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Abstract — This paper addresses face recognition prob-
lem in a more challenging scenario where the training and

test samples are both subject to the visual variations of

poses, expressions and misalignments. We employ dense
Scale-invariant feature transform (SIFT) feature matching

as a generic transformation to roughly align training sam-
ples; and then identify input facial images via an improved

sparse representation model based on the aligned training

samples. Compared with previous methods, the extensive
experimental results demonstrate the effectiveness of our

method for the task of face recognition on three benchmark

datasets.
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I. Introduction

Automatic face recognition, as a high level vision
task, is designed to distinguish a specific identity from
the unknown objects characterized by facial images. It
has been extensively studied in computer vision[1−7],
and suffices various practical applications, such as face
identification[8], biometrics[9], and video surveillance[10].

From the perspective of establishing face recognition
model, the existing methods could be mainly categorized
into two classes: supervised and unsupervised. The su-
pervised methods identify human face in a discrimina-
tive manner, which utilize projection technique[11] or the
trained classifiers[2]. In Refs.[12,13], the authors also uti-
lize the metric learning technique to train discrimina-
tive classifiers for the task of face recognition. They are
hardly generalized, however, as the human facial images

are complex natural stimuli that may suffer from severe
variations, such as pose changes, illuminations, occlu-
sions, misalignment and expressions. On the other hand,
the unsupervised methods employ reconstructive criterion
to estimate unknown objects based on Principal compo-
nent analysis (PCA)[14,15], Independent component anal-
ysis (ICA)[16], Compressed sensing (CS)[17] and Sparse
representation models (SRMs)[18,19]. The PCA approach,
also known as eigenface method for dimensionality reduc-
tion, yields projection directions that maximize the total
scatter across all classes. An alternative approach for di-
mensionality reduction is tensor projection[17], which is an
extension to the conventional PCA for image compression
and construction. As the generalization of PCA, the ICA
methods have been used to find statistically independent
basis images or coefficients for the face images to deal with
the sensitivity to higher order image statistics[16].

Recently, SRM achieves impressive and robust results
to against the visual variations of illumination, occlusion
and corruption of facial images. The training and testing
images, however, are both required to be well aligned[18].
In order to address this problem, Peng et al. seek a set of
optimal image transformations via SRM for linearly corre-
lated facial images[20]. For the practical application, Wag-
ner et al. propose an improved face recognition system[19],
without the constraint of well-aligned test samples, but
still subject to the aligned training samples. Overall, pre-
vious sparse approximation techniques for face recogni-
tion either are not robust to misalignment, or address the
misalignment by optimizing a parametric affine transfor-
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mation on the image domain.
This paper presents a novel approach for face recog-

nition where the training and test samples are both sub-
ject to the visual variations of poses, expressions and mis-
alignments. Specifically, our method begins with the im-
age representation that abstracts the SIFT feature[21] for
each pixel, then a Dense SIFT feature alignment scheme
(DSFA) is designed to automatically perform image align-
ment via establishing correspondence to match the per-
pixel SIFT features[21]. Employing such scheme enabled
us to align facial images across different visual variations,
without requiring that the query sample is a frontal face
image. Finally, after the training samples are roughly
aligned with respect to the query test image, an improved
SRM is proposed to recognize test images based on the
minimized reconstruction error. Experimental results on
three face recognition datasets show that our method
is not only robust to these visual variations, but also
achieves better performance in terms of recognition ac-
curacy.

II. Image Alignment Using DSFA

This section first presents image representation us-
ing dense SIFT features, and then describes our DSFA
scheme.

1. Dense SIFT feature representation
SIFT is a robust descriptor to characterize local gra-

dient information of image pixels[21]. In Ref.[21], it is a
sparse feature representation that consists of both feature
detection and extraction process. In this paper, however,
we only utilize the feature extraction component. For ev-
ery pixel x = (x, y) ∈ I, its neighborhood is divided (e.g.
16 × 16) into a 4 × 4 cell array, and the gradient orien-
tation is quantized into 8 bins in each cell, resulting in a
4×4×8 = 128-dimensional vector for pixel x. We perform
this operation for every pixel, then each pixel can be also
represented by a 128-dimensional vector. This per-pixel
SIFT description is called the dense SIFT feature repre-
sentation for input facial image I. The goal of our work is
to perform alignment for every pixel based on this dense
feature representation.

