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Abstract

Despite the great progress achieved in unconstrained
face recognition, pose variations still remain a challenging
and unsolved practical issue. We propose a novel frame-
work for multi-view face recognition based on extracting
and matching pose-robust face signatures from 2D images.
Specifically, we propose an efficient method for monocu-
lar 3D face reconstruction, which is used to lift the 2D
facial appearance to a canonical texture space and esti-
mate the self-occlusion. On the lifted facial texture we
then extract various local features, which are further en-
hanced by the occlusion encodings computed on the self-
occlusion mask, resulting in a pose-robust face signature, a
novel feature representation of the original 2D facial image.
Extensive experiments on two public datasets demonstrate
that our method not only simplifies the matching of multi-
view 2D facial images by circumventing the requirement for
pose-adaptive classifiers, but also achieves superior perfor-
mance.

1. Introduction
For the past decade, tremendous research effort has fo-

cused on face recognition techniques due to their promis-
ing potential in biometric authentication. Although great
progress has been made, attributed to the expansion in the
volume of available training data and use of complex non-
linear optimization methods such as deep neural networks,
addressing face variations in 2D images still remains a chal-
lenging issue. Among those face variations, arbitrary facial
pose due to changing viewpoints is probably the most chal-
lenging problem. In many real-world applications, the col-
lection of face images is usually dominated by non-frontal
faces captured either intentionally, such as selfies for per-
sonal albums and/or social networks, or unintentionally,
such as surveillance videos. Thus, it is very important for
face recognition techniques to have the ability to match non-
frontal to frontal facial images, or match two non-frontal
facial images.

Existing methods aimed at solving the problem of pose
variations in face recognition could be roughly categorized
into three groups: robust feature extraction, pose synthe-
sis, and pose normalization. In the first category, massive
training data is usually used to learn local features that are
discriminative while being consistent over different facial
poses. Methods in the second category are usually designed
for the face identification task, where a 3D face model is
employed to generate virtual face images to synthesize the
pose of a query face using the gallery data. In the third
category, the problem of pose variations is solved by trans-
forming the original facial image into a new and canonical
representation, which is usually a frontal face, converting
an unconstrained matching problem into a less challenging
constrained matching problem.

In this paper, we propose a novel framework for multi-
view face recognition by extracting and matching pose-
robust face signatures (PRFS) from facial images. The
pipeline of our framework is illustrated in Fig. 1. We first
use 3D Annotated Face Models (AFM) [13] reconstructed
from single 2D images to lift the 2D facial appearance to
a canonical representation and estimate self-occlusions. On
the canonical face representation, we then extract different
local features. Using the estimated self-occlusion mask, the
occlusion encodings are computed to further enhance these
local features, resulting in a pose-robust representation of
the original 2D facial image. The most similar work to our
method is by Abiantun et al. [1], which also lifts the facial
texture to a canonical space and estimates self-occlusions
explicitly. However, unlike our method, in Abiantun et al.
[1] the occluded facial area is recovered via subspace mod-
eling and holistic face features are extracted for face match-
ing.

The major contributions of our method are: (i) We pro-
pose an efficient method for 3D AFM reconstruction using
single 2D images. The proposed method requires only a
small set of 2D landmarks on the image that could be au-
tomatically localized. (ii) We propose a novel framework
for extracting and matching pose-robust face signatures for
face recognition. The framework combines 3D-aided pose



Figure 1. Method overview: Extracting pose-robust face signature from 2D image for face recognition.

normalization and part-based face recognition and employs
self-occlusion estimation to further enhance the local fea-
tures and regularize the feature matching. One of the ad-
vantages of our method is that it circumvents the require-
ment for pose-adaptive classifiers because of the integration
of occlusion encodings into PRFS, which makes matching
two PRFS’s straightforward.

The rest of the paper is organized as follows. Section 2
reviews related work. We present our method in Section 3.
Experiments and results are presented in Section 4. Section
5 summarizes our conclusions.

2. Related work
As increasingly high performance is being achieved on

popular face recognition benchmarks, such as the Labeled
Faces in the Wild (LFW) dataset [12], research emphasis
has gradually shifted to solving a practical, yet more chal-
lenging problem: pose-robust face recognition. Among the
different face variations prevalent in 2D images, facial pose
might be the most complex. Facial pose causes not only ar-
bitrary face shape changes, but also self-occlusions and cast
shadows, which combined will cause significant changes in
facial appearance and greatly increase intra-class variation.

