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Abstract— In this paper, we investigate a single-sample
periocular-based alignment-robust face recognition technique
that is pose-tolerant under unconstrained face matching
scenarios. Our Spartans framework starts by utilizing one
single sample per subject class, and generate new face images
under a wide range of 3D rotations using the 3D generic elastic
model which is both accurate and computationally economic.
Then, we focus on the periocular region where the most stable
and discriminant features on human faces are retained, and
marginalize out the regions beyond the periocular region since
they are more susceptible to expression variations and occlusions.
A novel facial descriptor, high-dimensional Walsh local binary
patterns, is uniformly sampled on facial images with robustness
toward alignment. During the learning stage, subject-dependent
advanced correlation filters are learned for pose-tolerant
non-linear subspace modeling in kernel feature space followed
by a coupled max-pooling mechanism which further improve the
performance. Given any unconstrained unseen face image, the
Spartans can produce a highly discriminative matching score,
thus achieving high verification rate. We have evaluated our
method on the challenging Labeled Faces in the Wild database
and solidly outperformed the state-of-the-art algorithms under
four evaluation protocols with a high accuracy of 89.69%, a top
score among image-restricted and unsupervised protocols. The
advancement of Spartans is also proven in the Face Recognition
Grand Challenge and Multi-PIE databases. In addition, our
learning method based on advanced correlation filters is
much more effective, in terms of learning subject-dependent
pose-tolerant subspaces, compared with many well-established
subspace methods in both linear and non-linear cases.
Index Terms— Periocular-based recognition, pose tolerance,
alignment robustness, unconstrained face recognition, singlesample 3D face synthesis, advanced correlation filters.

I. I NTRODUCTION
HE algorithms of face recognition under controlled
conditions have now become mature. However, the
problem of unconstrained face recognition still remains
unsolved, for example in the Boston Marathon bombing
case [1], the law enforcement failed to find a match of
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Fig. 1.
Examples of facial appearance changes with different poses,
illumination, expressions, occlusion and their corresponding less affected
periocular region in the LFW database.

the unconstrained face of the bombing suspect against the
government database. The face was captured from a cell
phone and had off-angle pose, illumination variation, in low
resolution, and under partial occlusion, as shown in Figure 2.
Many complex factors could affect the appearance of a face
image in real-world scenarios and providing tolerance to these
factors is the main challenge for researchers. Among these
factors, pose is often the most important factor to be dealt
with. It is known that as facial pose deviates from a frontal
view, most face recognition systems have difficulty in robustly
performing recognition. In order to handle a wide range of
pose changes, it becomes necessary to utilize 3D structural
information of faces. However, many of the existing 3D face
modeling schemes [2]–[4] have many drawbacks, such as
computation time and complexity, so that they have difficulty
to be applied in real-world large scale unconstrained face
recognition scenarios. Recently, 3D generic elastic model (3DGEM) approach was proposed as a new efficient and reliable
3D modeling method from a single 2D image. Heo [5] and
Prabhu et al. [6] claim that the depth information of a face is
not extremely discriminative when factoring out the 2D spatial
location of facial features. In our method, we follow this idea
and observe that fairly accurate 3D models can be generated
by using only one single frontal image at a relatively less
computational expense compared to the previous approaches.
Besides the challenges from pose, unconstrained faces also
contain numerous challenging facial expressions, various illumination and occlusions. Therefore, full face based approaches
are not good candidates to solve the problem. Meanwhile, the
use of the periocular region as a biometrics trait has recently
gained much attention among researchers due to the fact that
the most important features in human faces are located around
the eye regions [7]–[15]. More importantly, periocular regions
are less affected by facial expressions [16], illumination
variations [17], [18], and occlusions [19], [20], as in Figure 1.
Recognition using the periocular region actually represents a
better alternative for unconstrained full face recognition.
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Fig. 2. (a) Low quality image of the Boston Marathon bombing suspect
released by the FBI on April 18, 2013. (b) High quality passport photo of the
suspect. The law enforcement failed to match the two when the first one is
under such an unconstrained condition.

Fig. 3.

Overall framework of the proposed Spartans method.