2. Image alignment using DSFA
Given two facial images I1 and I2 belonging to sub-

ject i, the alignment process is similar to match the cor-
responding pixels in I1 and I2. Let F (x) = (h(x), v(x))
be the flow vector at pixel x, where h(x) and v(x) are the
flow component in horizon and vertical directions, respec-
tively. Note we only allow h(x) and v(x) to be integers.
Inspired by Refs.[23,24], the SIFT features are expected
to be matched along the flow vectors F (x), and the flow
field is required to be smooth, with discontinuities agree-
ing with object boundaries. Based on these two criteria,
the objective function to align two facial images is defined

as:

E(F ) =
∑

x

min(||I1(x) − I2(x + F (x))||1, t)

+
∑

x

β(|h(x)| + |v(x)|) +
∑

(x,y)∈ε

min(α||h(x)

− h(y)||1, d) + min(α||v(x) − v(y)||1, d)
(1)

where ε denotes the four-neighborhood system, and α and
β are the turned parameters. In Eq.(1), the first term is
the data term, which constrains the SIFT features to be
matched along with the flow vector F (x) within I1 and
I2. The second term is the small drift term, which con-
strains the flow vector F (x) to be as small as possible
when I1(x) and I2(x) look similar. The third term is the
smoothness term, which constrains the flow vectors to be
consistent with the adjacent pixels. The �1-norm is both
used in the data term and the smoothness term to account
for flow discontinuities and matching outliers, with t and
d as the threshold, respectively.

3. Optimization and complexity analysis
Suppose that an image is with the resolution M × N .

In our DSFA diagram, a pixel in one image I1 can liter-
ally match to any pixels in the other image I2. Therefore,
the computation complexity of directly optimizing Eq.(1)
is O((M × N)2). This optimization scheme scales poorly
with respect to image dimension, resulting in very time
consuming when there are large number of subjects and
number of image samples for each subject.

In order to address this drawback, we use a dual-layer
loopy belief propagation[25] to optimize the objective func-
tion defined in Eq.(1). Differently from the traditional
formulation of optical flow[23,24], the smoothness term in
Eq.(1) is decoupled. This property allows us to optimize
the horizontal flow h(x) and vertical flow v(x) separately
in our optimization diagram. As a result, the computa-
tion complexity can be reduced from O((M × N)2) to
O(M × N) at one iteration of message passing. Specifi-
cally speaking, our dual-layer belief propagation on the
objective function of Eq.(1) is shown in Fig.1. Firstly, a
horizontal layer u and vertical layer v are constructed with
exactly the same resolution of facial images, where the
data term connecting pixels at the same location. In each
iteration of message passing, the intra-layer messages are
first updated in h(x) and v(x) respectively, and then the
inter-layer messages are updated between h(x) and v(x).
Since the functional form of the objective function has
truncated �1-norm, the complexity can be further reduced
using the distance transform function[25].

Fig.2(a) illustrates three examples of aligned facial im-
ages on ORL dataset[26] according to randomly selected
query image. Notice how the pose changes, expression
variations and misalignments of other images are rectified
to the query image. It also shows that using DSFA is not
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sensitive to whether the query image is a frontal facial im-
age or not (see third example), which makes our method
more flexible for face recognition. We also perform DSFA
between the samples with different object categories, and
the results are exhibited in Fig.2(b). It shows that DSFA
approach achieves good intra-class alignment, while poor
inter-class alignment.

Fig. 1. Illustration of our dual-layer belief propagation on ob-
jective function defined in Eq.(1), where x and y de-

note adjacent pixels

Fig. 2. Three examples of aligned facial images with respect

to the query image (as shown in first column) on ORL
dataset[26] , which is able to account for the different

visual variations

III. The Theory

In this section, we first introduce the improved SRM,
and then elaborate on our classification algorithm for face
recognition.

1. The proposed SRM
Let Ai = [Xi,1, Xi,2, · · · , Xi,ni ] ∈ R

m×ni be a series of
training samples for the ith object class, where Xi,j ∈ R

m

denotes a vector stacked from all m pixels of facial image
I. The task of face recognition is to identify the object
class i of any test samples Y ∈ R

m. In the beginning,
however, the membership i of Y is not known, we thus
define a new matrix A for the whole training facial images
as the concatenation of the N training samples of all K

object categories:

A = [A1, A2, · · · , AK ] = [X1,1, X1,2, · · · , XK,N ] (2)

In many practical face recognition scenarios, the train-
ing samples A and test sample Y might be both subject

to some visual variations (e.g., pose changes, expressions
and misalignments). Let τ be a generic transformation set
acting on the image domain, and “◦” denote a non-linear
operator, therefore, we can apply τ to A to produce a se-
ries of warped training samples A′ = A◦τ . If the training
samples with the same class of Y is able to be roughly
aligned to Y using transformation set τ while the others
are not, then Y lies in the linear space spanned by the
entire training set A′, plus a sparse error e ∈ R

m due to
the corrupted pixels:

Y = A′x + e = (A ◦ τ )x + e (3)

where x ∈ R
N is a sparse coefficient vector that the most

entries are zero except those associated with the same
category of Y . The sparse characteristic of x provides a
strong cue to find the appropriate deformation set τ : one
would like to seek τ that allows the sparsest representa-
tion, solving the following �1-norm optimization problem:

(x̂, ê) = argmin ||x||1 + ||e||1
s.t. Y = (A ◦ τ )x + e

(4)

However, Eq.(4) has many local minima due to two
facts: there are multiple faces in the matrix A, and each
training sample might need different transformation to
perform alignment with respect to Y . In our implementa-
tion, we employ the vector flow F (x) introduced in DSFA
as the generic transformation F (x) = τk,n ∈ τ to align
the training sample Xk,n ∈ A with respect to Y . Once
the best transformation has been applied for each train-
ing sample, a global sparse representation problem can
again be solved to obtain a discriminative representation
in terms of the entire training facial images. Thus Eq.(4)
can be rewritten as:

(x̂, ê) = argmin ||x||1 + ||e||1
s.t. Y = Bx + e

(5)

where B = [X1,1 ◦ τ1,1, X1,2 ◦ τ1,2, · · · , XK,N ◦ τK,N ].
2. Classification based on the proposed SRM
In order to better harness the subspace structure asso-

ciated with aligned images in face recognition, we classify
test sample Y based on how well the coefficients asso-
ciated with all aligned training samples of each object
recover Y . For each class i, let δi : R

N → R
N be the

characteristic function that selects the coefficients associ-
ated with class i. For x̂ ∈ R

N , δi(x̂) is a new vector whose
only nonzero entries are the entries in x̂ that are associ-
ated with class i. Using only the coefficients associated
with the ith class, one can approximate Y as the sparse
construction: ŷ = Bδi(x̂) + ê. Then Y can be classified
based on these approximations via assigning the object
class that minimizes the residual between Y and ŷ:

min
i

ri(Y ) = ||Y − ê − Bδi(x̂)||2 (6)
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where || · ||2 is �2-norm. However, before classifying a test
sample Y in the real-world scenarios, we have to first de-
cide whether it is an outlier from none of the classes in
the dataset. To this end, we also adopt the Sparsity con-
centration index measurement (SCIM)[17] to evaluate how
concentrated the coefficients are on a single class in the
dataset, after the training samples are roughly aligned:

SCIM(x̂) .=
K · maxi ||δi(x̂)||1/||x̂||1 − 1

K − 1
(7)

The complete recognition procedure is summarized in Al-
gorithm 1. Our implementation minimizes the �1-norm via
a primal-dual algorithm for linear programming based on
Ref.[27].

Algorithm 1 Classification algorithm based on proposed

SRM

Input: a matrix of training samples: A for K classes,

a test sample Y ∈ R
m, threshold λ ∈ [0, 1]

Output: identity(Y )

1: Align training samples with respect to Y using DSFC

to get matrix B based on Section II;

2: Normalize the columns of B to have unit �2-norm;

3: Solve the �1-minimization problem:

(x̂, ê) = arg min ||x||1 + ||e||1, s.t. Y = Bx + e;

4: Compute the residuals ri(Y ) = ||Y − ê − Bδi(x̂)||2;
5: if SCIM(x̂) ≥ λ then

6: Set identity(Y ) = arg min ri(Y ) for all K classes

7: end

IV. Experimental Evaluation

To demonstrate the effectiveness of our method, we
have conducted several experiments on man-made and
real-life face recognition datasets.

1. Dataset
The ORL face database[26] contains 400 gray images of

40 subjects. All the images were taken against a homoge-
neous background, and some were taken at different times.
This database includes frontal views of upright faces with
facial expression (open or closed eyes/mounthes, smiling
or nonsmiling), misalignment, facial occlusions (glasses
or no glasses) and pose variations. The main reason be-
hind employing ORL dataset is that this dataset has facial
images with different subject gender and input stimulus
variety.

The AR face dataset[28] contains over 4000 color im-
ages of 126 subjects (70 males and 56 females), includ-
ing frontal views of faces with different facial expressions
(neutral, smile, anger, and scream), luminance alterations
(left light on, right light on, and all side lights on) and oc-
clusion modes (sunglass and scarf). In this research, we
address two fundamental challenges of face recognition,
i.e., the natural variations of misalignment in the head
orientation and the changes in facial expressions.

