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Abstract Face recognition plays a significant role in computer vision. It is well know that
facial images are complex stimuli signals that suffer from non-rigid deformations, including
misalignment, orientation, pose changes, and variations of facial expression, etc. In order to
address these variations, this paper introduces an improved sparse-representation based face
recognition method, which constructs dense pixel correspondences between training and
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testing facial samples. Specifically, we first construct a deformable spatial pyramid graph
model that simultaneously regularizes matching consistency at multiple spatial extents -
ranging from an entire image, though coarse grid cells, to every single pixel. Secondly, a
matching energy function is designed to perform face alignment based on dense pixel cor-
respondence, which is very effective to address the issue of non-rigid deformations. Finally,
a novel coarse-to-fine matching scheme is designed so that we are able to speed up the
optimization of the matching energy function. After the training samples are aligned with
respect to testing samples, an improved sparse representation model is employed to per-
form face recognition. The experimental results demonstrate the superiority of the proposed
method over other methods on ORL, AR, and LFWCrop datasets. Especially, the proposed
approach improves nearly 4.4 % in terms of recognition accuracy and runs nearly 10 times
faster than previous sparse approximation methods.

Keywords Image matching · Face alignment · Face recognition · Deformable spatial
pyramid graph · Dense correspondence

1 Introduction

With the rapid progress of big data technique, more and more facial images have been
uploaded to Internet. Face recognition, as a most important vision task, is designed to rec-
ognize a specific identity from the unknown subjects characterized by the facial images. It
has been extensively studied in computer vision [2, 8, 19, 29, 31, 32, 42], and facilitates
various real applications, such as robot vision [19], face identification [31], facial emotion
recognition [8], video surveillance [2], and biometrics [29], etc. There also exits a large
number of public benchmarks [16, 26, 30], providing criteria to evaluate the state-of-the-art
face recognition models. However, it is well know that facial images are complex nature
stimuli signals that suffer from non-rigid deformations, such as misalignment, orientation,
pose changes, and variations of facial expression, etc, which poses a challenging problem
to identify an subject in the wild scenario settings.

The traditional face recognition methods mainly include two components: dimension-
ality reduction and classifier. For the first component, the principal component analysis
(PCA), also known as eigenface approach, is widely used for face recognition [33]. This
method yields projection directions that maximize the total scatter across all subject classes.
An alternative method for dimensionality reduction is linear discriminative analysis (LDA)
[18], which is an extension to the conventional PCA by maximizing the discriminative
power of projected subspaces. The independent component analysis (ICA), as the general-
ized version of PCA, is proposed to find the statistically independent basis images, and use
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the associated sparse coefficients to deal with the sensitivity to higher order image statis-
tics [3]. For the second component, on the other hand, the mostly common used classifiers
include nearest neighbor model [21], linear regression model [27], support vector machines
[5, 12–14], minimax probability machine [15] and convolutional neural network [9]. The
commonalities of all these classifiers are that they evaluate the similarity between the test
image and the training samples to perform classification.

Unlike these representative models, recently, the sparse representation model (SRM) is
proposed for the task of face recognition [38], where the query image can be classified by
the training samples of all subject classes. The main idea is to reconstruct test samples in
an over-complete dictionary whose base elements are the training facial images themselves.
Once the test image can be approximately linearly represented by the space spanned from
all training samples, one can identify the associated category using the sparse reconstruc-
tion residue [38]. The SRM achieves impressive results to against the visual variations of
illumination, occlusion and corruption of facial images, which attracts great interest in fur-
ther research on SRM. Therefore, many variations of SRM have been proposed in the last
decade, such as Gabor feature based SRM [39], locality-constraint SRM [36], sparse and
dense hybrid SRM [17], and dictionary learning SRM [40].

