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Abstract

In spite of recent progress achieved in near-frontal face
recognition, the problem of pose variations prevalent in 2D
facial images captured in the wild still remains a chal-
lenging and unsolved issue. Among existing approaches
of pose-invariant face recognition, 3D-aided methods have
been demonstrated effective and promising. In this paper,
we present an extensive evaluation of two widely adopted
frameworks of 3D-aided face recognition in order to com-
pare the state-of-the-art, identify remaining issues, and of-
fer suggestions for future research. Specifically, we com-
pare the pose normalization and the pose synthesis (render-
ing) based methods in an empirical manner. The database
(UHDB31) that we use covers 21 well-controlled pose vari-
ations, half of which show a combination of yaw and pitch.
Through the experiments, we present the advantages and
disadvantages of these two methods to provide solid data
for future research in 3D-aided pose-invariant face recog-
nition.

1. Introduction

Recently, several methods have reached an exceptionally
high face verification rate (99.63 %) [22] on the ’Labeled
Faces in the Wild’ database [14]. Even though significant
progress has been made in this near-frontal face recogni-
tion challenge with deep neural networks and massive train-
ing data, pose-invariant face recognition required by real-
world applications remains largely unsolved [7]. Funda-
mental research is still critical and essential for addressing
other more challenging and demanding tasks (e.g., uncon-
strained video-based face verification and face recognition
in a surveillance stream). In this paper, we present an analy-
sis of 3D-aided face recognition, one of the powerful strate-
gies for pose-invariant face recognition [7].

In 3D-aided face recognition, a 3D facial model is ex-
ploited as prior information to assist recognition. The

method is intrinsically designed to minimize the intraclass
variations through unsupervised geometric transformation
before feature extraction. This differs from the supervised
methods (e.g., metric learning or subspace analysis) that
search for an implicit discriminative space after feature ex-
traction. Compared to the 2D-based methods, the 3D-aided
approach has the potential to perform better in unrestricted
scenarios because the geometric shape transformation is
more robust to the artifacts attributed to illumination and
occlusion. Meanwhile, it preserves the local consistency
in the transformed space and simultaneously suppresses the
intraclass variations.

Most of the methods in this domain [25, 5, 12, 11,
13, 23, 19] fall roughly into two categories based on how
they exploit 3D information: normalization-based methods
[25, 5, 13, 23, 11] and rendering-based methods [12, 19].
The overview of these methods can be viewed in Figs. 1
and 2. In the normalization-based methods, a 3D model
is used to normalize all the faces in the gallery and probe
to a frontal pose. In rendering-based methods, instead of
normalization, with the help of the 3D model, the facial im-
ages in the gallery are rotated to approximate the pose of
the probe image. We compare normalization-based meth-
ods and rendering-based methods through experiments in
a comprehensive facial database (UHDB31) and provide
informative suggestions for future work on 3D-aided face
recognition.

2. Related work

Pose alignment exploits geometric knowledge of a hu-
man face to transform either the gallery or probe, or both, to
achieve correspondence. There are a few 2D-based methods
for pose-alignment. Liu et al. [17] proposed an algorithm
that aligns two images by searching for a dense scene cor-
respondence through SIFT-flow. Qiu et al. [21] proposed a
domain adaptation approach that models images under dif-
ferent poses as linear combinations of multiple parametric
functions. Given a gallery or a probe image, a frontal facial



Figure 1. Depiction of the overview of a normalization-based method. The blue dots depict the landmarks used for pose estimation. The
blue crosses depict the positions used for extracting local features.

Figure 2. Depiction of the overview of a rendering-based method. The blue dots depict the landmarks used for pose estimation. The blue
crosses depict the landmark positions used for extracting local features.

image can be synthesized once the sparse coefficients are
computed. Even though they have outperformed previ-
ous state-of-the-art methods, they are limited to near-frontal
face recognition. They have not provided a good solution
for when the yaw or pitch of the head pose is large. Re-
cently, 3D-based methods have drawn more attention, in-
cluding both normalization-based methods and rendering-

based methods. One common point of normalization-based
methods [25, 5, 13, 23, 11] is that they normalize the head
pose of both gallery and probe images to frontal view; the
pipeline is shown in Fig. 1. Though broadly applied, this
method may introduce artifacts when the facial pose is large
and can incur self-occlusions, causing loss of discrimina-
tive information. Another problem is that the method is
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not robust to pose estimation errors caused by inaccurate
landmarks or incorrect 2D-3D projection matrix estimates.
An alternative solution [12, 19] rotates each image in the
gallery to synthesize and build multiple complementary dic-
tionaries of various facial poses (Fig. 2). Because the num-
ber of samples in a dictionary may compensate for inaccu-
rate pose estimation, this method also attained competitive
results on several databases.

