geometric deformation. It must also exhibit
controllability to prevent from searching in the erroneous
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Fig. 4 ASM result a with
erroneous initial position, b with
improper initial mean shape,
c with proper initialization
setting. d ASM result of a
different model car with the
template, e the segmented result
of c, and f the segmented result
of d (color figure online)

directions. ASM [27] is used to locate key points of the shape
feature on cars in this system.

ASM comprises two phases: the off-line training phase
and the on-line execution phase. In the off-line phase, sev-
eral training image sets are prepared for each target model.
Each training image set contains 4 or 5 images and covers
a specific orientation range. On each training image, a num-
ber of key points, such as corners, or boundaries of shape
features are marked manually. The coordinates of these key
points are collected as a shape vector. Each training set gen-
erates a set of shape vectors and computes a mean shape
vector. The principal eigenvectors of these shape vectors are
calculated to form a geometry variation matrix. The ma-
trix controls the deformation of the mean shape vector by
providing the weight for each principal eigenvector. The
weight values are varied according to the shape deforma-
tion and the deformation is constrained within a suitable
limit.

In the on-line phase, ASM deforms the mean shape vector
of the selected training image set to search for the corre-
sponding key points on the tested car image iteratively as
follows:

svn = svn−1 + MV × wvASM, (9)

where svn is the estimated shape vector of the tested car in the
nth iteration. MV is the geometry variation matrix. wvASM

is the weighting vector.
The initial shape vector sv0 can be represented by two

parts: the center position and the orientation of the initial
shape vector. The two parts can be acquired by the symmet-
ric center (poscen) and the estimated pose angle (θ2) extracted
by Ratio2 in Sect. 3. After the training set which covers θ2 is
selected, the geometry variation matrix computed from the
selected training set is determined. Each key point on sv0 will
move toward the closest edge on the tested car image. The
movement is constrained by the geometry variation matrix
and the weighting vector. Thus, the shape extracted by ASM
on the tested car image is constrained to a shape similar to

that of the template. When the ASM searching process con-
verges, the corresponding key points on the tested car image
can be located and the shape features of the tested car have
been extracted.

Basically, the search process of ASM is sensitive to the
initial shape. If the center position is too distant from the cor-
rect corresponding position, ASM may search in the wrong
direction, so that most key points are incorrectly located. In
Fig. 4a, the yellow lines which indicate contours connecting
the key points (painted in red) located by ASM, deviate from
the actual shape of the tested car. Even though the center
position of the initial shape vector is correct, ASM would
not guarantee to determine the correct shape of the tested
car. In Fig. 4b, if an improper training image set is selected,
the orientation of the initial shape vector might quite deviate
from the orientation of the actual shape vector. The geometry
variation matrix which controls the searching direction may
also be erroneous. Thus, to locate the key points of the tested
car by ASM more correctly as in Fig. 4c, it is crucial to prop-
erly establish the center position of the initial shape vector
and the training image set for the ASM searching process.
Therefore, an effective approach in the pose and center esti-
mation step is proposed to facilitate the estimation of pose
angle and center position for ASM initialization.

Figure 4c, d shows two cases in which we operate ASM
for car model recognition. Consider a Toyota VIOS as the
target car. In Fig. 4c, the key points on a tested car image of
the Toyota VIOS are correctly searched by ASM. In Fig. 4d,
a tested car image that is not Toyota VIOS is processed by
ASM. ASM also accurately located the corresponding key
points on this tested car image without any indication that
the two vehicles are not the same model. This implies that
utilizing ASM alone has difficulty in distinguishing one par-
ticular model of cars from other similar models. Although
ASM is a good tool for extracting shape feature from car
images, it does not usually perform well on car model rec-
ognition. The mirror morphing process described later could
help to accomplish the mission.
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Fig. 5 Establish the
corresponding relationship
between Img1 and Img2 for all
pixels based on known key point
pairs: a source image Img1 with
61 key points, b source image
Img2 with 61 key points,
c a pixel S in Img1 but not one
of 61 key points, d the pixel S′
in Img2 corresponding to the
pixel S in Img1

From the ASM results, we separated (segmented) the front
regions of cars in Fig. 4c, d and their segmented images are
shown in Fig. 4e, f, respectively. It can be seen that the bound-
aries segmented by ASM are not very smooth and intact. High
accuracy cannot be guaranteed using ASM. Although many
approaches [37,38] have been proposed to enhance the accu-
racy of ASM, a state-of-art method has yet to be developed.
In our proposed system, the small inaccuracy of ASM can
be accommodated by mirror morphing as illustrated in later
sections.

5 Mirror morphing and matching

This section addresses the mirror morphing step and the tem-
plate matching step in detail. We extend our previous work
[39] by utilizing mirror morphing to transform various poses
of a car into a typical (front, rear or side) view. When the
pose of the tested car and the template car have both been
normalized, the influence of the orientation is significantly
reduced and one can expect satisfactory performance in the
matching process.

Section 5.1 describes the general morphing technique.
Section 5.2 introduces the technique combining general
morphing with mirror transform and symmetric correspon-
dence. This technique is termed mirror morphing in the fol-
lowing. Section 5.3 presents the matching process and the
recognition performances with and without mirror morphing
are compared.

5.1 General morphing

The general morphing technique [35] is the process of trans-
forming two source images (Img1, Img2) into a target image
(Img). Each pixel in the source images will be transformed
(prewarped) to the same coordinate basis. Then, the target
image is generated by a weighted combination of the source
images controlled by a parameter λ as follows.