Although the SRMs obtain impressive classification results, they heavily rely on an
assumption that the training and testing images are both required to be linearly correlated
[38]. A violation of this assumption undoubtedly results in poor performance of the sparse
representation-based classification [28, 35]. Especially in the scenario of real application,
due to the non-rigid visual deformations (misalignment, orientation, pose changes, and vari-
ations of facial expression), the facial images of different subject category tend to be with
less correlations than those of the same subject class. In order to enhance the correlation of
the training example with the same class, Peng et al. seek a set of optimal image transfor-
mations to align facial images [28]. For the practical application, Wagner et al. propose an
improved face recognition system [35], without the constraint that the test samples are lin-
early correlated, but still subject to the correlated training samples. They design an iterative
algorithm to address correlation enhancement, where each iteration includes two operation:
image alignment and face identification, only considering a parametric affine transforma-
tion on the image domain. Overall, previous sparse approximation techniques do not solve
the essential problem of SRMwhen intra-class samples have insufficient correlations. Addi-
tionally, the iterative algorithm leads to the potential computational burden. Instead of the
conventional SRMs, it seems that we are required to separate the image alignment from the
classification procedure.

This paper presents a novel approach to face recognition in a more challenging scenario
where the training and testing samples might be both subject to nonlinear correlations, such
as the non-rigid visual variations of poses, expressions and misalignments. A deformable
spatial pyramid graph model (DSPGM) is first designed to align training examples with
respect to test sample through fast dense matching, then an improved SRM (ISRM) is intro-
duced to perform face recognition. Specifically, the proposed DSPGM regularizes matching
consistency of two facial images at multiple spatial extents, ranging from an entire image,
to coarse rectangle grid cells, to every single pixel. The basic idea behind our approach is to
strike the trade-off between robustness to image variations on one hand, and accurate pre-
diction of pixel correspondences on the other hand. This balance can be achieved through
a pyramid graph, whose larger spatial vertices offer greater regularization when appearance
matches are ambiguous, while the smaller counterparts help to localize pixel correspon-
dences within fine details. Furthermore, the hierarchical structure of our DSPGM naturally
leads to an efficient optimization procedure. After the training samples are roughly aligned
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with respect to the query test image, an ISRM and classification algorithm are designed to
recognize test images based on the minimized reconstruction error. The proposed approach
enables us to align facial images across different visual variations, without requiring the
query sample to be a correlated face image. Additionally, there is no iterative process in our
classification algorithm, resulting in high computational efficiency. We evaluate our method
on three popular face recognition datasets: ORL [30], AR [26], and LFWCrop [16]. Experi-
mental results show that our method is not only robust to non-rigid visual variations, but also
achieves better performance in terms of recognition accuracy and implemental efficiency.
In summary, the main contributions of this paper are three-folds:

– To address the non-rigid visual variations of facial images, we designed an DSPGM to
perform image alignment. One merit of the proposed DSPGM lies in that it regularizes
matching consistency using local and global spatial extents, yielding accurate pixel
localization and matching correspondence.

– Unlike previous methods that utilize exhaustive searching scheme to densely match
pixels, the hierarchical structure of proposed DSPGM allows us to design a coarse to
fine matching diagram, which greatly improves the computational efficiency.

– We introduce a novel ISRM and associated classification algorithm based on the
proposed DSPGM. On the public evaluation benchmarks, the experimental results
demonstrate that our approach outperforms previous top ranked models in terms of
recognition accuracy and efficiency.

The remainder of this paper is organized as follows. We first describe the construction
of DSPGM in Section 2. Section 3 elaborates on the details of our ISRM and classification
algorithm. Experimental results are given in Section 4. Finally, we give concluding remarks
and future work in Section 5.

2 Image alignment using DSPGM

In this section, we first introduce our DSPGM, and then elaborate on the matching objective
to perform facial image alignment. Finally, we present the coarse to fine optimal algorithm
and analyze its complexity.

2.1 DSPGM

The whole construction of our DSPGM is shown in Fig. 1. We first start from the entire
image I , which is quartered into four grid cells in a traditional pyramid model [20]. There-
after, each grid cell is further divided into four smaller rectangular grid cells. This procedure
is terminated by some simple criterion such as the predefined number of pyramid levels L is
reached. Therefore, each finest grid cell has W×H

2L
pixels, where W and H are image width

and hight, respectively. Unlike conventional spatial pyramid, however, in addition to those
L partition levels, we further add one more layer, a pixel-level layer, such that the finest
cells are one pixel in width.