This problem has been addressed primarily through
methods that focus on robust feature extraction, pose syn-
thesis, or pose normalization. The methods in the first cat-
egory rely on deriving a new face representation based on
features that are discriminative while being consistent over
varying facial poses. Inspired by the success of artificial
neural networks in high-level feature learning, Zhang et al.
[32] proposed a framework for pose-invariant feature learn-
ing based on single-hidden-layer neural network (S-NN).
Kan et al. [14] stacked multiple hidden layers to map non-
frontal face to frontal face in a progressive manner, where
each layer only slightly corrects the pose variation. Zhu
et al. [35] proposed a deep neural network with six layers,
comprising both deterministic hidden neutrons and random
hidden neutrons, for extracting pose invariant features.

Most methods in the second category employ 3D facial
data to synthesize novel views of the 2D facial image. They
either use a generic 3D model or reconstruct the 3D face
using a frontal 2D facial image. Niinuma et al. [20] used a
reconstructed 3D face model to generate a set of synthetic
2D facial images online that ensemble the pose of the query
image. Mostafa et al. [18] proposed synthesizing a set of
virtual images covering a large pose space offline. During
testing, the pose of the probe 2D facial image is first esti-
mated and one of the virtual images that best approximates
the probe facial pose is then selected as the gallery to match
with the probe. Moeini et al. [17] proposed a framework
that combines offline synthesis and subspace learning. In
summary, they generate a large set of virtual images cover-
ing different poses offline. For each specific pose a sparse
dictionary matrix (SDM) is created via subspace analysis.
During face matching, the identity of the probe face is de-
termined based on the minimum reconstruction error crite-
ria.

Pose synthesis based methods are usually limited to the
face identification task. For the face verification tasks, pose
normalization is more promising. Abiantun et al. [1] used
a 3D facial model reconstructed for each query image to
transform a non-frontal facial image into a frontal facial im-
age. After self-occlusion estimation, the generated frontal
2D facial image is further projected into a pre-learned sub-
space and the sparse coefficients are used as features. Simi-
larly, [4, 31, 8] proposed reconstructing the 3D facial model
for each probe image, and generated a frontal 2D facial
image for matching with the frontal faces in the gallery.
However, they used local features for face representation.
Chu et al. [7] proposed to reconstruct an expressive 3D fa-
cial model using 3DMM; thus facial expression exhibited in
probe images could be neutralized. Hassner et al. [10] pro-
posed using a generic 3D facial model and dedicated post-
processing to obtain frontal facial images captured in the
wild, achieving promising results on the LFW dataset.

Apart from these categories, additional methods include



pose adaptive filter [28], graph model matching [3], and
maximum likelihood correspondence [16]. Due to the lim-
ited space, we kindly refer readers to the original papers for
more details.

3. Method

3.1. Efficient 3D AFM Reconstruction

Despite the recent progress achieved in 3D scanning
techniques, integration of 3D sensors in face recognition
systems is still challenging in large deployments due to lim-
ited effective sensing range of 3D sensors when compared
with 2D cameras. We propose to reconstruct a 3D AFM di-
rectly from 2D facial images using only a sparse set of 2D
facial landmarks. As presented by Dou et al. [9], the 3D
AFM reconstruction process can be divided into two steps.
In the first step, a sparse 3D model with only 28 vertices is
reconstructed, based on which a 3D AFM is reconstructed
in the second step. We follow the main idea except that we
use a different method to reconstruct the sparse 3D model
in this work. The algorithm is explained in the following.

Training: From BU3D-FE [29] and FRGC v2 [21],
we select N = 250 3D facial scans of different subjects.
By fitting a generic 3D Annotated Face Model (AFM) to
each facial scan [13], we obtain N registered 3D AFMs
denoted by Y = [y1, · · · ,yN ] ∈ R3l1×N . Each 3D AFM
has l1 = 7, 597 vertices. From manual annotation of fa-
cial landmarks on each AFM, we obtain N sparse 3D fa-
cial models X = [x1, · · · ,xN ] ∈ R3l2×N . Each sparse 3D
model has l2 = 28 vertices. To reduce the dimensional-
ity of X, we apply adaptive local linear embedding (ALLE)
[30] and obtain a low-dimensional subspace representation
denoted by C = [c1, · · · , cN ] ∈ Re×N , where e is the di-
mension of the subspace. For clarity, we use Y, X, and C

to denote the set of training samples from Y, X, and C.
The sets X and C are coupled because, for each sample in
X, we can find its corresponding low-dimensional repre-
sentation in C, and vice versa. Following Dou et al. [9],
using Y and X we learn two dictionaries, Λy ∈ R3l1×M

and Λx ∈ R3l2×M , respectively, where M is the number of
atoms. As proposed by Dou et al. [9], the K-SVD [2] algo-
rithm is employed to solve Eq. 1. The training process is
described in Algorithm 1.