(x2, y2) = COR(x1, y1) (10)

(x, y) = λ × (x1, y1) + (1 − λ) × (x2, y2) (11)

Img(x, y) = Img1(x1, y1) × λ + Img2(x2, y2) × (1 − λ), (12)

where COR defines the corresponding relationship between
a pixel (x1, y1) in Img1 and a pixel (x2, y2) in Img2. The
function Img(x, y) is the intensity at the pixel (x, y) in the
target image Img.

The prewarping process requires the correspondence rela-
tionship between Img1 and Img2 for all pixels. If we only
acquire the correspondence relationship for some key points,
not all pixels, the Beier–Neely’s Field algorithm [36] can be
applied. Figure 5 shows an example to briefly illustrate the
Beier–Neely’s Field algorithm.

Figure 5a, b shows the key points on the source images:
Img1 and Img2. The function ( f ) represents the correspon-
dence between these key points. For example, the key point
P6 in Img1 corresponds to the key point P ′

10 in Img2. For a
pixel S as shown in Fig. 5c, which is in Img1 but not included
in the known key points, we acquire its corresponding pixel
S′ as shown in Fig. 5d on Img2. The nearest point R to S along
line segment Pm Pn (m = 6, n = 7 in Fig. 5a) is obtained. The
distance from S to R is denoted by v and the distance from
Pm to Pn is denoted by u. These distances can be computed
by Eq. (13). Function Perp returns the vector perpendicular
to the input vector. Because S′ corresponds to S, S′ will be
located at v pixels away from the line segment P ′

f (m) P ′
f (n)

( f (m) = 10, f (n) = 9 in Fig. 5b) as S away from the
line segment Pm Pn . Hence, S′ in Img2 can be computed by
Eq. (14).

u = (S − Pm ) · (Pn − Pm)

‖Pn − Pm‖2 , v= (S − Pm ) · Perp(Pn − Pm )

‖Pn − Pm‖2 (13)

S′ = P ′
f (m) + u · (P ′

f (n) − P ′
f (m)) +

v · Perp(P ′
f (n)

−P ′
f (m)

)

∥
∥
∥P ′

f (n)
−P ′

f (m)

∥
∥
∥

2 . (14)

When multiple pairs of line segments are considered, the
weight of each corresponding line segment needs to be cal-
culated. The weight is determined by the distance from S
to each line segment Pm Pn . The closer the pixel to the line
segment, the higher the weight is.

5.2 Mirror morphing

Next, we utilize a mirror morphing technique to synthesize
a segmented car image on the front (or rear) region into
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Fig. 6 a Segmented image of
front region, b mirror image of
a, c synthesized car image from
a and b by mirror morphing,
d synthesized template car
image

an exactly front (or rear) view image. Since the horizontal
symmetry does not exist in the side region, a quasi mirror
morphing is designed. The quasi mirror morphing is able to
transform the segmented car image on the side region into an
approximate typical side view image. The mirror morphing
and the quasi mirror morphing are introduced as follows in
order.

Because a car is generally symmetric horizontally in the
front (or rear) region, for any tested car image Img1 seg-
mented from the front (or rear) region, an opposite view
image Img2 can be produced by mirror transformation as
follows.

(x2, y2)i = (Width(Img1) − x1, y1)i (15)

Img2(x2, y2)i = Img1(Width(Img1) − x1, y1)i , (16)

where Width(Img1) represents the width of Img1. The oppo-
site view image termed the mirror image is adopted as the
other source image Img2 for morphing.

Since Img2 is produced by Img1, the correspondence rela-
tionship between the key points in Img1 and Img2 can be
acquired if the shape vector is defined to be symmetric. For
example, if Img2 in Fig. 5b is the mirror image of Img1 in
Fig. 5a, the key points (P36−P39) on the left car lamp in
Fig. 5a are transformed into the key points (P ′

36−P ′
39) on

the right car lamp in Fig. 5b. The transformed right car lamp
(P ′

36−P ′
39) in Img2 should be morphed with the right car lamp

(P40−P43) in Img1. Therefore, if the correspondence rela-
tionship between the key points (P36−P39) and (P40−P43)
in Img1 has been known, the correspondence relationship
between the key points (P40−P43) in Img1 and (P ′

36−P ′
39)

in Img2 is acquired.
We define the shape vector (i.e., landmark the locations

of key points) of ASM to be symmetric. Hence, each key
point (x1, y1)i in Img1 has its corresponding key point
(x1, y1)Cor(i) in the opposite side in Img1. For example, P1

corresponds to P15 and P5 corresponds to P11 in Fig. 5a. Let
(i, j) denote the index of key points to be the corresponding
pair, a function Cor is denoted as Eq. (17).

j = Cor(i). (17)

According to Eqs. (15) and (16), all key points in the mir-
ror image Img2 is generated by the key points in the im-
age Img1. By knowing the corresponding pairs of the key
points in Img1, the correspondence between the key point

(x2, y2)i in Img2 and the key point (x1, y1)Cor(i) in Img1
can be acquired. For example, P ′

1 in Fig. 5b is generated by
P1(i.e., P ′

1 = Width(Img1) − P1) and P1 corresponds to
P15 in Fig. 5a, so P ′

1 corresponds to P15. After the corre-
spondences between all the key points in Img1 and Img2 are
known, the Beier–Neely’s Field algorithm [36] can be uti-
lized to extend the correspondences from these key points to
all pixels. Finally, the synthesized image can be produced as
follows:

(x, y)Cor(i) = λ × (x1, y1)Cor(i) + (1 − λ) × (x2, y2)i

= λ × (x1, y1)Cor(i) + (1 − λ)

×(Width(Img1) − x1, y1)i (18)

Img(x, y)Cor(i) = λ × Img1(x1, y1)Cor(i) + (1 − λ)

×Img2(x2, y2)i

= λ × Img1(x1, y1)Cor(i) + (1 − λ)

×Img2(Width(Img1) − x1, y1)i . (19)

Figure 6a is the same segmented car image of Fig. 4e,
and Fig. 6b is the mirror image of Fig. 6a. We construct
the correspondence relationship between Fig. 6a and b by
their ASM results and synthesize Fig. 6a, b by the general
morphing process [35] into Fig. 6c to complete mirror morp-
hing. Since mirror morphing is able to transform the tested
car image into its typical front (or rear) view, the pose var-
iation and center bias are eliminated. Although the error of
locating the shape features of the tested car may make the
synthesized image a little blurred, the blurred phenomenon
will not degrade the recognition performance as much as
the effects of pose error and center bias. The performances
with and without mirror morphing will be compared in
Sect. 5.3.