Let G = 〈V, E〉 denote our DSPGM, in which image I and containing spatial interactions
are encoded based on these grid cells and image pixels. As shown in Fig. 1, each grid cell
and pixel (denoted as red circle) is defined as a node v ∈ V . The edge set E consists of a set
of edges e =< vi, vj >∈ E (denoted as red line), connecting the neighboring nodes vi and
vj , where the associated grid cells are within the same level, as well as parent-child nodes
across adjacent levels. For the pixel level, however, our DSPGM does not contain links
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Image level Grid cell level Pixel level

Fig. 1 Illustration of DSPGM (best viewed in color)

between neighbor pixels; each pixel is only linked to its parent cell. This scheme saves us
a lot of edge connections in the finest level that would otherwise dominate run-time during
optimization.

2.2 Alignment model of facial images

In order to align two facial images, it is required to construct a correspondence among all
nodes defined in proposed DSPGM. In this work, we define our matching objective to align
all nodes of two images based on SIFT features [24]. This per-node SIFT description is
called the dense SIFT feature representation for input facial image I . The goal of our work
is to perform alignment for every node based on this dense feature representation.

Given two facial images I1 and I2 belonging to subject i, the alignment process is sim-
ilar to matching corresponding nodes in I1 and I2, respectively. Let Fi = (xi, yi) be the
flow vector for node vi , where xi and yi are the flow component in horizontal and vertical
directions, respectively. Note we only allow xi and yi to be integers. Inspired by [7, 10],
the nodes with similar feature appearance are expected to be matched along with the flow
vectors Fi , and the flow field is required to be smooth, with discontinuities agreeing with
object boundaries. Based on these two criteria, we want to find the optimal flow vector of
each node in the first facial image to match it to the second one, through minimizing the
following energy function:

E(F) =
∑

vi∈V
Di(Fi ) + α

∑

e=<vi ,vj >∈E
Sij (Fi ,Fj ) (1)

where Di(·) denotes the data term for node vi , Sij (·, ·) represents the smoothness term for
the connected nodes vi and vj , and α is a turned parameter. Note that the edge connections
span across the consecutive pyramid levels, as well as within the same pyramid levels.

In (1), the data term constrains the appearance matching cost for node vi . It is defined
as the average dissimilarity between local pixel SIFT features within node vi in the first
image I1 and those located within a grid cell of the same scale in the second image I2, after
shifting by Fi :

Di(Fi ) = 1

|ni |
∑

p

min(||d1(p) − d2(p + Fi )||1, λ) (2)

where |ni | is the total number of pixels contained in grid cell associated with vi , p denotes
pixel coordinates within the node vi from which local SIFT descriptors were extracted, and
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d1(·) and d2(·) are the descriptors extracted at the locations p and p + Fi in the first and
second image, respectively. Note in the pixel level of DSPGM, |ni | = 1, thus (2) can be
simplified to:

Di(Fi ) = min(||d1(p) − d2(p + Fi )||1, λ) (3)

On the other hand, the smoothness term in (1) regularizes the energy function by penal-
izing large discrepancies in the matching locations of neighboring nodes, which constrains
the flow vectors to be consistent within the adjacent nodes:

Sij (Fi ,Fj ) = min(||Fi − Fj ||1, γ ) (4)

The �1-norm is both used in the data term and the smoothness term to account for flow
discontinuities and matching outliers, with λ and γ as the thresholds, respectively.

Our matching objective has three main advantages. First of all, the hierarchical structure
of our DSPGM is defined by grid cells of varying spatial extents, allowing us to overcome
matching ambiguities without committing to a single spatial scale. Secondly, our data term
aggregates ensemble local SIFT matches within each node, as opposed to using a single
match from each individual pixel. This greatly enhances robustness with respect to non-rigid
image variations. Thirdly, the nodes are explicitly linked within different spatial extents to
impose matching smoothness, striking a balance between strong regularization by the larger
nodes and accurate localization by the finer nodes.

2.3 Model optimization and complexity analysis

We minimize the matching objective function defined in (1) using loopy belief propagation
[11] to find the optimal correspondence F. For dense matching, it is required to consider
computation complexity for scalability.