To the best of our knowledge, this is the first paper to
compare these two types of 3D-aided methods as well as
investigate their robustness to pose estimation errors.

3. Methods

We analyze two types of 3D-aided face recognition
methods under the widely adopted closed-set identification
protocol. In our experiments, we assume that there is only
one controlled 2D image available for each subject in the
gallery. In testing, the input is the 2D facial images with
moderate or extreme (e.g., face profile images) pitch or yaw
rotations.

3.1. Normalization

We employ the method proposed in [25] by Toderici et
al. (without light normalization) to obtain a frontal image
of the face in a pose normalized space (PNS) with the help
of an annotated face model [2, 27], which could either be a
personalized or a generic 3D facial model. In this paper, we
briefly summarize the pipeline of this method. More details
can be found in [3, 25].

After pre-processing the 3D raw data using the method
proposed by Kakadiaris et al. [2], an Annotated Facial
Model is registered to each individual’s 3D data to obtain
a personalized 3D mesh model. In training, after annotating
all of the landmarks in both 3D and 2D faces, a transforma-
tion of the mesh model to the 2D gallery image is estimated.
Then, the personalized AFM is registered to the image ac-
cordingly. Using the fitted AFM, the facial texture from the
2D image is lifted and the pose normalized face representa-
tion is generated. In testing, the same process is repeated.
Because the subject’s identity is unknown, there are two op-
tions to obtain the texture of the probe image: generating a
texture image using a generic (mean) 3D model or using a
personalized 3D model. The generated textures are dot mul-
tiplied by the visibility map [8] and then the similarity of the
texture between the probe and each subject in the gallery is
computed in order to infer the subject’s identity (Fig. 1).

There are several works on normalization-based methods
[12, 8] that use a reconstructed 3D model from a 2D gallery
image to create the PNS. In this paper, we simplify the prob-
lem and seek to understand how much improvement could
be attained if a personalized 3D model is employed instead
of a “mean” model. Any reconstructed model’s accuracy

will lie between these two extreme cases. Since construct-
ing a 3D facial model from a single image is another re-
search direction that is beyond the scope of this paper, we
will not discuss it further in this paper.

3.2. Rendering

For rendering-based methods, following the framework
of Moeini et al. [19], the toolbox provided in Hassner et al.
[10] is employed for the AFM rendering as shown in Fig. 2.
After estimating the facial pose and establishing the dense
correspondence between meshes, the textured AFM in the
gallery is rotated to generate multiple synthetic facial im-
ages that cover the 2D (pitch and yaw) pose space - either
a generic AFM or a personalized AFM can be used in this
process. The pose space is discretized between [-92◦,92◦]
with a step of 4◦. In testing, the pitch, yaw, and roll of the
probe image are estimated using facial landmarks at the be-
ginning, then the input image is rotated so that the eyes are
parallel with the x-axis of the image (this is slightly different
from [19] in which the author built a 3D dictionary covering
all pitch, yaw and roll, which is not essential and is compu-
tationally expensive). Then, the nearest neighbors for the
estimated pitch and yaw angle among the discretized pose
spaces are retrieved along with a 7×7 window that covers
the 48 neighbors of the estimated pose. The synthetic facial
images within these selected pose space form a dictionary
comprising 7×7×N columns (N is the number of subjects)
and M rows (M is the length of feature vector). Sparse cod-
ing is performed to determine the identity of the probe using
the minimum reconstruction error criterion [26].