To synthesize the segmented image of the side region into
an exactly lateral view (90◦ or 270◦), a mirror image ori-
entated to the opposite lateral view is required. However,
this mirror image cannot be generated using mirror trans-
formation because horizontal symmetry does not exist in
the side region. In this study, if the estimated pose angle
of the tested car is θ test, a template image with pose an-
gle 180◦ − θ test (or 540◦ − θ test) is selected as the mirror
image. For example, because the estimated pose angle of
the tested car in Fig. 7a is 70◦, the template with the pose
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Fig. 7 a Segmented image of
side region, b selected mirror
template, c synthesized car
image from a and b by quasi
mirror morphing

angle of 110◦ shown in Fig. 7b is selected to be the mirror
image.

Since the shape features of the segmented image on the
side region and its mirror image can be extracted by ASM in
the shape feature extraction step, the shape features referring
to the same characteristics are in correspondence. Then, the
general morphing process is performed on the segmented side
region image (e.g. Fig. 7a) and the selected template image
(e.g. Fig. 7b). An approximate lateral view image is synthe-
sized as shown in Fig. 7c. This synthesizing procedure for
the side region image is termed as the quasi mirror morphing
process.

Since the mirror image is not produced from the seg-
mented side region of the tested car, the quasi mirror morp-
hing process can reduce but not eliminate the pose error as the
mirror morphing does in the front or rear region. Fortunately,
shape deformations in situations close to the lateral view
are generally less serious than those found in other views.
Assume �θ is the variation of pose angle of a tested car. In the
lateral view, deformations are mainly due to the width of the
car multiplying sin(�θ) and the length of the car multiplying
1 − cos(�θ). While, in the front or rear view, the deforma-
tions are mainly due to the width multiplying 1−cos(�θ) and
the length multiplying sin(�θ). Since sin(�θ) is obviously
larger than 1 − cos(�θ) when �θ is small and the car length
is much larger than the car width, the shape deformations of
cars in the lateral view would be smaller than those in the
front or rear view. This effect could increase the tolerance on
pose error in the neighborhood of the lateral view when we
recognize car models by template matching. Hence, the quasi
mirror morphing process can still provide good recognition
performance in cases close to the lateral view.

5.3 Template matching

The morphed tested car image (Fig. 6c) is matched against
the morphed template car image (Fig. 6d) to recognize the
car model. The morphed template with the orientation clos-
est to the estimated pose angle of the tested car is selected
from the template database. The sum of absolute differences
(SAD) method which evaluates the SAD score is used for
template matching. The SAD score is defined as the SAD of
r, g, and b channels for each pixel between the tested car and
the template car, and averages over all pixels on the tested car.
The SAD score is referred to the matching error of the tested
car image. If the matching error is smaller than a predefined

threshold thmodel, the tested car and the template car are con-
sidered to be the same model; otherwise, they are considered
to be different model cars.

In multi-model recognition, N morphed templates with
the orientations corresponding to the estimated pose angles
of the tested car for the N target car models are selected.
The morphed tested car image is then matched against all the
selected morphed templates sequentially. For each target car
model, the matching error between its morphed template and
the morphed tested car image is computed. Then, the match-
ing error is compared with a predefined threshold which is
trained for each target car model. If the matching error is
larger than the predefined threshold, the tested car will not be
identified as the same model of that target car model. Among
the target car models whose matching errors are smaller than
their thresholds, the target car model whose matching error
is most distinct to its threshold is selected to be the model of
the tested car.

The threshold thmodel is decided by the number of non-tar-
get model cars that tolerant to misclassification as the target
model car. The more the misclassified non-target model cars
are tolerated, the larger the threshold is. Thus, the tested cars
are easier to be identified as the target model. The percentage
of misclassified non-target model cars is empirically set to a
very small value, such as 0.3%.

We consider the scenario that the cars with the same shape
but different colors to be different models, so the tested car
which has a different color to that of the template car will
have a large SAD score and will not be identified as the target
model. The SAD score is calculated after intensity normal-
ization. The intensity normalization contains computing the
average intensity of the template car first and then adjusting
the average intensity of the tested car to the average intensity
of the template car. After intensity normalization, the SAD
method is able to accommodate general lighting and weather
variations.

We compared the SAD method with two well-known
template matching methods, the normalized cross correla-
tion (NCC) and the edge-based techniques [40]. The NCC
method can provide slightly superior recognition accuracy to
the SAD method, but the computation load of NCC is much
heavier than the computation load of SAD. The edge-based
method can eliminate the influence of vehicle colors, while
the improvement from the edge-based method in the scenario
that we are investigating is quite limited. Furthermore, the
edge-based method usually loses some texture information
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Fig. 8 Sensitivities of the
algorithms with and without
mirror morphing to pose error
and center bias in the initial
phase

and generates significant errors from falsely detected edges.
Generally, the edge-based method obtains worse car recog-
nition rate than the SAD method. Since the SAD method
shows robust performance and efficient computation, the
SAD method is adopted in the template matching step of
the proposed system.