Reconstructing a 3D AFM : Given an input 2D facial
image Ii, automatic landmark detection [5] is first applied
to extract the locations of 28 facial landmarks ai. Using
Levenberg–Marquardt (LM) least squares minimization the
facial pose Pi is estimated via solving ai = Pi · x̄, where
x̄ is the average of the training sparse 3D models. After
computing Pi, we project X into a 2D space, forming N
2D training samples B = [b1, · · · ,bN ] ∈ R2l2×N , where
bj = Pi · xj and xj ∈ X. Similarly, we use B to de-
note the set of training samples from B. Following the

Algorithm 1 : Training
Input: X, Y
Output: Λx, Λy , C

1: Train coupled dictionaries Λx and Λy by solving:

arg min
Ψ,Λx,Λy

∥∥∥∥[β0YX

]
−
[
β0Λy

Λx

]
Ψ

∥∥∥∥2
2

s.t. ‖Ψ‖1≤β1 ,

(1)

where Ψ denotes the coding coefficients, β0 balances
two types of training data, and β1 controls the sparsity
of the solution.

2: Compute a low-dimensional representation of X via
ALLE [22, 30]: C = ALLE(X, e), where e is the
dimension of the subspace and C is the set of low-
dimensional representations corresponding to matrix
C.

steps listed in Algorithm 2, a sparse 3D model x̂i and a
3D AFM ŷi are reconstructed. Compared with Zhang et al.
[30], where also ALLE was used for monocular 3D face re-
construction, our method uses sparse 3D models as training
data and applies explicit pose estimation, thus is capable of
obtaining reconstructions from non-frontal facial images.

3.2. Texture Lifting and Self-Occlusion Estimation

By using the reconstructed 3D AFM, we aim to derive
a new representation of the 2D facial image, where pose
variations in the original image can be normalized. Though
several recent works have shown that pose variations in face
recognition could be partially solved by using synthetic fa-
cial images, we do not follow this approach for two reasons.
First, the reconstructed 3D model is only a coarse approx-
imation of the real face. Second, the rendering process is
time consuming, introducing additional overhead. Instead,
in our method, the reconstructed 3D AFM is used to lift the
2D facial appearance [26] to a canonical 2D space (geom-
etry image space [13]) following the procedures described
below.

Figure 2. The process of texture lifting.

Using x̂i obtained in Sec. 3.1, we first re-estimate the
facial pose Pi of Ii. Then, we compute the geometry image



Algorithm 2 : Reconstruct A Sparse 3D Model and A 3D
AFM
Input: ai, B, C,X, Λx, Λy

Output: x̂i, ŷi

1: Select the K nearest neighbors of ai in B (K is deter-
mined using the method described by Zhang et al. [30])
and their indices are: Ui = {ui1, · · · , uiK}.

2: ComputeWi = {wij |j ∈U
i} by solving:

arg min
Wi

‖ai −
∑
j∈Ui

wij · bj‖22 s.t.
∑
j∈Ui

wij = 1 .

3: From C select the samples with the same index as the
elements ofUi and form: �i = {cj |j ∈Ui, cj ∈ C}.

4: Compute the low-dimensional representation ĉi corre-
sponding to ai: ĉi =

∑
j∈Ui wij · cj .

5: Select the K nearest neighbors of ĉi in C (K is deter-
mined using the method described by Zhang et al. [30])
and their indices are: Vi = {vi1, · · · , viK}.

6: ComputeDi = {dij |j ∈V
i} by solving:

arg min
Di

‖ĉi −
∑
j∈Vi

dij · cj‖22 s.t.
∑
j∈Vi

dij = 1 .

7: From X select the samples with the same index as the
elements ofVi and form: �i = {xj |j ∈Vi,xj ∈ X}.

8: Reconstruct the sparse 3D model corresponding to ai:
x̂i =

∑
j∈Vi dij · xj .