A. Contributions of This Work
In this paper, we focus on the periocular region from
3D pose-tolerant synthesized images to deal with unconstrained face matching problems. By utilizing only one single
image per subject in the training corpus, we synthesize a set
of new face images under a wide range of 3D rotations based
on 3D-GEM and segment out only the periocular regions.
Then, the features of periocular regions are extracted by
using high dimensional Walsh local binary patterns (WLBP),
a novel frequency-domain LBP encoding scheme that greatly
outperforms pixel-domain LBP. Following this, optimal feature
subset is selected using Laplacian regularized A-optimality.
Finally, coupled max-pooling kernel class-dependence feature
analysis (CoMax-KCFA) is harnessed to learn the discriminant non-linear subspaces for classification. Given unseen
unconstrained face images, our proposed Spartans method can
produce highly discriminative matching scores. Figure 3 shows
the overall framework of our proposed approach.
With our understanding of periocular biometrics and
3D-GEM from others’ previous publications [5], [21], we are
confident to set up a general framework where we model
periocular region using 3D-GEM to tackle the real-world
unconstrained face matching problems. Specifically, we carry
out our evaluation on the challenging LFW database [22] and
Spartans solidly outperforms all the state-of-the-art algorithms
under four evaluation protocols. Also, the advancement of the
Spartans is also shown using the FRGC [23] and MPIE [24]
databases. Additionally, the 3D-GEM reconstruction accuracy
is justified using MPIE database.
Our Spartans approach does not require precise alignment
of the facial images. Both the high dimensional feature
extraction stage and pose invariant face recognition stage are
alignment-robust. It can also be agnostic about the pose of the
query images because the pose invariance is built in during
the design of the advanced correlation filters. Unlike other
pose-invariance face recognition techniques that require either
precise alignment or pose estimation of the query images.
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Moreover, in order to show the effectiveness of our proposed
approach, in terms of learning subject-dependent pose-tolerant
subspaces, we introduce a new evaluation protocol on the LFW
to show that our proposed discriminant subspace learning
scheme can achieve the highest recognition accuracy, in both
linear and non-linear cases, compared to other well-established
subspace learning methods, including principal component
analysis (PCA) [25], linear discriminant analysis (LDA) [26],
locality preserving projections (LPP) [27] and unsupervised
discriminant projection (UDP) [28].
Our paper is organized as follows. In Section II, we review
prior work carried out on periocular and unconstrained face
recognition. In Section III, we describe our proposed Spartans
framework. Section IV details experimental setup and the
comparison of our approach against existing methods on three
databases, with emphasis on the LFW database evaluation.
Finally, we present our conclusions on this work in Section V.
II. BACKGROUND
One of the earliest studies on periocular for biometrics
identification can be traced back to 2009 when Park et al. [21]
studied the feasibility of using periocular images of an
individual as a biometric trait. They have shown 77% rank-1
identification rate on a rather small database (958 images from
30 subjects) for people identification. Pioneered by this, more
work on using periocular region for various biometric fields,
such as gender, ethnicity, and aging-invariant people identification was carried out. Juefei-Xu et al. [7] were the first to evaluate the performance of periocular biometrics on FRGC ver2.0.
They proposed various local feature sets for extracting
local features in periocular regions. Merkow et al. [29]
explored gender identification using only the periocular region,
they showed that at least an 85% classification rate is still
obtainable using only the periocular region with a database of
936 low resolution images. Similarly, Lyle et al. [30] also
studied gender and ethnicity classification using periocular
region features. They used a subset of FRGC and obtained
a classification accuracy of 93% and 91% for gender and
ethnicity respectively. Miller et al. [31] studied the effect of
input periocular image quality on recognition performance,
and texture information present in different color channels.
Woodard et al. [32] utilized periocular region appearance
cues for biometric identification both on images captured
in visible and NIR spectrum while Park et al. [33] studied
periocular biometrics in the visible spectrum. More recently,
Juefei-Xu et al. [8] looked into the periocular region for
age invariant face recognition, where they determined that
periocular region is more stable across ages than full face.
There are also numerous studies on unconstrained
face images, particularly by using the LFW database.
Pinto et al. [34] introduced V1-like and V1-like+ features to
represent input faces. The V1-simple-cell-like unit is computed
from the normalized image and the response of 96 spatially
local Gabor wavelets. These extracted features are classified
by using multi kernel learning (MKL) associated with support
vector machines (SVM) with high accuracy of 79.35% on
the LFW. Guillaumin et al. [35] presented two approaches for
learning robust distance measures, i.e. the logistic discriminant
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approach to learn the metric from a set of labeled image pairs
and the nearest neighbor approach to compute the probability
for two images that belong to the same class. They evaluated
on the LFW with 79.3% accuracy for the restricted setting.
Yin et al. [36] presented the “associate-predict” model built
on a given generic identity dataset, to measure the similarity
between human faces where every input face is first associated
with alike identities from the given generic identity dataset.
Then, based on these associated representation, they will
predict the appearance of a new input face whether belongs to
the same subject. They achieved 90.57% accuracy on the LFW.
However, their method requires an additional identity dataset
to train the system. Seo and Milanfar [37] presented the locally
adaptive regression kernel (LARK) descriptors to measure a
self-similarity based on “signal-induced distance” between a
center pixel and locally surrounding neighbor pixels. When
training data are available, one-shot similarity (OSS) is
conducted based on LDA. They achieved good results on
image restricted training setting with 78.90% accuracy.
More recently, many works using dense facial descriptors
achieve the state-of-the-art performances. Cui et al. [38]
represent each partitioned block by sum-pooling the nonnegative sparse codes of position-free patches sampled within the
block in order to obtain spatial face region descriptor. Together
with a pairwise-constrained multiple metric learning scheme,
they have reported good performance for both image and video
face verification tasks. Simonyan et al. [39] fit the Gaussian
mixture model on the densely sampled SIFT features to obtain
the high dimensional Fisher vectors. Compact descriptors can
be obtained through large-margin dimensionality reduction and
discriminative metric learning. Chen et al. [40] densely sample
LBP or SIFT features around accurate facial fiducial points
in a multi-scale manner, and form a very high-dimensional
features (100K-dim). The high dimensionality is then mapped
down using rotated sparse regression. They point out that
as dimensionality increases, many commonly used features
could all achieve better performance. The pose tolerance is
achieved by getting descriptors around the key points and the
performance would rely on how good these key points are
localized.
Li et al. [41] proposed a probabilistic elastic matching
framework for pose variant face verification, where they
first take a part-based representation by extracting local
features like LBP and SIFT from densely samples multi-scale
image patches. Their feature incorporates both the descriptor
and location. With that, they train a Gaussian mixture model,
with later adaptation to universal background model, to capture
the spatial-appearance distribution of all faces in the training
set. The key step in their approach is to formulate a difference
vector for a pair of face/face images, which is committed to
each Gaussian component. A kernel SVM is then trained on
the difference vector to achieve invariant matching.
Yi et al. [42] developed a pose adaptive filter approach
where they transform the filters according to the pose and
shape of face image and use the pose adapted filters for
feature extraction. They start by building a 3D deformable
model using 3DMM, with 34 facial landmarks. Then, given
an off-angle 2D image, the pose and shape is estimated

by 3D model fitting and Gabor filters are used for feature
extraction. There are several reasons for it to be pose robust:
holistic rigid transformation, non-rigid shape deformation,
local Gabor filtering, and “half-face” mirroring by facial
symmetry to deal with self-occlusion.
III. O UR P ROPOSED Spartans A PPROACH
In this section, we detail each of the major building blocks
towards our proposed Spartans approach. First, the modified
active shape model (MASM) [43] is employed for facial
landmarking in the training stage, and then 3D model from
one single image is generated using 3D-GEM. Novel 2D pose
synthesized images can be easily obtained by utilizing the
3D-GEM framework. Second, we extract robust spacefrequency features from each periocular region using high
dimensional Walsh LBP. This way, more discriminative feature
representations of the periocular region can be achieved.
Third, an optimal feature subset is selected using Laplacian
regularized A-optimality. Finally, we design a class-specific
representation based on advanced correlation filters in kernel
feature space for achieving a compact representation while
further enhancing the discriminative power on the periocular
representations. With the coupled max-pooling technique
that strategically combines information from both the MACE
filters (designed in frequency domain) and the ECPSDF filters
(designed in the space domain), the performance is further
improved.
A. 3D Generic Elastic Model
The key assumption in 3D-GEM is that the depth
information z of a face is not significantly discriminative
among people. A fairly accurate 3D face model can be
generated by utilizing a set of generic depth information. The
overview of the 3D-GEM framework are explained as follows.
3D-GEM can be utilized for modeling a realistic 3D face
from a single image automatically. Formally, this problem
can be stated as follows: given a face image I, automatically
extract the input face landmarks S2×n and assign the depth
information using a generic depth model. To achieve this, the
x and y information needs to be estimated from the input
image. The depth information can be recovered by deforming
the 3D-GEM depth-map based on the input observations. The
overall procedure is shown in Figure 4. Based on the detected
shape, each face I is partitioned into a mesh of triangular
polygons P. Similarly, the generic depth-map D is partitioned
into a mesh M from predefined landmark points. After registering points between the input image and the generic depth-map,
we increase the point density simultaneously using subdivision
method. The subdivision method used here can be considered
an intermediate step for establishing dense correspondence
between the input mesh and the depth-map. A piece-wise
affine transform W [44] is used for warping the depth-map D,
sampled at the spatial locations of M, onto the input triangle
mesh P in order to estimate the depth information. Each point
in the input image has an exact corresponding point in the
depth-map and the intensity of the depth-map can be used for
the estimation of the depth in the input image. Finally, the
intensity of the input image I(P(x, y)), sampled at the spatial
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orthonormal basis are obtained from the Walsh function:


 2 +q
ω j (2t) + (−1) j +q ω j (2t − 1) , (3)
ω2 j +q (t) = (−1) j
where  2j  denotes the integer part of j/2, q ∈ {0, 1}. We then
sample each function at the integer points only, so we produce
the following vectors ωi for the size of 5:
⎤
⎡ ⎤ ⎡
+1 +1 +1 +1 +1
ω0
⎢ ω1 ⎥ ⎢ −1 −1 −1 +1 +1 ⎥
⎥
⎢ ⎥ ⎢
⎥
⎥ ⎢
ω = ⎢
⎢ ω2 ⎥ = ⎢ −1 −1 +1 +1 −1 ⎥
⎣ ω3 ⎦ ⎣ +1 +1 −1 +1 −1 ⎦
+1 −1 +1 +1 −1
ω4

Fig. 4. Framework of 3D-GEM approach for novel 2D pose synthesis from
one single image using 3D modeling algorithm.

locations of P(x, y), is mapped onto the 3D shape. Therefore,
we represent the reconstructed 3D face as follows:
Sr = (x, y, z = D(M(x̃, ỹ)))

(1)

Tr = I(P(x, y, z)) = (Rx,y,z , G x,y,z , Bx,y,z)