The LFW face dataset[30] is collected from the web
for the unconstrained face recognition. There are 13,233
color facial images from 5,749 different persons, with large
pose, occlusion, expression variations. In this experiment,
we crop the images with the size of 150 × 130 from the
original images, and evaluate our method on this dataset
to address the non-rigid deformations of poses and facial
expressions.

2. Experimental setup
To show the advantages of our approach, we se-

lected 8 state-of-the-art models as baselines for com-
parison, namely, TPFRS[19], GIST + nearest neigh-
bor (GNN)[22], FDP[6], SML[7], PCA[15], Kernel PCA
(KPCA)[29], ICA[16], and Fisher face (FF)[14], in terms
of recognition accuracy. Each original image on three
datasets is first downsampled into a low-resolution image
(with 16 × 16 pixels). In order to reduce the effect with
special choice of the training data, we report performance
on LFW dataset using the same split settings which are
randomly generated and provided by the organizers[30].
For the rest two datasets, we conducted our experiment
over 10-fold cross validation with random splits that a γ

(γ ∈ [0, 1]) portion of the samples for each subject for
training, and the rest 1 − γ portion for testing. The set-
tings of parameters were γ = 0.5, λ = 0.7, α = 500,
β = 1.275, t = 765, d = 104 to achieve the best results on
three datasets. For the baseline TPFRS[19], we first use
RASL[20] to align training samples, then employ Ref.[18]
to perform recognition.

3. Overall results
Table 1 reports the average and standard deviation of

the recognition accuracies, and demonstrates our method
outperforms other models on three datasets. This prob-
ably dues to the reconstructive approaches (e.g., PCA,
ICA and SRM) are sensitive to the visual variations of
poses, expressions and misalignments, while our approach
employs DSFA, which is robust to these variations. In
Ref.[21], the authors also use DSFA and describe the
aligned images using GIST feature[31], but employ near-
est neighbor to perform recognition. Results show that
our model works better than nearest neighbor over three
datasets. Among compared models, TPFRS[19] performed
higher than the rest, GNN[22], SML[7], KPCA[29] and
FDP[6] achieve comparable results, while PCA[15] and
ICA[16] are ranked at the bottom.

4. Parameter analysis
We also analyze how the parameter γ affects recog-

nition accuracy of our approach. Fig.3 plots the perfor-
mance along with the increasing number of training sam-
ples per person on ORL[26] and AR[28] datasets. We use
TPFRS[19], SML[7], and FDP[7], as baselines. Clearly, our
method outperforms other models since it benefits from
the advantages of our proposed SRM and DSFA. We also
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Table 1. Performance comparison on ORL, AR, and LFW datasets in terms of recognition accuracy

Methods Ours TPFRS[19] GNN[22] SML[7] FDP[6] KPCA[29] FF[14] PCA[15] ICA[16]

Mean 100% 97.2% 95.5% 94.7% 92.4% 93.4% 92.3% 92.8% 88.1%
ORL[26]

Std. 0% 0.35% 0.58% 0.24% 0.45% 0.43% 0.82% 0.67% 0.59%

Mean 91.5% 89.5% 86.4% 84.3% 85.7% 82.7% 82.6% 80.6% 81.5%
AR[28]

Std. 0.13% 0.51% 0.33% 0.36% 0.28% 0.69% 0.27% 0.42% 0.48%

Mean 88.3% 85.3% 84.4% 83.9% 80.8% 80.5% 75.1% 71.2% 64.6%
LFW[30]

Std. 1.7% 1.3% 4.8% 3.3% 2.6% 2.7% 5.4% 5.5% 7.9%

observe that our model achieves 100% recognition rate on
ORL dataset[26] when γ = 0.5, while others are not.

Fig. 3. The recognition accuracy changes with the number of
training samples per person on (a) ORL dataset and

(b) AR dataset

V. Conclusions and Future Work

In this paper, we improved SRM for robust face recog-
nition by overcoming its sensitivity to the visual variations
(e.g., pose changes, expressions, and misalignments) of fa-
cial images. Our method first utilizes the DSFA to roughly
align the training samples with respect to the test sam-
ple, then the improved SRM is employed to distinguish a
specific face from the unknown objects. The experimental
results show that our method outperforms the competing
models on ORL, AR and LFW face recognition dataset
in terms of the recognition accuracy.

In the future, we plan to employ robust matching
scheme via vector field consensus[32] to enhance perfor-
mance. We are also interested in extending the current
work to address other visual variations, such as illumina-
tions, occlusions and corruptions.
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