9: Compute the coefficients ψ̂i of the reconstructed sparse
3D model x̂i with dictionary Λx:

arg min
ψ̂i

∥∥∥x̂i −Λxψ̂i

∥∥∥2
2

+ β2

∥∥∥ψ̂i∥∥∥
1

+ β3

∥∥∥ψ̂i∥∥∥
2
,

(2)

where β2 and β1 are regularization parameters. The
lasso algorithm [24] is used to solve Eq. 2.

10: Reconstruct a 3D AFM ŷi using dictionary Λy and the

same coefficients ψ̂i: ŷi =
Λyψ̂i

β0
.

Gi of the 3D AFM ŷi [23]. In this geometry image, as
illustrated in Fig. 2, each pixel captures the information of
an existing or interpolated vertex on the 3D AFM surface.
Based on Gi, a set of 2D coordinates pointing to the pixels
on the original 2D facial image can be computed by Qi =
Pi ·Gi. Facial appearance is then lifted into the UV space,
resulting in a new representation of the facial texture Ti.
One advantage of using such a representation is that dense
semantic correspondence can be naturally established via
pose normalization.

As shown in Fig. 2, marked by red ellipses, arbitrary fa-
cial pose results in self-occlusion of certain facial parts and
creates artifacts on the lifted facial texture. To estimate self-
occlusions and locate these artifacts, we use the 3D AFM
and employ Z-buffer technique to estimate for each pixel
on the lifted texture its occlusion status, indicating whether
that pixel is occluded or not [13]. This process generates an
occlusion mask Zi of the same size as Ti, where each pixel
has a binary value, with 0 indicating occlusion and 1 indi-
cating non-occlusion. The lifted texture and the occlusion
mask form a new representation of the original 2D image,
Ii = {Ti,Zi}.

3.3. Pose-Robust Feature Extraction and Matching

Inspired by the success and superior performance of part-
based methods in face recognition over its holistic counter-
parts, we propose to employ local features and extract part-
based face representations from Ii. Specifically, we first di-
vide the facial texture Ti into m non-overlapping patches.
For each patch, we extract dense local features fki , such as
LBP, Gabor responses, or SIFT. From the occlusion mask
Zi, an occlusion encoding oki is extracted for each local
patch by Eq. 3:

oki =

{
1 if #(Zi(,)=0)

#(Zi(,))
< δ

0 otherwise ,
(3)

where #(Zi(, ) = 0) and #(Zi(, )) denote the number of
occluded pixels and the total number of pixels in the kth

patch and δ is a threshold defined empirically.
After feature extraction, each facial image is then repre-

sented as an ensemble of local features enhanced by occlu-
sion encodingsHi = {F i,Oi}, where F i = [f1i , · · · , fmi ]
and Oi = [o1i , · · · , omi ]. We call this part-based representa-
tion Pose Robust Face Signature (PRFS) because: (i) it is a
generic face representation without regarding for pose vari-
ations; (ii) PRFS could be extracted offline and stored inde-
pendently of the original 2D facial image; (iii) it explicitly
encodes the pose and the associated self-occlusion informa-
tion in the feature space, thus is pose-aware; and (iv) match-
ing two faces represented in PRFS is straightforward and
pose-robust as two signatures are intrinsically aligned.

For a pair of facial images represented by their PRFS’s
{Hi,Hj}, the similarity score is computed as the summa-
tion of similarities over all local patches. Specially, to make
this feature matching process robust to pose variations, oc-
clusion encodings of both Hi and Hj are integrated into
similarity score computation, as shown in Eq. 4:

sij = s(Hi,Hj) =
1∑m

l=1 o
l
i · olj

·
m∑
l=1

oli · olj · k(f li , f
l
j) ,

(4)



where k : Rd → R is the metric function. The two faces
are classified as the same identity if their similarity (or dis-
similarity) sij is larger (or smaller) than a threshold τ .

4. Experiments and results

In this section, we evaluate our method on two face
datasets: the UHDB11 [25] and the Labeled Faces in the
Wild (LFW) [12], in both face identification and face ver-
ification settings. UHDB11 is used to evaluate the perfor-
mance of our method in a controlled environment. LFW
is further used to evaluate our method in an unconstrained
environment.

4.1. UHDB11

UHDB11 [25] comprises of data from 23 subjects
with both their 3D facial scans and 2D images captured
in a controlled environment. The 2D images are ac-
quired under six illumination conditions and different head
poses, specifically around [−30◦,+30◦] in yaw rotation and
[−50◦,+50◦] in roll rotation. The protocol of the UHDB11
dataset defines a face identification task, where only one
image with frontal face for each subject is collected in the
gallery set.