(2)

where x̃ and ỹ in M are the registered points x and y in
image P. This representation with shape Sr and texture Tr can
be achieved using 3DMMs. By using the 3D-GEM approach,
we can easily obtain novel 2D pose images less than a
few seconds in a fully automated manner. Based on these
2D images, we will then extract features on each periocular
region as will be discussed in the following Section III-B.
B. Periocular Feature Extraction
We detail our proposed feature extraction technique in this
section. Each periocular image is coarsely aligned1 and rotated
based on eye coordinates, and down-sampled or up-sampled to
a set resolution of 50×128. Then Walsh local binary patterns is
applied [8], [45] to extract periocular features. After applying
the Walsh transformation, we obtain regional high and low
frequencies, followed by LBP for dimensionality reduction.
This way, locally discriminative information is captured and
can be used for recognition tasks.
Frequency domain LBP yields higher tolerance to local distortion caused by pose variations, lighting changes, expression,
and so forth. Let us consider a very simple case when a local
region is slightly distorted, the space domain LBP would return
a totally different value which characterizes this local region.
In the frequency domain, the coefficients will also change.
However, since we care about the ordinal information among
those coefficients in order to build the frequency domain LBP,
this is where robustness comes in. In other word, when the
absolute values of the coefficients change, the relative quantity
should remain consistent for small distortion.
We first formulate convolution filters such as Walsh
masks [46] to capture local image characteristics. Such
1 Note that we do not need very precise alignment due to the nice
shift-invariant property of correlation filters.

All possible combinations of Walsh vectors can be used to
produce 2D basis images. As shown in Figure 5 (a), there are
9 basis images using 3 × 3 kernel and 25 using 5 × 5 kernel.
For any given image patch ϒ, we can represent it using the
Walsh transformation matrix ω we just obtained:
G = ω ϒ
ω,

(4)

where G is the output Walsh coefficient for image patch ϒ.
Such equation holds for even sized kernel where the transformation matrix ω constructed from Walsh function is
orthogonal thus its inverse is its transpose.
When the kernel is of odd size, i.e. 3 × 3, 5 × 5 and 7 × 7,
odd-sized Walsh vectors ωi yields odd-sized Walsh transformation matrices ω which are no longer orthogonal. In order
to invert Equation 4, we make use of the inverse of ω . Then
we shall have [46]:
 −1
−1
= ϒ.
ω G(ω )

(5)

So, we are able to use the inverse of transformation
matrix ω to process the image:

−1
G = (−1
ω ) ϒ ω .

(6)

where G, ϒ and ω are odd-sized G, ϒ and ω respectively.
In our evaluation, odd-size kernels are used to capture the
local features. Once we have the Walsh coefficients, LBP is
applied for dimensionality reduction. When using 7×7 kernel,
the feature dimensionality is 49 times of the size of the image
after Walsh transformation. After LBP encoding, the feature
dimensionality can be reduced to be the same as the size of
the input periocular image. Figure 5 (b-d) show examples of
LBP encoding for odd-sized kernels, and each gray-scale block
represent one Walsh coefficient. In LBP method, neighboring
pixel intensities are compared with the “pivot” (usually the
center pixel, in orange box), and then threshold against the
pivot. Our experiments find that using non-centered pivot
yields better performance as shown in green box of Figure 5.
Chen et al. [40] showed that high dimensional LBP would
yield much higher performance in terms of face verification.
We also find it true that building a higher dimensional LBP
(dense description of the face image) can give better representation of the face. The way we build the high dimensional LBP
is very different from Chen et al. for the following two reasons.
First, Chen et al. extract the LBP features around each
landmark for a given face image. This requires a very precise
facial alignment. While our approach samples uniformly on
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Fig. 5. Illustration of our proposed WLBP feature extraction method: (a) Expand each 3 × 3 image patch using 9 Walsh basis images (left) or 5 × 5 image
patch using 25 Walsh basis images (right), (b-d) LBP encoding on Walsh coefficients for odd-sized kernel (orange box shows centered pivot whereas green
box shows non-centered pivot), (e) WLBP features of different kernel sizes on a periocular image.

the facial image which is alignment-robust in the sense that
we do not need very precise alignment of facial image.
Second, Chen et al. build high dimensional LBP features by a
multi-scale sampling technique, but again at each scale the
use the same LBP descriptor. While in our approach, the
high dimensional LBP comes by considering multiple kernel
sizes, different choices of pivot points and different bases for
converting to decimal number (usually people use base 2,
but we can use any arbitrary bases). By doing this, we can
achieve a very rich descriptor of the face image. The resulting
high dimensional WLBP features are used as the inputs to
optimal feature selection as will be discussed in the following
Section III-C.
C. Optimal Feature Selection
After WLBP features are obtained, we have conducted
extensive experiments to test the effectiveness of the feature
as well as its robustness towards matching pairs of unconstrained facial images. In order to achieve optimal learning
performance, we resort to the feature selection technique under
Laplacian regularization [47], and we find out that using only
a subset of the feature yields better results. This is consistent
with conceptual understanding of human faces where some
parts are supposed to be more discriminative than others.
We follow the work of He et al. [47] on Laplacian regularized A-optimal feature selection (LapAOFS) for obtaining the
optimal subset of our features. The goal is to find a feature
subset that (1) is geometrically faithful to the underlying
manifold structure, and (2) can, at most, improve the learning
performance when the selected features are used for tasks such
as a linear regression.
Let XF = (x1 , ..., xm ) be a data ensemble, where xi ∈ Rn
is the WLBP feature for the i th periocular image, and m
is total number of images in this ensemble. We define the
feature set F = {f1 , ..., fn }, where fi ∈ Rm corresponds to one
feature point across all images. Now we want to find a subset
S = {s1 , ..., sk } ⊂ F that gives the optimal classification
output. Let XS be a masked version of XF where only
features in S are kept and xiS be the i th column of XS .
Now consider a linear regression model [47] by using only
the selected feature subset S: y = w xS +  where  is an
unknown error with zero mean. Here yi is the label of i th
image and the maximum likelihood estimate (MLE) for the
weight vector wmle can be obtained by minimizing the sum
 S
2
squared error as: Jsse (w) = m
i=1 (w xi − yi ) .

Further considering the faithfulness towards intrinsic
manifold structure, the Laplacian regularizers are fused into
the sum squared error and the new objective function becomes:
J (w) =

λ1
2


m

(w xiS − w xSj )2 Ai j + λ2 w2

i, j =1





Laplacian regularizer
m

+
i=1



(w xiS − yi )2 ,


(7)



sum squared error

where A is a binary adjacency matrix based on KNN of
neighboring data. The solution to this objective function
is [48]:
H−1

w = wmle




= (XS (XS ) + λ1 XS L(XS ) + λ2 I)−1 XS y,





where L = D − A is graph Laplacian which is positive
semidefinite (PSD), and D is a diagonal matrix, Dii = j Ai j .
Next, we want to compute the covariance matrix of w and the
expected squared prediction error. Define
H = XS (XS ) + λ1 XS L(XS ) + λ2 I
 = (λ1 , λ2 ) = λ1 XS L(XS ) + λ2 I

(8)
(9)

Thus, w = H−1 XS y, where y = (XS ) w + .
Then, with the knowledge Cov(y) = σ 2 I, we can have
the covariance matrix of w [47]: Cov(w) ≈ σ 2 H−1 ,
(small λ1 , λ2 ).
Also, let y = w xiS be the predicted observation of xiS , and
the expected squared prediction error [47]:
E(y − y)2 ≈ σ 2 + σ 2 (xiS ) H−1 xiS , (small λ1 , λ2 ).
By minimizing the size of H−1 , both the covariance of
the data and the expected squared prediction error can be
minimized [47]. Thus, the optimal features subset can be found
by solving a Laplacian regularized A-optimality which is to
minimize the trace of the parameter covariance matrix:
min Tr(H−1 ) = min Tr((L +