Figure 8 illustrates the matching errors by algorithms with
and without mirror morphing (with_MM/ no_MM) with re-
spect to various pose estimation errors (from 0◦ to 90◦) and
center biases (0 and 5 pixels) in the initial phase. The tested
cars that are the same models as the templates are referred
to as target model cars (Tar). The tested cars that are differ-
ent models to the templates are called non-target model cars
(NTar). When the algorithm is tested on target model cars,
the matching errors shown in Fig. 8 are the statistical results
of numerous tested car images. Each tested car image has
an SAD score. The root mean square (RMS) value of all the
computed SAD scores with the same estimated pose error in
the initial phase is calculated as the statistical result. Since
non-target model cars are utilized to determine the thresh-
old for recognition, the matching error associated with the
non-target model cars in Fig. 8 shows the minimum SAD
over all non-target car images. This minimum value can be
considered the threshold. The target model cars with their
SAD scores lower than the threshold are considered correct
recognitions. Therefore, as shown in Fig. 8, if the (RMS)
matching error of an algorithm for all target model cars is
obviously smaller than the minimum SAD for the non-target
model cars, the performance of the algorithm is considered
good.

As seen in Fig. 8, even in ideal conditions with no center
bias, the algorithm without mirror morphing (no_MM(Tar,0))
provided only moderate performance when the pose esti-
mation error is less than 10◦. In conditions in which the
center bias is 5 pixels, the algorithm without mirror morp-
hing (no_MM(Tar,5)) achieves only moderate performance
when the pose estimation error is smaller than 3◦. Such

requirements are extremely difficult to achieve. However,
when the center bias is zero, the algorithm with mirror morp-
hing (with_MM(Tar,0)) can work well when the pose esti-
mation error is smaller than 30◦, and in cases in which the
center bias is 5 pixels, the algorithm with mirror morphing
(with_MM(Tar,5)) still works well even when the pose esti-
mation error is less than 20◦. Such requirements can be easily
achieved in most practical situations. It can be concluded that
mirror morphing is an effective technique for the recognition
of car models and other applications dealing with severe vari-
ations in pose.

6 Experimental results

The experiments were performed and compared to demon-
strate the superiority of our proposed ideas. In Sect. 6.1, sev-
eral algorithms are introduced for comparison. Section 6.2
describes a car image database and the metrics to evaluate the
recognition performance. The performance and efficiency of
the proposed system are demonstrated in Sect. 6.3.

6.1 Algorithms for comparison

Three algorithms: PETM, PASM, and ASMM are presented
to demonstrate that the proposed mirror morphing technique
provides a considerably improvement to the conventional
pose estimation and matching methods. Subsequently, a dif-
ferent type of algorithm, QRAFM [20] is implemented and
compared with the proposed algorithm, ASMM. These algo-
rithms are described as follows:

(1) PETM (Pose estimation and template matching)
PETM performs the pose and center estimation first
and then selects a template car image with the orien-
tation closest to the estimated angle. All the tested car
images are offset to the center position of the selected
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template and then matched against the selected tem-
plate. PETM can represent the category of a baseline
car model recognition method [15] utilizing pose esti-
mation and template matching.

(2) PASM (Pose estimation and ASM)
PASM performs ASM to extract shape features after the
pose angle and center position have been estimated.
The center position will be re-estimated by the cen-
ter of the shape features, and a better alignment for
template matching is acquired. The segmentation pro-
cessing is also performed and the tested car image is
matched against the template with the orientation clos-
est to the estimated pose angle. PASM can represent the
category of an advanced car model recognition method
[19] using pose estimation and template matching.

(3) ASMM (ASM and mirror morphing)
ASMM is our proposed algorithm which performs the
whole set of functions of five steps as depicted in
Fig. 1. Comparing with the algorithm PASM, mirror
morphing is performed for both tested and template
car images. Then, the morphed tested car image is
matched against the morphed template car image with
the orientation closest to the estimated pose angle. In
PASM and ASMM, the front (or rear) view and the
side view images of the tested car are extracted sep-
arately and they are matched against their individual
templates.

(4) QRAFM (Quasi-rigid alignment and flexible matching)
The QRAFM algorithm [20] proposes a quasi-rigid
alignment technique and designs a local flexible match-
ing mechanism to recognize cars. The tested car is
aligned to the template car based on the established
corresponding relationships between the key segments
on the tested car and the template car. Subsequently, the
local flexible matching mechanism divides the tested
car into multiple patches. Each patch is shifted in the
neighboring regions to obtain the optimal match to the
corresponding part of the template car.

Since the procedures of PETM, PASM and ASMM are
similar, more detailed analyses are provided to demon-
strate the contribution when the mirror morphing technique
is involved. Because the accuracies of the estimated pose
angle and center position considerably affects the perfor-
mance comparison, two estimation approaches, introduced
in Sect. 3, are tested. The conventional pose estimation ap-
proach based on the ratio of car width to car height is denoted
as A, and our proposed pose estimation approach based on the
ratio of half front (or rear) width to car width is denoted as B.
The PETM, PASM, and ASMM algorithms can use either A
or B as the initial setting to analyze the intermediate data. The
names of these algorithms and their respective functionality
are illustrated in Table 1. Because the QRAFM algorithm

Table 1 The functions working in the PETM, PASM, and ASMM
algorithms

Step (1) (2) (3) (4) (5)
Algo. name Pose Shape Car Mirror Template

& center feature region morphing matching
estimation extraction segmentation

PETM-A � × × × ©
PETM-B � × × × ©
PASM-A � © © × ©
PASM-B � © © × ©
ASMM-A � © © © ©
ASMM-B � © © © ©
� the conventional pose estimation approach, �our proposed pose esti-
mation approach, × the step is not performed, © the step is performed

adopts different strategies for recognition, the initial setting
is not applied and only the recognition performance is com-
pared.