4. Experimental design
We designed three experiments to analyze the perfor-

mance of both rendering-based methods and normalization-
based methods for 3D-aided face recognition. In the first
experiment, we seek to understand whether each method
can still perform well if only a 3D mean model is provided
instead of a personalized model. The statistics will indicate
an upper and an lower bound of the performance using a
reconstructed 3D facial model. In the second experiment,
we explore the robustness of the two methods. Since the
landmark annotation is more likely to be imperfect in most
of the real-world applications, we investigate to what ex-
tent the face recognition performance will degrade when the
pose estimation has some errors. In the last experiment, we
explore whether building a pose dictionary is a promising
way to untangle the pose error and whether the sparse rep-
resentation is a potential direction to boost the performance.

In our experiments, two kinds of features were used,
namely the global descriptors on the ROI and the local fea-
tures on the landmarks. Following the recent trend of us-
ing binary features to describe the face for computational
efficiency, we use four binary features and two classical
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Figure 3. Example 21 views captured by our 21-pod system.

features for evaluation. The HOG [6], LBP [20], and BSIF
[15] features are extracted from the global ROI. The BRISK
[16], FREAK [4], and SIFT [18] features are extracted lo-
cally. All these features have been widely used in 2D face
recognition and have shown competitive performance. In
this paper, we do not aim to benchmark each feature’s per-
formance. For a fair comparison, we use the cosine distance
as the similarity metric for HOG and SIFT, and use ham-
ming distance for all the binary features.

4.1. Database

Most of the previous experiments have been conducted
on Multi-PIE [9] or LFW [14]. However, these two
databases lack the ground truth 3D data needed for a com-
prehensive analysis. To fill this gap, Kakadiaris et al. made
available the UHDB11 database [24] which includes per-
sonalized 3D data for 3D-aided face recognition. In this pa-
per, we use a new database (UHDB31) comprising 3D facial
models and facial images from 21 viewpoints for each of the
77 subjects to evaluate these two 3D-aided face recognition
methods. All the data were captured by 21 3dMDTM [1]
high resolution cameras properly set-up in a semi-sphere
configuration as shown in Fig. 4. An example of 21 facial
images of a subject captured using the system is shown in
Fig. 3. The average size of the face ROI is around 800×600
pixels. In enrollment, each subject is required to look di-
rectly towards the camera located in the center of the sys-
tem. The system captures all 21 views of the person simul-
taneously. Concentrating on pose estimation, we control the
illumination conditions and use direct ambient illumination
during data acquisition. The 3D model derived from the

data obtained using the central camera is employed as the
ground-truth personalized 3D model for each identity.

Figure 4. Depiction of our 21-pod used to capture the UHDB31
database.

4.2. Implementation details

We manually annotated 12 landmarks on each of the
2D images and the 3D models as shown in Figs. 1 and
2. The pose is estimated based on the visible landmarks
among the 12 annotated positions (marked by annotators)
in all views. A visibility map is used when comparing two
pose-normalized space. The local features on PNS are ex-
tracted from nine fixed locations in the PNS space (indi-
cated in Fig. 1). In rendering-based methods, the face in
the probe is resized to the similar size as the rendered im-
age before computing the local features on the landmarks.
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The local features are extracted from the visible landmarks
among all the nine annotated positions (indicated in Fig.
2). When extracting the global ROI features, in either the
normalization-based or rendering-based methods, the ROI
size is set to be 90×90. For computing the features, we
adopt the default parameter settings specified in the original
papers.

4.3. Is a personalized 3D model necessary?

In this experiment, we concentrate on comparing the per-
formance of normalization-based methods and rendering-
based methods with either a mean or a personalized 3D
model. The results are summarized in Table 1.

We observe that using a personalized 3D model in-
deed improves the performance of rendering-based meth-
ods. However, it does not necessarily help normalization-
based methods, especially when local features such as
SIFT and BRISK are used, in which case better perfor-
mance is achieved using a mean 3D model. This was
a surprising and interesting finding since it is usually as-
sumed that exploiting the personalized 3D model helps im-
prove the performance monotonically. Examining these two
methods in detail provides us with the necessary insights.
Rendering-based methods discriminate between different
subjects based on both facial appearance and facial geom-
etry (contour shape). This information are better preserved
by using a personalized 3D model and is better encoded
by features computated on a local patch. Specifically, the
personalized 3D shape layout around the contours is pre-
served and generalized very well through the HOG feature
when the 3D model is rendered into different aspects; this
may help explain why HOG outperforms the other features.
When the mean 3D model is used, in rendering-based meth-
ods, the discriminative information related to facial geome-
try is neutralized. On the contrary, in normalization-based
methods, the 3D model is used to lift the local texture from
the 2D image and transform it into the PNS, where facial
geometry is explicitly normalized to achieve pixel-wise cor-
respondence across shape and pose variations. As a result,
the personalized 3D information might not contribute too
much in this process. This also might explain why the fine-
grained texture descriptors (e.g., BSIF and LBP) perform
better on PNS.