Generally speaking, there are two major factors that take most of the calculation time:
(1) computing SIFT feature distances at every possible flow position and (2) optimization
via belief propagation (BP) algorithm. For the first factor, the computational complexity is
O(mlk), where m is the number of SIFT features abstracted in the first image, and l is the
number of all potential matching position, and k is the feature dimension. For the second
factor, the generalized distance transform technique proposed in [11] is utilized, which is
able to reduce the computing cost of message passing between nodes from O(l2) to O(l).
Even so, the overall run-time complexity of BP algorithm is O(nl), where n is the number
of nodes in our DSPGM. Thus, the total cost of this optimized scheme is O(mlk+nl). Note
that n, m, and l are all based on the order of the number of pixels. Obviously, it is far from
efficient if solving (1) at once. Therefore, we propose a two stage hierarchical diagram to
further improve computational efficiency, as shown in Fig. 2. In the first stage, the coarse
solution of (1) is initialized using BP for all nodes in our DSPGM except the pixel-level
ones. In the second stage, the initialized matching results are refined at the pixel-level nodes
to get the finest alignment correspondence.

Observing Fig. 1, the hierarchical structure of DSPGM allows us to solve BP on larger
grid cells, it essentially narrows down the possible solution space as it performs to the small
cells, reducing the number of potential matching positions l. Moreover, we also observe that
sparse descriptor sampling is enough for the image-level and grid cell level BP: as long as a
grid cell includes more than 100 of local SIFT descriptors, its average descriptor distance for
the data term defined in (2) provides a reliable and robust matching cost. As a result, it is not
required to compute dense descriptors in the image-level and grid cell level BP, substantially
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Image 1

Image 2

Fig. 2 Sketch of our optimization procedure. The flow vectors of nodes in image level and grid cell level are
represented using single arrows with different color. The double arrow denotes he parent-child connections
across two adjacent levels (best viewed in color)

reducing m. Finally, there is no loopy graph in the pixel-level of our DSPGM, which means
the solution of finest level can be calculated very efficiently in a non-iterative manner. Once
we have obtained the initialized matching results at the coarse level, the optimal alignment
position Fi for the ith pixel-level node is simply determined as:

Fi = argmin
F

[Di(F) + αSij (F,Fj )] (5)

where Fj is the flow vector of parent node vj , which is connected to node vi .
Figure 3 illustrates some examples of aligned facial images on ORL [30], AR [26] and

LFWCrop [16] datasets according to randomly selected query image (denoted as red rect-
angle). Notice how the pose changes, expression variations and misalignments of other
images are rectified to the query image. It also shows that using our matching method to
perform alignment is not sensitive to whether the query image is a frontal facial image or
not (see aligned results on LFWCrop dataset), which makes our method more flexible for
face recognition.

3 Improved sparse representation model (ISRM) for face recognition

In this section, we first introduce the ISRM, and then elaborate on the associated classifica-
tion algorithm for face recognition.

(a) aligned results on ORL dataset (b) aligned results on AR dataset (c) aligned results on LFWCrop dataset

Fig. 3 Visual examples of the alignment results of ORL (a), AR (b), and LFWCrop (c) using our two stage
hierarchical matching diagram (best viewed in color)
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3.1 The ISRM

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 unknown, 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 ] (6)

In the scenarios of practical face recognition, the training samples A and test sample
Y might be both subject to some visual variations (e.g., pose changes, expressions and
misalignments), leading them to be uncorrelated images. Let τ be a generic transformation
set acting on the image domain, and “◦” denote a non-linear operator. If the training samples
with the same class of Y can be roughly aligned to Y using transformation set τ while the
others are not, then Y lies in the linear space spanned by the aligned training set A ◦ τ , plus
a sparse error e ∈ R

m due to the corrupted pixels:

Y = (A ◦ τ )x + e (7)

where x ∈ R
N is a sparse coefficient vector that the most entries are zero except those

associated with the same category of Y. According to [38], 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 representation, solving the following �1-norm optimization problem:

(x̂, ê) = argmin ||x||1 + ||e||1
subject to Y = (A ◦ τ )x + e (8)