6.2 Experimental description

In the experiments, we compare the performance of the algo-
rithms in car model recognition. To distinguish a car from
other cars with distinctly different shape or color is gener-
ally not a difficult problem and can be accomplished by ASM
or the template matching techniques easily. In this paper, we
focus on the challenging cases that recognize cars with sim-
ilar shape and color.

A car image database [41] is constructed containing over
6,000 car images with orientations from 0◦ to 360◦. The
images were captured in real traffic streams and some exam-
ples are shown in Table 2. The images in the database are
categorized as target model and non-target model. Two car
models, Toyota VIOS in silver and Nissan New SENTRA in
yellow, are selected as the target car models. All the non-tar-
get model cars are similar in shape and color to the target
model cars.

In the dataset, 36 car images at 0◦, 10◦, 20◦, 30◦, . . . and
350◦ for each target model are collected as the template
images. In the pose and center estimation step, the tem-
plate images are divided into four sets, [0◦, 90◦], [90◦, 180◦],
[180◦, 270◦], and [270◦, 360◦]. In each set, ten template
images are utilized to construct a monotonic function to esti-
mate the pose angle of a tested car. In the shape feature extrac-
tion step, ASM requires 36 training sets to train the ASMs for
all sample pose angles (θ = 0◦, 10◦, . . . , 350◦). Each train-
ing set collects the required template images as a set, covering
the following pose angles: θ − 20◦, θ − 10◦, θ, θ + 10◦, and
θ + 20◦ for the sample pose angle θ . In the mirror morp-
hing step, the side regions of all 36 template images are seg-
mented for quasi-mirror morphing. In the template match-
ing step, all 36 template images are morphed and one of
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Table 2 Examples of database
images. Each row displays car
images in the same view. The
first car with red boundary is the
target model and the others are
non-target models (color figure
online)

the morphed template images with the orientation closest
to the estimated pose angle of the tested car is selected for
matching.

All images of non-target model cars were tested first when
the experiment begins. The system pre-assumed the tested
cars to be the target model, and matched them against the
target car template. The matching error between the tested
car and the target car template was computed. Cars that were
non-target models with low matching error for misclassi-
fication as the target model were called false alarms. To
determine whether a tested car was target model or not, a
threshold was defined to maintain the probability of false
alarms as Eq. (20) at an acceptable level. For fair compari-
son, the probability of false alarm (Pfa) was maintained the
same for all algorithms and the respective threshold is set
thereby.

Pfa = # of non-target model misclassified as the target model

# of non-target model
(20)

When the threshold was set properly, we next matched
the target model cars against the target car template under
the same Pfa for all algorithms. The target model cars whose
matching error is smaller than the threshold are correctly clas-
sified as the target model. The rate of successful recognition

(Prec) of the target model cars was calculated, as illustrated
in Eq. (21).

Prec = # of target model correctly classified as the target model

# of target model
(21)

6.3 Performance evaluation

The following performance indices are evaluated for the
PETM, PASM, and ASMM algorithms: (1) accuracy of pose
angle and center position estimation, (2) similarity of target
and non-target model cars, (3) recognition rate over all ori-
entations. Only the similarity index and recognition rate of
QRAFM are measured because the QRAFM algorithm does
not estimate the pose of a tested car. Finally, (4) the compu-
tation load of each functional step is demonstrated to verify
the efficiency of the proposed system.

6.3.1 Accuracy of pose angle and center position estimation

The accuracies of pose angle and center position estimations
will affect the performance of ASM and mirror morphing,
therefore the recognition performance is also influenced sig-
nificantly. For each tested car, the ground truth of pose
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Fig. 9 Accuracy of estimated
pose angle over all orientations
of the six algorithms

Fig. 10 Accuracy of estimated
center position over all
orientations of the six
algorithms

angle is manually defined. After the pose angle of the tested
car is estimated by a pose estimation approach, either A
or B, a template car that covers the estimated angle is
selected. The absolute difference between the ground truth
and the estimated pose is defined as the pose error with-
out quantization (noQ). The absolute difference between
the ground truth and the pose angle of the template is de-
fined as the pose error with quantization. Because we took
10◦ as the angle unit for preparing the templates, the pose
error within ±5◦ will exist inherently for each algorithm
when the tested car is matching against the selected tem-
plate.

Figures 9 and 10 show the statistical accuracies (the RMS
errors over numerous tested car images) of the estimated pose
angle and center position for the six algorithms: PETM-A,
PETM-B, PASM-A, PASM-B, ASMM-A, and ASMM-B. In
Fig. 9, the pose errors without quantization are also shown as
PETM-A(noQ) and PETM-B(noQ). In our experiments, the
quadrants of the orientations for all target model ca rs can be
correctly identified. Due to the symmetric property, only the

performances of the half orientations [0◦, 180◦] are shown
in the figures.

In Fig. 9, the pose errors in PETM-A are about from 3.27◦
to 13.02◦. Larger errors appear when the orientations are
within [40◦, 80◦] and [100◦, 150◦]. The algorithm PETM-
B always has smaller pose errors (from 2.50◦ to 6.49◦)
than PETM-A, especially when the orientation is within
[40◦, 80◦] and [100◦, 150◦]. This indicates that our proposed
pose estimation approach (B) provides smaller and stable
pose error than the conventional pose estimation approach
(A) over most orientations.