For keypoint descriptors, including SIFT, BRISK, and
FREAK, we observe that using SIFT features extracted
from the fiducial points on PNS provides the best result.
This is because the normalization-based methods are bet-
ter at achieving pixel-wise correspondence across different
viewpoints and, at the same time, preserving local texture
information. In rendering-based methods, however, we ob-
serve that the keypoint descriptors perform poorly. There
are two reasons. First, in sparse sampling, the dictionary
in rendering-based methods might not be robust enough to

Table 1. Identification rates (%) for normalization-based methods
and rendering-based methods using a personalized (P) or a mean
(M) 3D model.

Feature Normalization-based Rendering-based
P M P M

HOG 51.8 53.2 83.0 77.3
BSIF 73.2 71.2 65.7 62.9
LBP 65.9 57.4 62.1 59.3

SIFT 75.8 76.8 1.0 0.0
BRISK 64.4 68.0 1.6 0.4
FREAK 56.2 55.0 0.9 0.0

handle the variations exhibited in the probe image, includ-
ing not only facial pose, but also the scale. If the face
scale in the dictionary of rendering-based methods does not
match with the face scale of the probe image exactly, which
happens frequently in dealing with facial images from dif-
ferent viewpoints, the face recognition performance will
drop significantly. The second reason might be that the in-
formation captured on the fiducial landmarks is insufficient
to represent the subject’s identity with so much informa-
tion (e.g., the contour of the face, the skin color, the hair
style) being discarded. Based on the experimental results,
we conclude that dense sampling of local features is criti-
cal to handling the large pose problem in rendering-based
methods. Due to the poor performance of keypoint descrip-
tors on rendering-based methods, we do not use them in the
following experiments.

Figures 6(a) and 6(d) depict the best face identification
accuracy of each of the 21 views, which are Mean 3D +
SIFT (normalization-based method) and Personalized 3D +
HOG (rendering-based method). We observe that even for
extreme facial poses, such as profile view, the accuracy of
rendering-based methods is still above 85 %, which demon-
strates its robustness against facial pose. In contrast, the
normalization-based method will generate unreal artifacts
as shown in Fig. 1 which may detrimental to recognition.
We also observed that it is more difficult to recognize the
probe when s/he is looking down rather than looking up.

4.4. Robustness to pose estimation error

In the second experiment, we evaluate the robustness of
3D-aided methods to pose estimation error. We select the
two best performing protocols from the last experiments to
explore. A generic model is adopted for normalized-based
methods, whereas a personalized model is employed in
rendering-based methods. In both protocols, the pose is es-
timated based on the sparse 3D landmarks on a generic 3D
model. We gradually add 3◦, 6◦ and 9◦ (maximum) random
noise around all the pitch, yaw and roll angles of the esti-
mated pose. The PNS/pose dictionary is obtained/retrieved
under the inaccurate projection matrix. Figure 5 depicts the
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Figure 5. The degradation of identification rate (%) with different pose errors. The characters ‘N’ in front of the feature names indicate the
normalization-based methods. The characters ‘R’ indicate the rendering-based methods.

(a) (b) (c)

(d) (e) (f)
Figure 6. Identification rates (%) of two selected methods under the 21 views shown in Fig. 3. The number in each rectangle represents the
identification rate of the corresponding image of Fig. 3. (a-c) correspond to the result of the normalization-based method: SIFT + mean
3D model under the pose error: 0◦, 3◦, 6◦, respectively; (d-f) correspond to the result of the rendering-based method: HOG + Personalized
3D model under the pose error: 0◦, 3◦, 6◦, respectively. The average accuracy over all 21 views are as follows: (a) 76.8 %; (b) 74.7 %; (c)
68.7 %; (d) 83.0 %; (e) 82.1 % and (f) 80.7 %.

tendency of performance degradation of different features
under the normalization-based method and rendering-based
method. Comparing the results of feature HOG, BSIF
and LBP, we observe that the normalization-based method
is more sensitive to the pose estimation error than the
rendering-based method. We also tracked the performance

of two selected features (Fig. 6). When the pose has an
average 6◦ error around pitch, yaw and roll (which might
be caused by one or two inexact landmark detections) the
average accuracy decrease of normalization-based methods
(SIFT) was 10.5 %. However, the rendering-based methods
(HOG) has just a 2.8 % degradation.
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4.5. Dose sparse coding provide more robustness?