S ⊂F

S ⊂F

k
i=1
k

= min Tr((L +
S ⊂F

i=1

−1
si s
i ) L)

(10)

αi fi fi )−1 L)

(11)
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Framework of training and testing stages of our Spartans method. In our implementation, the input to KCFA is the optimal WLBP features.

where L = λ2 (I + λ1 L)−1 and k is total number of selected
features. So the optimization in Equation 10 becomes:
⎧⎡
⎡
⎤
⎤−1 ⎫
α1 0
0
0
⎪
⎪
⎪
⎪
⎪
⎪
⎬
⎨⎢
⎢ 0 α2
⎥
⎥
0
0
⎢
⎥ F⎥
F ⎢
X
min Tr ⎢L + (X ) ⎢
L
⎥
⎥
..
α
⎪
⎪
⎣
⎣ 0
⎦
. 0 ⎦
0
⎪
⎪
⎪
⎪
⎭
⎩
0
0
0 αn
subject to ni=1 αi = k, αi ∈ {0, 1}.
After applying sequential optimization [47], [48], the
(k+1)th optimal feature is given by:
sk+1 = argmax
s

−1
s L̆−1
k LL̆k s

1 + s L̆−1
k s

(12)

where L̆k = L + ki=1 si s
i . Thus, we can obtain k optimal
features sequentially. In our approach, we keep k = 6400.
More detailed derivation can be found in [47]. After
periocular optimal features are acquired, we feed them into
the CoMax-KCFA subspace modeling as will be described in
the following Section III-D.
D. Kernel Class-Dependence Feature Analysis
via MACE and SDF Filters
In this section, class-dependence feature analysis (CFA)
method using minimum average correlation energy (MACE)
filters (designed in frequency domain) and equal correlation
peak synthetic discriminant function (ECPSDF) filters
(designed in space domain) will first be described, followed
by their kernelization, justification and more discussions.
The overall training and testing framework of the proposed
Spartans method is shown in Figure 6. Components involved
will be explained in this section and the section to follow.
1) CFA via MACE Filters: The CFA method has shown its
ability to perform robust face recognition in well represented
training data. It uses a set of MACE filters [49], [50] to extract
features from the individuals in the training set. MACE filter
minimizes the average energy of the correlation outputs
while maintaining the correlation value at the origin at a

pre-specified level. Sidelobes are reduced greatly and discrimination performance is improved compared to other well-known
correlation filters such as ECPSDF filter. MACE filters are
generated for every subject in the generic training set therefore
number of class matches the dimensionality of the feature
space. The closed vector form of the resulting MACE filter is:
h = D−1 X(X+ D−1 X)−1 u,

(13)

where X is d × N matrix containing N training feature vectors.
Here d is the dimension of input feature vector. D is d × d
diagonal matrix containing average power spectrum of the
training vectors. The column vector u containing pre-specified
correlation values at the origin is set to 1 for the “authentic”
class to whom the MACE filter belongs, while 0 for all
other images belonging to the remaining “imposter” classes.
These preset correlation peaks ensure that the filter finds no
correlation between subjects who belong to different classes.
The correlation of a test image y, with N MACE filters
can be expressed as:
c = H y = [hMACE−1 hMACE−2 · · · hMACE−N ] y, (14)
where hMACE−i is a MACE filter that has preset value of
the correlation peak to give a small correlation output that
is close to zero for all classes except for class-i. Each input
image is then projected onto those correlation feature vector c
where N is the number of training classes. The similarity
between the probe image and the gallery image is obtained
in the multi-dimensional feature space.
In our experiments, one MACE filter is designed for each
of the N subjects in training set. The design of these N filters
utilizes entire or part of 3D-GEM generated images in training
set in one-class-against-the-rest fashion (i.e., correlation output
is 1 at the origin for all images from the same subject and
0 for all other images) as shown in Figure 6. When N filters
are designed, they are used as projection bases as shown in
Figure 6 to produce the output feature vector c for any test
image y in Equation 14.

4786

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 12, DECEMBER 2015

2) CFA via SDF Filters: MACE filters produce sharp
correlation peaks at the origin, which leads to high
discriminability. However, MACE filters can be sensitive to
noise and may not provide high correlation peak values in
response to non-training images from the desired class. When
images are subject to distortions such as 3D geometric
distortions, occlusions, pose variations, illumination
changes, expression variations, etc., synthetic discriminant
function (SDF) filters can provide an attractive approach for
designing correlation filters that are tolerant to such distortions.
The SDF filters are based on training images that contain
examples of expected distortions. The first SDF filters
(known as equal correlation peak synthetic discriminant
function (ECPSDF) filters, or projection SDF filters) assumed
that the correlation filter is a weighted sum of training images,
and the weights are found so that correlation output at the
origin takes on pre-specified values in response to training
images. More specifically, the closed form solution of the
ECPSDF filters is:
h = X(X X)−1 u

(15)

where columns of X are the training images in space domain,
and u is the pre-specified correlation peak values at the origin,
which are set to 1 for the “authentic” class to whom the
ECPSDF filter belongs, and 0 for all other images belonging
to the remaining “imposter” classes just like in the CFA
via MACE filters. The correlation of a test image y, with
N ECPSDF filters can be expressed as:
c = H y = [hECPSDF−1 hECPSDF−2 · · · hECPSDF−N ] y, (16)
It is worth noted that the ECPSDF filters can be designed
in both space domain and frequency domain, while the
MACE filters can only be designed in frequency domain.
One extension of ECPSDF filters is the minimum variance
synthetic discriminant function (MVSDF) filters which
minimize the output noise variance (ONV) while still
satisfying the hard correlation peak constraints, and thus
provide maximum robustness to noise. The MVSDF filters
are usually designed in frequency domain and if the input
noise is white, MVSDF filters are the same as ECPSDF
filters. In this work, we assume additive Gaussian white
noise, therefore, we will simply use ECPSDF filters.
3) Kernel CFA via MACE Filters: Linear approaches such
as PCA, LDA, and CFA tend to yield low performance rate
in face images that are taken under uncontrolled acquisition
conditions. KCFA [49] is designed to overcome the low
performance of the linear subspace approach due to the
nonlinear distortions in human face appearance variations.
The algorithm is implemented to represent nonlinear features
by mapping them onto a higher dimensional feature space
which allows higher order correlations in kernel spaces. The
features in the higher dimensional space are obtained using
inner products in the linear space, without actually forming
the higher dimensional feature mappings. This kernel trick
improves efficiency and keeps the computation tractable even
with the high dimensionality.
Pre-filtering process is performed before the derivation of
the closed form solution to the kernel MACE filter. The

correlation output of a filter h and a test image y can be
expressed as:


y+ h = y+ D−1 X(X+ D−1 X)−1 u

−1
1
1
1
1
= (D− 2 y)+ (D− 2 X) (D− 2 X)+ (D− 2 X)
u
 +   + −1
= (y) X (X) X
u,
1

1

where X = D− 2 X and y = D− 2 y denotes pre-whitened
version of X and y. Now we can apply the kernel trick to
yield the kernel correlation filter as follows:


−1
u
(y) · (h) =
(y) · (X)
(X) · (X)
= K(y, xi )K(xi , x j )−1 u
where is the mapping function
kernel function is defined by:
K(x, y) =