However, PETM-A exhibits smaller pose errors in the
neighborhood of the lateral view [80◦, 100◦] than in other
views. While, the PETM-B without substitution processing
(denoted by PETM-B(noS) in Fig. 9) demonstrates larger
pose error in these views [80◦, 100◦]. As mentioned in
Sect. 3, a hybrid strategy (with substitution processing) is
employed to improve the accuracy of PETM-B in cases close
to the lateral view. Therefore, PETM-B can provide accurate
pose angle estimation over all orientations.

123



Car model recognition by utilizing symmetric property 269

Fig. 11 Matching error
distribution of a PETM-A and
b PETM-B on target cars and
non-target cars (color figure
online)

Fig. 12 Matching error
distribution of a PASM-A and
b PASM-B on target cars and
non-target cars (color figure
online)

Since the pose errors of PETM-B and PETM-B(noQ) are
always smaller than 7◦ and 5◦, respectively, the proposed
pose estimation approach (B) would be sufficient to sup-
port the ASM initialization, mirror morphing and template
matching. PASM adopts the estimated pose angle obtained
in PETM, so the pose errors of PASM-A and PASM-B are
the same as those in PETM-A and PETM-B.

Figure 10 shows the center bias of the six algorithms.
Because the pose error of PETM-B is smaller than PETM-A,
the center bias of PETM-B is also better than that in PETM-
A. Excluding the cases of very small orientation, the center
bias is from 6.12 to 8.13 pixels in PETM-B and from 6.85 to
10.00 pixels in PETM-A. Because PASM-A and PASM-B
can get more location information by ASM than PETM-
A and PETM-B, a more accurate center position will be
re-estimated for PASM-A and PASM-B. Within the orien-
tation [0◦, 50◦] and [140◦, 180◦], the center bias in PETM-A
is from 7.05 to 14.01 pixels and from 6.12 to 12.00 pixels in
PETM-B. Whereas, the center bias is only from 2.69 to 6.68
pixels in PASM-A and is from 1.89 to 6.58 pixels in PASM-
B. Within the orientation [50◦, 80◦] and [100◦, 140◦], PASM
still has more accurate estimation of center position, but the
improvement is not so significant as in the cases of pose angle
[0◦, 50◦] and [140◦, 180◦].

Even the algorithm PASM-B remains small estimation
errors of pose angle and center position, the recognition per-
formance is still influenced dramatically by the small errors.
To eliminate these errors, the ASMM algorithm adopting
mirror morphing is proposed. The ASMM-A and ASMM-
B algorithms normalize both the poses of the tested car
and the template car to an exactly typical (front or rear) or

approximately typical (side) view. In Fig. 9, the pose errors
using our proposed algorithms, ASMM-A and ASMM-B,
are approximately zero when the orientation is close to 0◦
or 180◦. When the orientation approaches to the lateral view
[80◦, 100◦], the quasi mirror morphing process is dominant
to work for the side region, thereby increasing pose error.
In ASMM-A, the maximum pose error is 4.12◦, appearing
at 70◦ and 110◦. In ASMM-B, the maximum pose error is
2.54◦ appearing at 80◦ and 100◦. Since the shape deforma-
tion is less serious in the neighborhood of the lateral view,
this degree of pose error can be tolerated and a satisfactory
recognition rate can still be obtained, as introduced later in
Fig. 15.

The errors of center (reference) position bias in the hor-
izontal axis can also be eliminated by mirror morphing and
the remaining vertical center bias in ASMM-A and ASMM-
B shown is small. In Fig. 10, if excluding the cases of very
small orientation, the maximum center bias is 2.76 pixels in
ASMM-A and 2.23 pixels in ASMM-B. Since the ASMM-A
and ASMM-B algorithms have very small pose error and cen-
ter bias, very good recognition performance can be obtained.

6.3.2 Similarity of target and non-target model cars

The similarity of the target model cars and the non-target
model cars determines whether they are easily to be distin-
guished or not. A good recognition algorithm should make
the target model cars and those of the non-target model cars
have very low similarity even they are in the severe pose var-
iation condition and similar in shape and color. Figures 11,
12, 13 and 14 show the distribution of the matching errors
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Fig. 13 Matching error
distribution of a ASMM-A and
b ASMM-B on target cars and
non-target cars (color figure
online)

Fig. 14 Matching error
distribution of QRAFM
adopting the template car whose
orientation is a 30◦, and b 50◦
on target cars and non-target
cars (color figure online)

(SAD-score) between the tested car images to the template
image.

In Figs. 11, 12, 13 and 14, the matching errors of the tar-
get and non-target model cars fully spread over the horizontal
axis are scaled in a range from 1 to 80. The matching error is
represented by the value of the symbol “i” and the equation
a×i +b below the horizontal axis. The symbol “i” represents
the value on the horizontal axis (i = 1, . . . , 80). The match-
ing error is computed by substituting the value of “i” into the
equation. For example, when the value of “i” is 26, the value
of matching error in Fig. 11a is 2.09 × 26 + 41.8 = 96.14.

The red and blue curves in Figs. 11, 12, 13 and 14 show
the distributions of the matching errors of the non-target cars
and the target cars with the template car in the cases of ori-
entation 50◦ ± 5◦. The red curve can be served as the basis
to establish a specific threshold (thmodel) for controlling the
probability of false alarm (Pfa). The blue curve can be uti-
lized to evaluate the successful recognition rate (Prec) under
the specified threshold. Only the target model cars whose
matching errors are below the threshold are correct recog-
nitions. Therefore, the area painted by the blue color shows
the cases of successful recognition, while the overlap area
painted by the pink color shows the cases of fail recognition.
The size of the pink area represents the similarity of target
cars and non-target cars on each algorithm and the size of the
blue area displays the recognition performance.