Table 1. Rank-1 Accuracy (%) on the UHDB11 Dataset.
Method Acc. (%)
LIRIS [34] 80.2
UR2D [34] 85.2
UR2D+unlighting [33] 86.7
Progressive Pose Estimation [31] 88.8
PRFS 94.1
PRFS without occlusion encoding 91.1

Figure 3. ROC curves for the UHDB11 dataset.

Parameters and settings: In our experiment, we first
apply automatic landmark detection [5] and extract 28 facial
landmarks on each facial image Ij in the gallery set. Then,
a 3D AFM is reconstructed accordingly using our method
detailed in Sec. 3.1. The parameters are empirically se-
lected as e = 20, β0 = 0.15, β1 = 20, β2 = 0.3, β3 = 0.7,
M = 249, and δ = 0.35, which are used throughout our
experiments. Using the 3D AFM facial texture Tj of each
gallery 2D facial image is lifted, Zj is estimated, and PRFS
Hj is extracted, where j ∈ {1, 2, · · · , 23}. Following the
same approach, PRFS of probe facial image Ii is also ex-
tracted using the 3D AFM of each gallery subject. Similar
to [34, 33], we compute the similarity score of each probe-
gallery pair {Hj ,Hi} using Eq. 4, where cosine similarity
is used as the metric function. From all the similarity scores
{sij}, where j ∈ {1, 2, · · · , 23}, we choose the maximum
value and assign the identity of the corresponding gallery
subject to the probe.

Experiment 1 : The objective of this experiment is to
compare the performance of proposed method with other
approaches on UHDB11. The facial texture is set to be
200 × 200 and divided into 8 × 8 non-overlapping blocks.
On each block, we extract a discriminative face descriptor
(DFD) proposed by Lei et al. [15], which is trained on 907
images of 109 subjects selected from the FRGC v2 dataset
[21]. Experimental results listed in Table 1 show that our
method achieves the best Rank-1 accuracy of 94.1%, which
is superior to previous methods by a large margin. To eval-
uate the importance of occlusion encoding, we run another
experiment without using this information. As expected,
the performance degrades significantly, with Rank-1 accu-
racy of only 91.1%. The ROCs are plotted in Fig. 3, indi-
cating the superior performance of our proposed method on
the UHDB11 dataset.

Table 2. Rank-1 Accuracy (%) on the UHDB11 Dataset with
MSLBP feature.

Method Acc. (%)
PRFS 88.2
PRFS + WPCA 92.8

Experiment 2 : The objective of this experiment is to
compare the performance of proposed method on UHDB11
using different local features. Our method is flexible to in-
tegrate different local features. Besides learning based fea-
tures such as DFD, we choose to use the multi-scale LBP
(MSLBP) feature, a variant of the widely used LBP fea-
tures in face recognition. Specifically, we first divide the fa-
cial texture into 5× 5 non-overlapping blocks and compute
the corresponding occlusion encodings according to Eq. 3.
Within each block, we further divide it into 2× 2 and 4× 4
sub-blocks, which form a block-pyramid. On the bottom-



level block, we extract uniform LBP with s1 = 8 neighbors
and radius r1 = 1 and compute the histogram. Similarly, we
set r2 = 2, s2 = 16 on the middle-level block and r3 = 3,
s3 = 24 on the top-level block. By concatenating the his-
tograms of all 21 blocks in the same pyramid, we obtain the
local feature vector. Occlusion encoding is computed only
on the top-level block. As shown in Table 2, using MSLBP
feature our method achieves 88.2% Rank-1 identification
accuracy, which is higher than previous results of [34, 33].
Although Zhang et al. [31] reported a Rank-1 accuracy of
88.8%, they used only a subset of the dataset with neutral
lighting, which is less challenging than our experiment. As
the feature vector extracted with our method is very high-
dimensional, we further applied whitened PCA (WPCA) to
reduce the dimensionality. We use the same images from
FRGC v2 as used in Experiment 1 to learn the PCA for
each of the 5 × 5 blocks and keep 95% of the energy. This
improves the Rank-1 accuracy to 92.8%, which is slightly
lower than the performance obtained using the DFD feature.