: R N → F, and the RBF



(x), (y) = exp −(x − y)2 /2σ 2

(17)

where σ = 8 in this work, as determined by cross-validation.
The KCFA via MACE filters is completed after extracting
N-dimensional kernel feature vectors using the kernel MACE
filters in the same CFA framework.
4) Kernel CFA via SDF Filters: Similar to kernel CFA via
MACE filters, the correlation output of an ECPSDF filter h
and a test image y can be expressed, in space domain, as:
 


−1
y+ h = y+ X(X+ X)−1 u = (y)+ X (X)+ X
u
Now we can again apply the kernel trick to yield the kernel
ECPSDF filter as follows:
(y) ·

(h) = ( (y) · (X)) ( (X) ·
= K(y, xi )K(xi , x j )−1 u

(X))−1 u

The choice of kernel function is the same as in the kernel
CFA via MACE filters. The KCFA via SDF filters is completed
after extracting N-dimensional kernel feature vectors using the
kernel ECPSDF filters.
5) Justification: The reason why correlation filters can
handle pose variant training images is two-fold: shiftinvariance and grace degradation. Correlation is a natural
metric for characterizing the similarity between a reference
pattern r (x, y) and a test pattern t (x, y). The two patterns
being compared exhibit relative shifts and it makes sense
to compute the cross-correlation c(τx , τ y ) between the two
patterns
for various possible shifts τx and τ y as c(τx , τ y ) =

t (x, y)r (x − τx , y − τ y )d x d y.
Then, it makes sense to select its maximum as a similarity
metric between the two patterns and the location of the correlation peak as the estimated shift of one pattern with respect
to the other. This correlation operation can be equivalently
expressed as:

T ( f x , f y )R ∗ ( f x , f y )e j 2π( f x τx + f y τ y ) d f x d f y
c(τx , τ y ) =
= FT−1 {T ( f x , f y )R ∗ ( f x , f y )}

(18)

where T ( f x , f y ) and R( f x , f y ) are the 2D Fourier transforms (FT) of t (x, y) and r (x, y) respectively, with f x and f y
denoting the spatial frequencies.
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One of the benefits of correlation filters is the resulting
automatic shift-invariance. Since correlation filters are linear
shift-invariant filters, any translation in the test image will
result in correlation output being shifted by exactly the same
amount. Since the first thing we do in processing correlation
outputs is to locate the correlation peak and since filters
are designed to yield centered correlation peaks for centered
training images, we do not need to explicitly center the test
image. Instead, we implicitly center the test image by locating
the correlation peak and computing the PSR centered at this
peak location. In many feature-based FR methods, centering
of a test image prior to computing the feature values is critical
since they are often sensitive to image centering.
Another important benefits of correlation filters is the
graceful degradation they offer because of the integrative
nature of the matching operation as seen in Equation 18.
If some of the pixels are occluded, they simply do not
contribute to the correlation peak, thus decreasing the overall
peak. However, no single pixel in the image domain is critical
in that recognition can be still carried out successfully. This
gives correlation filters the tolerance to handle misaligned
images. When images are misaligned, it is clear that the
correlation peak is degraded but still high enough to verify
the subject’s identity. This tolerance to image misalignment
and occlusions is in contrast to many space-domain methods
that first locate the two eyes and then center and normalize
the input image, prior to computing features.
Table I shows a set of correlation planes from full face
and periocular region when matching gallery vs. gallery and
gallery vs. probe images along with the peak-to-sidelobe
ratio (PSR). We can see that when frontal gallery image
is matched against itself, perfect peaks are obtained. Also,
periocular region achieves even higher PSR then full face
because the periocular region is more discriminative. When
off-angle probe image is matched against frontal gallery
image, PSR drops, but still with a discernable peak. It is
worth noted that periocular region still yields higher PSR than
full face when off-angle face is matched against frontal one,
because in this case, the off-angle probe image has occlusion
and using periocular region can circumvent this issue. High
discriminative power and robust to occlusion is the two key
reasons we employ periocular region in Spartans.
E. CoMax-KCFA: Coupled Max-Pooling Kernel
Class-Dependence Feature Analysis
As MVSDF filters (equivalently ECPSDF when assuming white noise) typically emphasize low spatial frequencies
and MACE filters emphasize high spatial frequencies, they
provide conflicting attributes. In the previous formulation,
MACE filters which are designed to minimize the average
correlation energy (ACE) would yield sharp peaks but is
likely to have less optimal noise properties. On the other
hand, the MVSDF filters which are designed to minimize the
output noise variance (ONV) is robust to noise but does not
yield shape peak. An optimal tradeoff synthetic discriminant
function (OTSDF) filter that makes an acceptable compromise
between the sharpness of the peak and the noise tolerance
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TABLE I
C ORRELATION P LANE F ROM F ULL FACE AND P ERIOCULAR R EGION
W HEN M ATCHING G ALLERY VS . G ALLERY AND G ALLERY
VS .

P ROBE . P EAK - TO -S IDELOBE R ATIO (PSR)
I S A LSO C OMPUTED

criteria might be preferable to either the MACE or MVSDF
filter. Such a filter could be obtained by optimizing a weighted
sum of the ACE and ONV metrics, and the resulting filter
would have the following form:

−1
h = (αD + βC)−1 X X+ (αD + βC)−1 X
u
(19)
where the non-negative constants α and β control the tradeoff.2
However, the question arises as to what is the optimum mix
of the terms. This can be done by trial and error using the
validation set.
Here, we propose a better and computationally inexpensive
way to achieve the tradeoff between discriminability and
noise tolerance. Recall that in the KCFA formulation using
both MACE and ECPSDF filters, for each testing image y,
an N-dimensional feature vector can be obtained, where each
element is the kernelized projection of y onto each filter
hi : K(y, hi ).
If y is from one of the training classes, in the case of MACE
filters, this feature vector fm is highly sparse, and should only
peak at the genuine class. However, for the ECPSDF filters, the
feature vector fe will still obtain positive values for imposter
classes.
It is more important to discuss the case when y is not
from one of the training classes. What happens for fm is
that all the values will be close to zero, which is by design.
Especially after kernelization, if the test image is outside of
3σ of any classes, fm would be near-zero vector. In this case,
the feature vector become non-informative. This is one of the
limits of KCFA via MACE filters that it does not generalize
well for unseen classes. To tackle this, we find that ECPSDF
has smooth surface and can assign positive values to those test
images that are even outside 3σ of any classes. The resulting
feature vector fe would be non-sparse and informative.
2 The definitions of C and D are discussed in the appendix.
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Fig. 7. Toy example showing the correlation response planes of MACE and
ECPSDF filters. The filters are trained using the 10 images shown, and the
responses are for testing image 1 through 3 from the same class. MACE filters
result in sharp peaks while ECPSDF filters return smooth surfaces.