From Fig. 11a, in the algorithm PETM-A, the pink area
occupies 60.42% of the target model cars area. Thus, the rec-
ognition rate of PETM-A is 39.58%. From Fig. 11b, in the
algorithm PETM-B, the pink area occupies 52.69% of the tar-
get model cars area. Thus, the recognition rate of PETM-B

is 47.31%. Our proposed pose estimation approach provides
about 8% improvement from PETM-A to PETM-B.

Figure 12a, b shows the overlapped (pink) area of tar-
get and non-target model cars of PASM-A and PASM-B,
respectively. Since the algorithm PASM utilizes ASM to get
more accurate center position than PETM, PASM has obvi-
ously smaller pink areas (30.21% in PASM-A and 18.75% in
PASM-B) than PETM. Thus, the recognition rate of PASM-A
and PASM-B would be 69.79 and 81.25%, respectively.

Because of the benefit of mirror morphing, the algorithms
ASMM (including ASMM-A and ASMM-B) show obvi-
ously smaller pink area than the above mentioned algorithms.
In Fig. 13a, the percentage of the pink area in ASMM-A is
13.54%, so that the recognition rate is 86.46%. In ASMM-B,
because our proposed pose estimation approach (B) provides
more accurate initial setting for ASM than the conventional
approach (A), the shape feature of the tested car can be ex-
tracted by ASM more accurately. From Fig. 13b, the match-
ing error distribution of the target model cars and the non-tar-
get model cars in ASMM-B is almost completely disjoint, so
that the pink area almost disappears (0%) and the recognition
rate is nearly 100%.

Figure 14a, b shows the distribution of the matching errors
of the QRAFM algorithm when the tested cars with orienta-
tions of 50◦±5◦ are aligned to the template cars with orienta-
tions of 30◦ and 50◦, respectively. The alignment may deform
the shapes of the tested cars. The greater the pose differences
between the tested cars and the template car, the more serious
the deformation will be. In Fig. 14a, because of larger pose
differences (approximately 20◦) between the tested cars and
the template car, the percentage of the pink area is 29.63%
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Fig. 15 Recognition rate over
all orientations of the PETM,
PASM and ASMM algorithms

Fig. 16 Recognition rate over
all orientations of the ASMM-B,
PE-QRAFM, QRAFM with 45◦
and 135◦ templates, and
PASM-B algorithms

and the recognition rate is 70.37%. In Fig. 14b, the absolute
pose differences between the tested cars and the template car
are smaller than 5◦. Hence, the pink area occupies 10.43% of
the target cars, therefore the recognition rate of the QRAFM
algorithm achieves 89.57%.

By comparing ASMM with QRAFM, the recognition rate
of ASMM (Fig. 13b) is considerably higher than that of
QRAFM (Fig. 14a or b). In Fig. 14b, the orientations of the
tested cars are close to the orientation of the template car, but
ASMM is still superior to QRAFM. The QRAFM algorithm
will align the tested cars including target and non-target cars
to the same shape with the template car, whereas ASMM
morphs the tested cars depending on their original images
and mirror images. Hence, ASMM demonstrates a lower de-
gree of similarity between the target and non-target cars than
that provided by QRAFM.

6.3.3 Recognition rate over all orientations

We show the recognition rates of all algorithms for the tested
cars over all orientations in Figs. 15 and 16. Due to the sym-
metric property, only the performances of the half orienta-
tions (0◦–180◦) are shown.

In Fig. 15, the algorithm PETM-A has a moderate recog-
nition rate from 40 to 70% for the entire orientations. The
recognition rate of PETM-B is improved about 5–15% than
those in PETM-A when the orientation is within [40◦, 70◦]
and [110◦, 140◦]. The recognition rate of PASM-B can also

be improved about 5–15% than those of PASM-A within the
same orientation range. The improvement is because our pro-
posed pose estimation approach (B) provides smaller pose
error than the conventional pose estimation approach (A)
when the pose angle is within [40◦, 80◦] and [100◦, 150◦] as
shown in Fig. 9.

Because the PASM algorithms (including PASM-A and
PASM-B) can reduce the errors of center position signifi-
cantly as shown in Fig. 10, the recognition performance can
be highly enhanced. In Fig. 15, the recognition rate of PASM-
A achieves 65–80% and the recognition rate of PASM-B
achieves 75–90%. These recognition performances are much
better than those of PETM-A and PETM-B and the improve-
ment is about 10–30%.

Since mirror morphing can eliminate the estimation errors
of pose angle and center position, the algorithms ASMM-
A and ASMM-B can obtain very good recognition perfor-
mance. In Fig. 15, ASMM-A achieves the recognition rate
from 85 to 90% and the recognition rate of ASMM-B exceeds
95% over all orientations. ASMM-B is superior to ASMM-A
because our proposed pose estimation approach (B) can pro-
vide more accurate pose and center estimations. The shape
features of cars will be extracted more accurately and the
effect of the blurred phenomenon through mirror morphing
is alleviated.

In the neighborhood of the lateral view [80◦, 100◦], since
the conventional pose estimation approach has smaller pose
error in this range of views, the algorithms denoted by A
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(PETM-A, PASM-A, ASMM-A) demonstrate superior rec-
ognition rates than those in the other views. By the hybrid
strategy, the algorithms denoted by B (PETM-B, PASM-B,
ASMM-B) have approximately the same pose error and rec-
ognition rate in all orientations. And, because the tolerance
of pose error is greater in cases close to lateral view, the quasi
mirror morphing process which we design for side region can
still work well in these cases. As shown in Fig. 15, the pro-
posed algorithms (ASMM-A and ASMM-B) still have high
recognition rates in the neighborhood of the lateral view. In
ASMM-B, a recognition rate exceeding 95% can be achieved
in all orientations, even in the cases close to the lateral
view.