4.2. LFW

The LFW dataset comprises a large set of facial images
collected from the Internet. In total there are 13,233 im-
ages of 5,749 different subjects covering many real-world
variations including illumination, facial pose, facial expres-
sion, occlusion, and resolution. The dataset is split into two
views, and View 2 that contains 3,000 matched and 3,000
mismatched pairs is used to test face verification perfor-
mance. In our experiment, we evaluate the performance of
our method following the unsupervised protocol where no
labeled training data is used during the evaluation.

Parameters and settings: In this experiment, for each
pair of facial images in LFW we reconstruct two 3D AFMs
and lift the facial textures and estimate the occlusion masks
separately. Due to the low resolution of the face images,
we set the size of the facial texture to be 80 × 80 through-
out the experiment. Similarly, we divide the facial texture
into 10 × 10 non-overlapping blocks, extract the PRFS’s,
and compute the similarity score for the pair. In our exper-
iment, we use several different local features, namely LBP,
MSLBP, Gabor wavelets (GW), three patch LBP (TPLBP),
and four patch LBP (FPLBP) [27]. For LBP, we set the
number of neighbors to be 8 and the radius to be 1. For

multi-scale LBP, we compute for each block four LBP
histograms with radius increasing from one to four. For
TPLBP and FPLBP, we use the parameters reported in [27],
except that the radius is set to be 1 for TPLBP and {1, 2}
for FPLBP. For Gabor wavelets, we divide the facial texture
into 4 × 4 non-overlapping blocks and use 40 Gabor filters
covering 5 scales and 8 orientations to extract dense local
features at a downsampling rate of 2. To reduce the fea-
ture dimension, we also apply WPCA to extract compact
features. The PCA subspace model is learned using the un-
labeled training data provided in View 1.

Experiment 3 : The objective of this experiment is to
show how much the face verification performance could
be improved by using our method. For comparison we
extract the same features on the deep-funneled LFW im-
ages [11] with parameters empirically selected to obtain the
best results. The best performance is achieved on deep-
funneled facial images cropped to 80 × 150, which coin-
cides with several previous works [19, 6]. We divide the
cropped 2D face into 8× 15 non-overlapping blocks to ex-
tract LBP, MSLBP, TPLBP, and FPLBP features, and 4× 6
non-overlapping blocks to extract Gabor wavelets.

Table 4. Mean accuracy and standard error (%) on LFW in an un-
supervised setting.

Descriptor Deep-Funneled [11] PRFS
LBP+WPCA 76.0±0.5 78.6±0.4
MSLBP+WPCA 77.0±0.4 79.0±0.4
Gabor+WPCA 72.7±0.6 78.3±0.5
TPLBP+WPCA 73.0±0.5 76.5±0.8
FPLBP+WPCA 73.4±0.4 76.7±0.6
Fusion 77.4±0.4 80.6±0.4

For each pair of facial images, we compute their sim-
ilarity score according to Eq. 4. Using cross validation,
we choose the score at Equal Error Rate on the training
set as threshold τ and report the face verification accuracy
on the testing set. Table 4 summarizes our experimental
results, demonstrating that our method can constantly im-
prove face verification performance over its counterparts us-
ing the deep-funneled 2D facial images. To further improve
the face verification accuracy, we apply majority voting to

Table 3. Comparison with different alignment methods in terms of mean accuracy (ACC) (%) and area under the ROC curve (AUC).

Descriptor
Deep-Funneled [11] LFW3D [10] PRFS
L2 Hellinger L2 Hellinger L2 Hellinger

ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC ACC AUC
LBP 66.1 0.72 69.6 0.76 74.7 0.80 73.2 0.79 72.3 0.79 72.2 0.79
TPLBP 65.8 0.72 64.3 0.71 75.0 0.81 67.2 0.72 70.4 0.77 68.6 0.75
FPLBP 66.5 0.73 66.4 0.72 72.7 0.80 73.5 0.81 71.8 0.79 71.5 0.79



the prediction results achieved with different local features.
As shown in Table 4, fusing different prediction results is
effective and achieves better accuracy. Though further im-
provements might be achieved via supervised learning ap-
proaches such as metric learning, this will be future work.

Figure 4. Mean facial appearances obtained by averaging multiple
images of four subjects from LFW. Top Row: Deep-Funneled [11],
Middle Row: LFW3D [10], and Bottom Row: PRFS.