We propose to apply some pooling techniques on these two
feature vectors fm and fe , instead of determining the mixing
constants in the OTSDF during the filter design stages, which
is way more expensive computation-wise.
Intuitively, we want to retain the sharp peak (high discriminability) from MACE filters and smooth surface (tolerance to
noise) from ECPSDF filters. Coupled max-pooling can be a
good choice because for the feature dimensions corresponding
to genuine classes, both MACE and ECPSDF should give high
value, and after max-pooling, high discriminability still holds.
For all other dimensions corresponding to imposter classes,
ECPSDF will give higher values than MACE, and after maxpooling, the resulting feature vector will still be informative
because for these dimensions, values are no longer near zero.
This is depicted in Figure 6. We have shown in Figure 7
the response planes for both MACE and ECPSDF filters for
some sample images. MACE filters result in sharp peaks while
ECPSDF filters return smooth surfaces.
The final coupled max-pooling KCFA (CoMax-KCFA)
feature vector is expressed as:
fCoMax (i ) = max(fm (i ), fe (i ))

(20)

In addition, we also explore sum-pooling and min-pooling.
They are not as good as max-pooling from our evaluation
using “Experiment 4 protocol” in the FRGC ver2.0 database
on raw pixel intensities as shown by the receiver operating
characteristics (ROC) curves in Figure 8. We also show
the verification rate (VR) at 0.001 false accept rate (FAR)
for the comparative evaluation in Table II. Moreover, the
CoMax-KCFA is a cross-domain approach, where the maxpooling is across space and frequency domain. This would
allow more tolerance to distortions.
IV. E VALUATIONS
We first evaluate the quality of the 3D synthesized faces
by comparing them against their corresponding actual images
in the CMU Multi-PIE (MPIE) database [24]. Then, we
test how using only single image per training class can be
harnessed to achieve comparable results in a large-scale
1-to-1 face verification scenario using the Face Recognition

Fig. 8. ROC curves for strict FRGC experiment 4 protocol. CoMax
outperforms the rest.
TABLE II
V ERIFICATION R ATES (VR) AT 0.1% (0.001) FAR AND E QUAL E RROR
R ATES (ERR) ON FRGC E XPERIMENT 4 P ROTOCOL

Grand Challenge (FRGC) ver2.0 database [23]. Thirdly,
we evaluate the off-angle face matching capability of our
proposed Spartans using the MPIE database, in terms of
pose invariant face recognition tasks. Following this, we
carry out our major experiments on the Labeled Faces in the
Wild (LFW) database [22] to test how well Spartans can deal
with unconstrained non-frontal face verification tasks.
A. 3D-GEM Quality on Periocular Region
We show the accuracy of our 3D synthesized faces by
comparing the periocular regions of synthesized images
against that of the actual database images. Figure 9 shows
the comparison between the actual off-angle faces and its
periocular region (in blue box) and the synthesized off-angle
faces and periocular regions by using our proposed method
(in red box). In order to show the dissimilarity score of
the two, we compute the root mean square error (RMSE)
between the periocular region of database images and that
of the corresponding synthesized faces. Table III shows the
comparison results of the RMSE on 249 faces, each face has
5 poses at 0, ±15 and ±30 degrees of yaw, where μRMSE is
the mean of RMSE across these 249 face images, and SERMSE
is the standard error of μRMSE . Please note that at 0 degree,
the RMSE is 0. This is because we synthesize the off-angle
images based on the frontal image. As shown in Table III,
our synthesized images have very low dissimilarity (small
RMSE) with database images.
B. Evaluation on the FRGC v2.0 Database
The FRGC ver2.0 database [23] has three components: First,
the generic training set is typically used in the training phase
to extract features. It contains both controlled and uncontrolled
images of 222 subjects, and a total of 12,776 images. Second,
the target set represents the people that we want to find. It has
466 different subjects, and a total of 16,028 images. Last,
the probe set represents the unknown images that we need to
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Fig. 10. (L) ROC curves for the FRGC Exp1 and Exp4 evaluation. (R) ROC
curves for the MPIE evaluation.
Fig. 9.
Comparison of database periocular images and our synthesized
periocular images at 0, ±15 and ±30 degrees of yaw.

TABLE IV
Spartans P ERFORMANCE C OMPARED W ITH P ROTOCOL ON FRGC

TABLE III
RMSE B ETWEEN S YNTHESIZED P ERIOCULAR I MAGES AND D ATABASE
P ERIOCULAR I MAGES ON A S UBSET OF THE CMU M ULTI -PIE

match against the target set. It contains the same 466 subjects
as in target set, with half as many images for each person as
in the target set, bringing the total number of probe images
to 8,014. All the probe subjects that we are trying to identify
are present in the target set [51]–[53]. The harsh illumination
variation mentioned earlier heavily affects the performance of
all recognition algorithms and cannot be overlooked. FRGC
Experiment 4 is the hardest experiment in the FRGC protocol
where face images captured in controlled indoor setting are
matched against face images captured in uncontrolled outdoor
conditions, where harsh lighting conditions considerably alter
the appearance of the face images.
We will make the both FRGC Experiment 1 and Experiment
4 protocols even harder by allowing us to see only 1 image
per training class. So, instead of using 12,776 image from
222 classes for training, we will be shown only 222 images
from 222 distinct subjects (randomly choose 1 per training
subject) in total.
Our proposed Spartans approach is a good fit for this singlesample case where it can generate many face images with
various poses for each individual to enrich the training corpus
by bring in more variations.3 Since the FRGC is a frontal or
near-frontal database, we confine the range of the 3D pose
synthesis to ±15° in yaw and ±10° in pitch.
Figure 10 (L) shows the ROC curves for the FRGC Experiment 1 and Experiment 4 evaluations. Table IV shows the
VR at 0.1% FAR and EER of our method and the protocol
training method. For fair comparison, we restrict the Spartans
to take in the raw pixel features. As can be seen from the
results, the Spartans can achieve comparable results with the
protocol which utilizes all of the 12,776 training images. This
shows the effectiveness of our proposed method under the
single-sample training scenarios.
3 In this case, only pose variations will be enriched. The same framework
can be easily extended to bringing in other variations like illumination and
expression. This is beyond the scope of this paper.

C. Evaluation on the MPIE Database
We use the CMU Multi-PIE (MPIE) database [24] to study
pose invariant face recognition using the proposed Spartans
approach. The MPIE database comprises of images taken in a
controlled studio setting. It is a very good experiment to see
how Spartans can deal with controlled pose variations. This
will be a pilot for the proposed method before it starts to deal
with unconstrained real-world data in the section to follow.
There has not been any universal evaluation protocols that
we can follow for MPIE database. Therefore we decide
to follow the pose invariant face recognition protocol from
Prabhu et al. [6]. They used a subset of MPIE database from
the first session with neutral expression and frontal lighting,
covering nine poses (left 60 degree to right 60 degree yaw
in steps of 15 degrees) of 249 subjects. In their work, pitch
variation was not explored.
In their evaluation, off-angle query images are matched to
frontal gallery images. They first estimate the pose of the query
image, and then rotate each gallery image to the estimated
pose of the query image plus or minus some search range
(5 degrees). This means for any query image xt with an
unknown yaw pose φ, 10 poses [φ − 5°, φ + 5°] of each
of the 249 gallery images have to be generated, resulting in
11 × 249 = 2, 739 to be compared to a single query image xt .
Actually, theirs is a quite computationally expensive method
in the sense that pose estimation has to be carried out for each
query image and 2,739 pose images have to be generated
from the gallery set to be matched to each query image.
Such method will be less feasible for large-scale off-angle
face matching problems. In addition, the accuracy of the pose
estimation will also be an issue especially when the images are
less ideal. One of the reasons they do not carry experiments on
pitch variation could be that the pitch estimation is somewhat
much harder then yaw estimation.
On the other hand, our proposed Spartans approach can
be agnostic about the pose of the query image and does not
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TABLE V
TABLE S HOWING R ANK -1 I DENTIFICATION R ATE (P ERCENT ) AND V ERIFICATION R ATES AT 1 P ERCENT FALSE A CCEPT R ATE (P ERCENT, Bold Italics)
FOR