However, directly optimizing (8) is very hard since it has many local minima. On one
hand, there are multiple faces in the matrix A, and on the other hand, each training sample
might need different transformation to perform alignment with respect to Y. In our imple-
mentation, we align the training sample Xk,n ∈ A using the vector flow F = τk,n ∈ τ

introduced in Section 2.2. Once the best transformation has been applied to each training
sample, a global sparse representation problem can be solved to obtain a discriminative
representation in terms of the entire training facial images. Thus (8) can be rewritten
as:

(x̂, ê) = argmin ||x||1 + ||e||1
subject to Y = Bx + e (9)

where B = [X1,1 ◦ τ1,1,X1,2 ◦ τ1,2, · · · ,XK,N ◦ τK,N ].

3.2 Classification algorithm

In order to better harness the subspace structure associated with aligned images in face
recognition, we classify test sample Y based on how well the coefficients associated with
all aligned training samples of each object recover Y. For each class i, let δi : RN → R

N be
the binary function that selects the coefficients associated with class i. For x̂ ∈ R

N , δi(x̂)

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

min
i

ri (Y) = ||Y − ê − Bδi(x̂)||2 (10)

where || · ||2 is �2-norm. The complete recognition procedure is summarized in Algo-
rithm 1. Our implementation minimizes the �1-norm via a primal-dual algorithm for linear
programming based on [6].

4 Experimental evaluation

In order to demonstrate the effectiveness of the proposed method, we have conducted several
experiments on ORL [30], AR [26], and LFWCrop [16] face recognition datasets.

4.1 Datasets

The ORL face dataset [30] contains 400 gray images of 40 subjects, and some visual exam-
ples are shown in Fig. 4. All the images were taken against a homogeneous background, and
some were taken at different times. This database includes frontal views of upright faces
with facial expression (open or closed eyes/mouthes, smiling or non-smiling), misalign-
ment, facial occlusions (glasses or no glasses) and pose variations. The main reason behind
employing ORL dataset is that this dataset has facial images with different subject gender
and input stimulus variety.

Fig. 4 Some visual examples from ORL facial database
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Fig. 5 Some visual examples from AR facial database

The AR face dataset [26] contains over 4000 color images of 126 subjects (70 males
and 56 females), including 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 occlusion modes (sunglass and scarf). In this research, we address two funda-
mental challenges of face recognition, i.e., the natural variations of misalignment in the head
orientation and the changes in facial expressions. Some facial images are shown in Fig. 5.

The LFWCrop dataset is the crop version of LFW facial dataset [16], which is collected
from the web for the unconstrained face recognition. The face detection is first performed
using [34], when the detected faces are normalized with the uniform resolution of 64 ×
64. There are 13,233 color facial images from 5,749 different persons, with large pose,
occlusion, expression variations. Some cropped facial images are illustrated in Fig. 6. We
evaluate our method on this dataset to address the non-rigid deformations of poses and facial
expressions.

4.2 Experimental setup

To show the advantages of our approach, we selected 8 state-of-the-art models as baselines
for comparison, namely, TPFRS [35], LBP [1], GIST + nearest neighbor (GNN) [43], PCA
[33], ICA [3], SF [23], Fisher face (FF) [4], and Deep Learning (DL) [37], in terms of recog-
nition accuracy and efficiency. In our experience, the facial images of ORL is downsampled
into a low-resolution image with 16 × 16 pixels, while the images of AR dataset is down-
sampled with resolution of 60×80 pixels. In order to reduce the effect with special choice of
the training data, we report performance over 10-fold cross validation on LFWCrop dataset,
and utilize the same split settings provided by [16]. For the rest two datasets, we conducted
our experiment over 30-fold cross validation with random splits that a η (η ∈ [0, 1]) por-
tion of the samples for each subject for training, and the rest 1 − η portion for testing. The
settings of parameters were η = 0.5, λ = 128, γ = 64, α = 600, and number of level in
DSPGM L = 4 to achieve the best results on three datasets. For the method of TPFRS [35],
we first use RASL [28] to align training samples, then employ [38] to perform recognition.