Experiment 4 : A recent work that employs a generic
3D facial model to “frontalize” non-frontal facial images
is presented by [10] (LFW3D), where they apply 3D-aided
pose normalization, self-occlusion estimation, and dedi-
cated post-processing to fill the missing facial parts to de-
rive frontal faces from non-frontal facial images. Figure 4
depicts the mean faces of four subjects obtained by aver-
aging all facial images provided in the deep-funneled im-
ages, the frontalized images of [10], and the facial textures
generated by our method. We can observe that, compared
with the other two methods, fine details around the eyes,
nose, and mouth are preserved in the facial textures, indi-
cating the superiority of our method for alignment. Table
3 presents the face verification accuracy and the area un-
der ROC (AUC) of these three methods using two distance
metrics [10], namely L2 distance and Hellinger distance.
The face verification accuracies of both [10] and our method
outperform that achieved on the deep-funneled face images
and [10] performs slightly better than our method.

5. Conclusions

To handle pose variations and the associated self-
occlusion problem in face recognition, different strategies
have been exploited in the literature. Different from exist-
ing works that either try to fill the occluded regions using
facial symmetry or subspace modeling or simply discard the

occluded facial parts, resulting in inconsistent feature rep-
resentations, we present in this paper a novel framework for
extracting and matching pose robust face signatures, a con-
sistent and pose-aware feature representation of multi-view
2D faces. Matching two faces is straightforward and sim-
plified using pose robust face signatures, circumventing the
requirement for pose-adaptive classifiers. As demonstrated
in our experiments, better performance is also achieved us-
ing our new face representation.
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Table 5. Notations
Notation Type Explanations

3D Reconstruction
N Scalar Total number of training 3D faces
l1 Scalar Total number of vertices on 3D AFM
l2 Scalar Total number of facial landmarks (vertices on the sparse 3D model)
Y Matrix N training 3D AFMs
Y Set Collection of training 3D AFMs
X Matrix N training sparse 3D models
X Set Collection of training sparse 3D models
yj Vector The jth training AFM
xj Vector The jth training sparse 3D model
x̄ Vector The average of training sparse 3D models
x̂i Vector Reconstructed sparse 3D model of the input 2D image Ii
Ψ Matrix Sparse coding coefficients of Y and X during coupled dictionary learning
ψ̂i Vector Sparse coefficient of the reconstructed sparse 3D model
Pi Matrix 3D-2D projection matrix of 2D facial image Ii
ai Vector 2D landmarks on the input 2D image Ii
bj Vector Projected 2D landmarks of the jth training sparse 3D model xj
B Matrix N 2D training shapes projected from X with Pi

B Set Collection of 2D training shapes
C Matrix Low-dimensional subspace model learned from X
C Set Collection of low-dimensional representations of X
e Scalar Dimension of the subspace model C

Λx Matrix Trained dictionary of training sparse 3D models X
Λy Matrix Trained dictionary of training 3D AFMs Y
M Scalar Number of atoms in the trained dictionaries
ĉi Vector The low dimensional representation of x̂i in C

β0, β1, β2, β3,M Scalars Parameters used in dictionary learning and sparse coding
K scalar Number of nearest neighbors adaptively determined
W

i Set Weights of the K nearest neighbors of ai in B
D
i Set Weights of the K nearest neighbors of ĉi in C

U
i Set Indices of the K nearest neighbors of ai selected from B

uij Scalar uij ∈U
i

�i Set The K samples selected from C using the same indices as the elements ofUi

V
i Set Indices of the K nearest neighbors of ĉi selected from C

vij scalar vij ∈V
i

�i Set The K samples selected fromX using the same indices as the elements ofVi

Texture Lifting
Ii Matrix Input 2D facial image
Gi Matrix Geometry map of reconstructed dense 3D facial model
Qi Matrix Projection of geometry map into 2D image space
Ti Matrix Lifted facial texture
Zi Matrix Estimated occlusion mask
Ii Set Representation of the ith input 2D facial image {Ti,Zi}

Local Features
fki Vector Local feature vector extracted at the kth local patch of Ti

δ Scalar Threshold used in computing occlusion encoding
oki Scalar Occlusion encoding of the kth local patch of Zi
m Scalar Total number of non-overlapping local patches
F i Vector Concatenation of local feature vectors
Oi Vector Concatenation of local occlusion encodings
Hi Set Part-based face representation {F i,Oi}
τ Scalar Threshold for similarity score
r Scalar Radius of neighborhood in computing LBP features

s, s1, s2, s3 Scalars Total number of heighbors in computing LBP features