Figure 16 compares the recognition rates of ASMM-B
(blue curve), PASM-B (green curve), and QRAFM with
45◦ and 135◦ templates (pink curve) over all orientations.
According to the analysis of Fig. 14, the recognition rate
of QRAFM decreases in conjunction with the increment of
pose-difference between the template and the tested cars. For
the QRAFM algorithm with the 45◦ template, the recogni-
tion rate is over 80% when the orientation of the tested car
is within [40◦, 50◦]. If the orientation of the tested car falls
in the range of 30◦ ± 5◦ or 60◦ ± 5◦, the recognition rate
decreases to smaller than 70%. Moreover, the recognition
rate is lower than 50% when the orientation of the tested
car is smaller than 20◦ or larger than 70◦. ASMM obviously
outperforms QRAFM.

Since the QRAFM algorithm exhibits superior perfor-
mance when the pose differences between the template and
the tested cars are limited, we combine our proposed pose
estimation approach with QRAFM and compare the inte-
grated algorithm with ASMM. The integrated algorithm is
termed PE-QRAFM (pose estimation-quasi rigid alignment
and flexible matching). The recognition rate of PE-QRAFM
which is shown as the dashed pink curve in Fig. 16 can be
improved averaging to approximately 90%; however, our
proposed algorithm ASMM achieves a superior recogni-
tion rate averaging around 98%. Therefore, even though the
QRAFM algorithm is assisted by the proposed pose estima-
tion approach, our proposed ASMM algorithm which utilizes
the mirror morphing technique is superior to the QRAFM
algorithm for car model recognition, especially in the cases
of cars with similar shape and color.

6.3.4 Computation load

Our proposed system was implemented on an AMD Athlon
II X2 240, 2.0 GB RAM, 2.81 GHz PC with Language C
environment. The average computation time of each step per-
formed on a tested image (image size = 150×500 pixels) is
reported in Table 3. The computation time for the whole sys-
tem is about 0.530 s and such computation time is applicable
to most real systems.

7 Conclusions

Recognizing car models remains a challenge nowadays, be-
cause cars in the same class tend to appear similar. In addi-
tion, the shape features of vehicles vary significantly from
those of the template under different poses. Pose and center
estimations can be performed to limit the influence of the
pose variation. However, very accurate pose and center esti-
mation is hardly to be obtained in practice and even a little
deviation in the estimated pose and center would degrade the
recognition performance significantly.

In this paper, we present a mirror morphing scheme which
utilizes the symmetric property of cars to eliminate the pose
variation and center bias. Therefore, the difficult pose prob-
lem can be accommodated. Mirror morphing requires know-
ing the locations of shape feature of cars first. We adopted
ASM to acquire the shape information. An effective approach
to obtain proper initial estimation of pose angle and center
position is also proposed for ASM initialization. The esti-
mated pose angle and center position provide a good start
for ASM to lead to the right direction to find correct shape
feature.

In experiments, our proposed pose estimation approach
provides much smaller estimation error than the conven-
tional pose estimation approach. Through the ASM process-
ing, more accurate estimation of the center position can be
obtained and the recognition performance of car models can
be further improved. When the mirror morphing technique is
added, the recognition rate can increase to reach a very high
performance level. Our proposed system can achieve a very
good recognition rate (>95%) with very low probability of
false alarm over all orientations in the cases of the cars with
similar shape and color.

The techniques which we present in this paper, including
the initial pose and center estimation, shape feature extrac-
tion by ASM, and mirror morphing, can work together to
form up an advanced system for car model recognition. Mir-
ror morphing is the core function of our proposed system
and it can also cooperate with other pose and center estima-
tion or shape feature extraction algorithms to achieve even
better performance. The experimental results show that the
proposed pose and center estimation approach and the ASM
technique which we adopted can support our mirror morp-
hing process working effectively.

The proposed system is mainly designed for cars exhibit-
ing symmetry in the front and rear regions. The system can
recognize sedans, station wagons, vans, etc., well in all ori-
entations. A number of vehicle types, such as SUVs, Jeeps,
and trucks, have the symmetric properties in the front region,
but usually lack symmetry in the rear region. Our proposed
system is only able to recognize such vehicles in a limited
number of orientations, in which the front region of the tested
car is visible.
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Table 3 Average computation time of each step in the proposed system

Step (1) (2) (3) (4) (5) Whole system
Pose & center
estimation

Shape feature
extraction

Car region
segmentation

Mirror
morphing

Template
matching

Computation time (s) 0.072 0.140 0.026 0.283 0.009 0.530

Our proposed approach performs well for car images cap-
tured from the ground level or a slightly higher view. In many
useful situations such as holding a camera in hands, mount-
ing a camera on a tripod, or placing a camera on a driving
car, the proposed approach achieves satisfactory recognition
accuracy for car models. In surveillance systems, cameras
are generally deployed at fixed locations with fixed heights,
so the vertical view angle is limited to within a small range.
The proposed approach can still improve the car model rec-
ognition rate. In more challenging situations where cameras
are set up in locations with various vertical view angles, a
more intelligent pose estimation algorithm should be devel-
oped and more templates covering a wide range of vertical
view angles should be prepared. Cases involving a variety
of vertical view angles will be dealt with in the future. Fur-
thermore, our proposed approach is able to accommodate
general lighting and weather variations. Recognizing cars
under extremely various lighting and weather environments
is another future work of this paper.
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