In the third experiment, we aim to test whether sparse
coding is able to boost the face recognition performance
even in the presence of pose estimation error. In rendering-
based methods, the original method is based on sparse cod-
ing. To build a method without sparse coding, we simply
select one image in the pose dictionary that has the minimal
pitch and yaw distance from the probe image and compute
the cosine similarity between the probe and each of N sub-
jects in the gallery (N is the number of subjects in gallery).
The results are presented in Table 2.

The experimental results in Table 2 demonstrate that in
rendering-based methods, the sparse coding boosts the per-
formance when the pose estimation is inaccurate, the av-
erage accuracy degradation when using sparse coding is
9.1 %, compared to 19.2 % without sparse coding. The
sparse coding also improved the result when there is no
noise being added.

5. Discussion

Even though better performance could be achieved
through extracting higher-level features from images, the
simplest features disclose something more elegant and in-
trinsic. Most of the work in 3D-aided face recognition
adopted the framework of normalized-based method and at-
tained superior performance. Our experiments suggest that
the rendering-based method might be a better choice when
a face has a large deviation from the frontal pose.

From this experimental result, we conclude that
rendering-based methods rely on both the facial geometry
and facial texture to discriminate different identities, while
normalization-based methods use mainly the facial texture
on PNS. This might provide some suggestions for future re-
search in both directions. On one hand, explicit 3D facial
shape reconstruction might contribute more to rendering-
based methods than to normalization-based methods since
the facial geometry information could be better utilized in
rendering-based methods. On the other hand, a more robust
and accurate texture descriptor should be more suitable for
normalization-based methods than rendering-based meth-
ods, since it is able to better capture facial texture and, at
the same time, not be affected by the misalignment of face
patches caused by facial pose variations. To the best of our
knowledge, there is no research in 3D-aided face recogni-
tion that combines the personalized shape (rendering-based
methods) and canonical texture information (normalization-
based methods) together to boost the performance yet. This
may be a promising research direction.

We also observed that pose estimation is critical in 3D-
aided face recognition. In both rendering-based methods
and normalization-based methods, the accuracy degrades
significantly when pose estimation error increases, which

Table 2. Identification rates (%) with the rendering-based methods
where 0◦ and 6◦ represents the pose error. Deg. represents the
degradation (%) of identification rate when the error goes up.

Feature Without sparse coding With sparse coding
0◦ 6◦ Deg. 0◦ 6◦ Deg.

HOG 64.1 55.8 12.9 83.0 80.7 2.8
BSIF 53.8 42.6 20.8 65.7 60.8 7.5
LBP 41.9 31.9 23.9 62.1 51.5 17.1

is common in applications. As a result, better landmark de-
tectors and pose estimation algorithms are critically needed.

Even though we may end up with a system without accu-
rate head pose estimation, there are still many ways to boost
performance. In rendering-based methods, we observe that
the features extracted from the global ROI outperform the
keypoint descriptors. This demonstrates that dense sam-
pling of features within the whole face ROI is beneficial to
achieve better results. In addition, dictionary construction
and sparse coding in rendering-based methods provides us
another feasible solution to boost robustness. This method
could utilize the previous knowledge of 3D shape and sim-
ulates possible misalignment through generating a massive
number of reference images.

6. Conclusion
In this paper, we evaluated two widely-used frame-

works for 3D-aided face recognition. We conclude
that the rendering-based methods perform better than
normalization-based methods when a face has a large devi-
ation from frontal pose. We observed that the personalized
3D shape information is more important to rendering-based
methods than to normalization-based methods. In addition,
normalization-based methods can achieve better alignment
of facial texture. Both systems contribute to discriminating.
We also demonstrated that accurate pose estimation is one
of the critical challenges in 3D-aided face recognition.
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