T HREE B ENCHMARK E XPERIMENTS AND THE P ROPOSED M ETHOD E XPERIMENTS ON MPIE

need any pose estimation steps. The pose invariance is built in
during the design of the advanced correlation filters. For fair
comparison, we use raw pixel intensity in Spartans and the
performance results are shown in Table V along with the best
algorithm from Prabhu et al. [6], PCA (subspace trained on
frontal images) and raw pixel intensities (direct matching of
frontal and non-frontal images). Since the 3D-GEM goes not
model eyeglasses, we also carry out experiments on a subset
of the MPIE data set containing images without eyeglasses.
The results are shown in the second portion of Table V.
As can be seen, our proposed Spartans consistently outperforms the competing best algorithm [6]. Figure 10 (R) shows
the receiver operating characteristics (ROC) curves from
our proposed Spartans method on the MPIE data set, with
eyeglasses included. We do observe some performance loss at
more extreme pose angles, but we attribute this to illumination
variations which appear when the face is observed from different angles. Even under the frontal lighting conditions, the faces
exhibit strong illumination gradient visible across the cheeks
in the 60 degree view which is absent in the frontal view.
When we allow Spartans to use optimal WLBP features, which
is more discriminative and robust to illumination changes as
proposed, we have seen a performance improvement of around
20 percent in Rank-1 ID rate at 60 degrees over the raw pixel
features.
D. Evaluation on the LFW Database
In this subsection, we detail our major experiments on the
LFW database [22] which contains a total of 13,233 face
images of 5,749 different subjects. The whole database is split
into 2 views: View 1 is used for model selection and algorithm
development which has 2,200 pairs for training and 1,000 pairs
for testing; View 2 consists of 10-fold cross-validation set
of 6,000 pairs, on which we report the performance only.
In our implementation, we tune the model parameters strictly
on View 1 only and evaluate our performance on each of the
10 folds in View 2 following several configuration protocols
to be discussed below.
The images from the LFW have rich contextual information
in the background which will definitely aid the classification
performance. In our implementation, we restrict the region
of interest solely on face region, to be more specifically, we
consider only the periocular information.

We conduct four different experiments on the LFW,
following its latest updated protocols [22], [54]. (1) We follow
the Image-Restricted, No Outside Data protocol, to show
that our proposed method is able to achieve higher accuracy
compared to other existing approaches. Since no outside information can be used, not even for alignment and feature extraction, we confine the training of facial landmarker (MASM) and
pose synthesizer (3D-GEM) using only the images available
to us in View 1, which is available for model selection and
training under this most strict protocol. Of course the
model would not be as robust as if trained on more ideal and
accurately labeled faces. (2) We follow the Image-Restricted,
Label-Free Outside Data protocol, only this time, outside
training data can be used only for alignment and feature
extraction. In this case, our landmarker and synthesizer can
be improved in the sense of precision. (3) Since the whole
matching process does not require any label information to
be considered, our approach is actually an unsupervised one.
Therefore, we will also benchmark the Spartans against
other unsupervised approaches following the Unsupervised
protocol. (4) We follow our self-defined protocol to show
the effectiveness of our proposed CoMax-KCFA subspace by
comparing against other subspace methods (both linear and
non-linear) on the pair-matching task in the LFW, which will
be detailed below.
The advantages of using Spartans on the LFW are as
follows: (1) it can be completely unsupervised, (2) it does
not require a lot of training data, (3) it trains fast. This
is directly opposite to those methods that reply on large
amount of labeled data for their deep architectures which
are computationally demanding. To that end, we compete in
different categories that either does not utilize outside training
data, or are completely unsupervised.
In the first three experiments, we follow the
leave-one-out cross validation protocol which is required by
the LFW evaluation, i.e. in each fold, one subset is used for
testing and the remaining 9 subsets for training. Especially,
for any training-testing selection, the subjects in each subset
are mutually exclusive. The final pair-matching performance
is reported as the mean recognition rate μ and standard error
SE about the mean over 10-fold cross-validation.
For the first experiment under Image-Restricted, No
Outside Data protocol (without any outside training data
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Fig. 11. (a): ROC curves for experiments on LFW database under Image-Restricted, No Outside Data protocol. (b): ROC curves for experiments on LFW
database under Image-Restricted, Label-Free Outside Data protocol (outside training data used only for alignment or feature extraction). (c): ROC curves
for experiments on LFW database under Unsupervised protocol.
TABLE VI
V ERIFICATION R ESULTS C OMPARISON ON LFW U NDER
“I MAGE -R ESTRICTED , N O O UTSIDE D ATA” P ROTOCOL [59]

TABLE VII
V ERIFICATION R ESULTS C OMPARISON ON LFW U NDER
“I MAGE -R ESTRICTED , L ABEL -F REE O UTSIDE
D ATA” P ROTOCOL [59]

whatsoever), our proposed Spartans approach can achieve
87.55% accuracy, a high score that is comparable to the
state-of-the-art [39], [55] as shown in Table VI. The receiver
operating characteristics (ROC) curves for all the methods
listed in Table VI are shown in Figure 11(a). It is worth noted
that our approach actually has the much higher in the low FAR
range, a desirable property for access control scenarios. For
the second experiment under Image-Restricted, Label-Free
Outside Data protocol where outside training data can only
be used for alignment and feature extraction, our proposed
Spartans with better trained landmarker and pose synthesizer

can yield higher accuracy than in the first experiment. It beats
all the state-of-the-art results by achieving an accuracy
of 89.69%. Table VII shows the accuracies of our method
and 8 other methods following the same protocol. The ROC
curves for all the algorithms are shown in Figure 11(b).
Since our approach is also an unsupervised one, because
in the training stage we do not take any label information
into account, we also benchmark our approach against other
unsupervised approaches as our third experiment following the
Unsupervised protocol. The accuracies are measured by area
under the ROC curve (AUC), listed in Table VIII and the ROC
curves are shown in Figure 11(c). It turns out, the Spartans
again beats all the state-of-the-art algorithm by reaching an
AUC of 0.9428. In the last experiment, we introduce a new
protocol also using the LFW View 2. In each fold, we select
the most frontal face image of each subject in that fold for
training and keep the rest of images for testing. This process
is repeated 10 times across all 10 folds. Under this scheme,
we compare our proposed method with eight other subspace
learning methods, including both linear and non-linear
versions of PCA, LDA, LPP, and UDP. The experimental
results are shown in the Table IX. Our Spartans with CoMaxKCFA subspace has reach 85.65% accuracy, a big jump
compared to other subspace approaches under this self-defined
scheme.
When two feature vectors are obtained from a pair of
images, a learned metric would return the decision of “match”
or “mismatch”. We follow the work in [39] to learn a low-rank
large-margin Mahalanobis metric. The authors have shown
improvements by projection onto a subspace with a discriminative Euclidean distance. In their method, a linear projection W ∈ R p×d is leaned such that the squared Euclidean
distance (Mahalanobis metric in the original d-dimension
2 ( ,
2
 
space) dW
i
j ) = W i − W j 2 = ( i − j ) W W
( i − j ) between image feature i and j is smaller than a
learned threshold b if i and j are the same person, and larger
otherwise. By imposing a large margin (at least 1) criterion, the
2 ( ,
constraints become yi j (b − dW
i
j )) > 1, where yi j = 1
iff i and j are same person, and yi j = −1 otherwise.
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TABLE VIII
V ERIFICATION R ESULTS C OMPARISON ON LFW U NDER
U NSUPERVISED P ROTOCOL [59]

TABLE IX
C OMPARISON OF L INEAR AND N ON -L INEAR S UBSPACE P ROJECTION
M ETHODS U NDER S ELF -D EFINED P ROTOCOL ON THE LFW

The learning of W is straightforward using the following
objective function with a hinge-loss formulation:


 
max 1− yi j (b − i − j ) W  W ( i − j ) , 0
argmin
W,b

i, j

which can be solved using a stochastic sub-gradient method.
At each iteration t, the algorithm uniformly samples a single
pair of face images (i, j ) and updates the projection matrix as
follows:

2 ( ,
Wt
if yi j (b − dW
i
j )) > 1
Wt +1 =
Wt − τ yi j Wt i j otherwise
(21)
where i j = ( i − j )( i − j ) is the outer product of the
difference vector and τ is a constant learning rate determined
by the validation set. The algorithm stops after 5,000 iterations.
Apparently, this metric learning is supervised which requires
the label information from the pairs of training images. The
learner needs to know which of the image pairs is “match”
or “mismatch”. We, however, want to make the metric
learning process unsupervised. The implementation is simple,
it only changes the part where the “match” and “mismatch”
pairs are determined, and all the remaining steps should
remain the same. Given all the available training images
X = [x1 , x2 , ..., xk ], we can computer a similarity matrix
S ∈ Rk×k according to some similarity measure. In this case,
we adopt the normalized cosine distance (NCD) [56]–[58]
between two vectors as the similarity measure:
a·b
. Let S L be the strict lower triangle
NCD(a, b) = 1 − ab
matrix of S, and therefore, S L will have k 2 − k elements.
We simply rank these k 2 − k numbers in a vector R, then
2
we can pick the top t, (t < k 2−k − η) terms from R as the
similarities of the “match” pairs, and similarly, pick the last t
terms to be the similarities of the “mismatch” pairs. Following
this, we will assign 1’s as the similarities for all “match” pair,
and 0’s for all “mismatch” pair. The remaining steps should

be the same as in the original implementation. By doing this,
we are able to learn the metric in an unsupervised manner.
It turns out, the unsupervised modification will lead to more
robustness than enforcing hard labels in the supervised way.
V. C ONCLUSIONS
In this work, we have developed a single-sample
periocular-based alignment-robust face recognition technique
that is pose-tolerant under unconstrained face matching
scenarios. The proposed Spartans approach utilizes only one
sample per subject class and generate new face images under a
wide range of 3D rotations using the 3D generic elastic model
which is both accurate and computationally inexpensive. Then,
we focus on the periocular region where the most stable and
discriminant features are retained. A novel facial descriptor,
high dimensional Walsh local binary patterns, is densely and
uniformly sampled on facial images with robustness towards
alignment. During the learning stage, subject-dependent
advanced correlation filters are learned for pose tolerant
subspace modeling in kernel feature space followed by the
coupled max-pooling mechanism which further improves
the performance. Given any unconstrained unseen face
image, the Spartans can produce a highly discriminative
matching score, thus achieving high verification rate. We have
evaluated our method on the challenging Labeled Faces in
the Wild (LFW) database and solidly outperformed the stateof-the-art algorithms under four evaluation protocols with a
high accuracy of 89.69%, a top score among image-restricted
and unsupervised protocols. The advancement of Spartans is
also proven in the FRGC and MPIE databases. In addition,
our learning method based on advanced correlation filters is
much more effective, in terms of learning subject-dependent
pose-tolerant subspaces, compared to many well-established
subspace methods in both linear and non-linear cases. Future
work may include extending this framework to involve more
variations such as illumination variation and expression
changes; combining with novel biometrics traits such as
gait [81] and other behavioral ones [82]. This work can be
seen as another step towards a fully robust unconstrained face
matching system.
A PPENDIX A
D ERIVATION OF MACE F ILTERS
The minimum average correlation energy (MACE)
filters [50] minimizes the average correlation energy (ACE)
subject to pre-specified hard constraints. One desirable way
of suppressing the sidelobes in the correlation plane is to
minimize the energy in the correlation plane. This ensures
high discriminability of MACE filters. The average correlation
energy for the N training images is defined as:
ACE =

1
N

d1

N

d2

|gi (m, n)|2
i=1 m

(22)

n

where gi (m, n) = x i (m, n) ∗ h(m, n) denotes the correlation
function of the i t h image x i (m, n) with filter h(m, n).
A direct realization of Parseval’s theorem gives the ACE
expressed in the frequency domain as:
ACE =

1
d·N

N

d1

d2

|G i (k, l)|2
i=1

k

l

(23)
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where G i (k, l), X i (k, l), and H (k, l) are the 2D Fourier
transform of gi (m, n), x i (m, n) and h(m, n) respectively.
Since G i (k, l) = H (k, l)X i∗ (k, l), the frequency domain
expression of ACE becomes:
1
ACE =
d·N

d1

N

d2

|H (k, l)|2|X i (k, l)|2
i=1

k

(24)

l

Using the vector form of the image sequence, we can rewrite
the ACE expression as follows:
ACE =

1
d·N

= h+

N

1
d·N

N

(25)

!
Xi Xi∗ h = h+ Dh

(26)

i=1

N
1
∗
where D = d·N
i=1 Xi Xi is a d × d diagonal matrix, and
Xi ’s are also diagonal matrices whose elements on the main
diagonal are X i (k, l).
The constraints on the correlation peak must also be
expressed in the frequency domain. Since inner projects in
the space domain are directly proportional to inner products
in the frequency domain, the constraints becomes:

X+ h = d · u

(27)

where X is now a matrix whose columns xi are vector representations of the Fourier transforms of the training images,
and u = [u 1 , u 2 , ..., u N ] is a vector containing the desired
peak values for the training images.
To solve this constrained quadratic optimization problem
where the quadratic function h+ Dh is minimized subject to
the linear constraints X+ h = d · u, Lagrangian multipliers
N
λi (h+ xi − u i ).
can be introduced: L(h, λ) = h+ Dh − 2 i=1
Setting the gradient of L with respect of h to zero, we have:
∂L
∂h = 0 ⇒ Dh = λ1 x1 + ... + λ N x N . Since the matrix D is
invertible, h can be expressed as:
!
N
h = D−1

λi xi

= D−1 Xλ

(28)

i=1

Substituting 28 into 27, the constraint
X+ D−1 Xλ = u. Therefore, λ can be solved as:
−1

u
λ = X+ D−1 X

d2
n=1 x i (m, n)h(m, n).

Written in vector form, the
above N linear equations become:
X h = u

(30)

Since the number of training images N is usually much
smaller than the number of frequencies in the filters, the
system of equations is under-determined and many filters exist
that satisfy the constraints. To find a unique solution, h is
assumed to be a linear combination of the training images4 :
h = Xa

(h+ Xi )(Xi∗ h)

i=1

d1
m=1
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(31)

where a is the weights vector for linearly combining the
columns of the data matrix X. Substituting for h in 30 yields:
X Xa = u ⇒ a = (X X)−1 u. Using 31, the ECPSDF
solution is obtained: h = X(X X)−1 u.
Some other SDF filters can be designed by using several
performance criteria such as output noise variance (ONV),
and average similarity measure (ASM) as measures of quality
that relate to different properties of the filter.
The filter’s output in response to a training vector xi
corrupted by the additive noise vector v is given by:
(xi + v) h = xi h + v h = u i + δ

(32)

The output noise variance, assuming that the noise is a
zero-mean process, is defined as:
ONV = E{δ 2 } = E{(v h)2 }






(33)




= E{h vv h} = h E{vv }h = h Ch

(34)

where C = E{vv } is the covariance matrix of the input noise.
This will lead to the minimum variance synthetic discriminant
function (MVSDF) filter solution:

−1
h = C−1 X X+ C−1 X
u
(35)
The MVSDF filter is identical to the ECPSDF filter when
the input noise is white (C = I). Thus, the ECPSDF is the
best one in the sense of minimizing the output variance for
white input noise.
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