Fig. 6 Some visual examples from LFWCrop facial database
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4.3 Overall results

Table 1 reports the average and standard deviation of the recognition accuracies, compared
with the baseline approaches. It demonstrates our method outperforms other models on
three datasets, especially achieving 100 % recognition accuracy in ORL and AR dataset.
It is surprising that our method performs better than DL approach, probably due to the
fact that the deep learning models are sensitive to the non-rigid visual deformations. We
also observe that, compared with the results on LFWCrop dataset, higher performance is
obtained among all recognition models on ORL and AR dataset, probably because the facial
images on LFWCrop dataset have great visual variations than other two datasets.

Compared with other state-of-the-art models, our method improves the recognition accu-
racy by 6.8 %, 5.9 %, and 9.1 % on three datasets, respectively, and the average performance
is enhanced by 7.3 %. Especially when compared with conventional SRM model [35], the
recognition accuracy is improved by 4.4 % on all datasets. Among all the baseline methods,
DL, TPFRS and SF model obtain the best results, but they are hard to solve the non-rigid
visual variations, leading to the drastic drop of performance (especially 10 % on LFWCrop
dataset). On the other hand, GNN [43], SF [23], FF[4] and LBP [1] achieve comparable
results, while PCA [33] and ICA [3] are ranked at the bottom. This is probably due to the
fact that they are sensitive to the visual variations of poses, expressions and misalignments.
Additionally, we also discover that our method achieves highest improvement on LFWCrop
dataset. Compared with other two datasets, this dataset has more non-rigid deformations,
which also demonstrates that using DSPGM in our approach is robust to these variations.

4.4 Efficiency

In Table 2, we also compare the implemental efficiency between our method and other
baseline methods in terms of average running time per image. All the methods are executed
on a dual-core I5 personal computer with 2.6 GHz CPU and 16 GB memory. The average
running time of our method on three datasets are 0.22 s, 0.27 s, and 0.21 s, respectively. As
shown in Table 2, TPFRS [35] achieves the highest recognition accuracy among all baseline
methods, yet it is executed very slower, yielding 2.31 s, 2.74 s, and 2.57 s running time on
three dataset, respectively. This is probably because it requires very long time to execute its
iterative algorithm. One the other hand, due to the hard training of deep learning model and

Table 1 Performance
comparison on ORL [30], AR
[26] and LFWCrop [16] datasets
in terms of recognition accuracy

Method Recognition accuracy (%)

ORL [30] AR [26] LFWCrop [16]

Ours 100 ± 0 100 ± 0 95.2 ± 2.4

DL [37] 99.4 ± 0.52 98.1 ± 0.15 89.6 ± 1.57

TPFRS [35] 98.6 ± 0.35 97.2 ± 0.51 86.3 ± 1.30

SF [23] 97.3 ± 1.36 94.2 ± 2.18 83.5 ± 2.32

GNN [43] 96.5 ± 0.58 96.4 ± 0.33 88.4 ± 4.80

FF [4] 94.7 ± 0.67 96.6 ± 0.42 85.2 ± 5.50

LBP [1] 93.7 ± 0.24 92.3 ± 0.36 83.9 ± 3.34

PCA [33] 86.6 ± 0.82 90.6 ± 0.27 72.1 ± 5.30

ICA [3] 85.1 ± 0.59 91.5 ± 0.48 64.6 ± 7.90
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Table 2 Performance comparison on ORL [30], AR [26] and LFWCrop [16] datasets in terms of
implemental efficiency

Method Efficiency(train(s)/test(s))

ORL [30] AR [26] LFWCrop [16]

Ours 0.22 ± 0.08/0.21 ± 0.03 0.27 ± 0.03/0.29 ± 0.05 0.21 ± 0.02/0.23 ± 0.06

DL [37] 9.77 ± 3.75/0.37 ± 0.12 9.55 ± 3.30/0.34 ± 0.10 9.39 ± 2.84/0.39 ± 0.11

TPFRS [35] 2.31 ± 0.17/2.48 ± 0.22 2.74 ± 0.13/2.87 ± 0.20 2.57 ± 0.22/2.32 ± 0.19

SF [23] 0.41 ± 0.03/0.45 ± 0.05 0.45 ± 0.07/0.43 ± 0.04 0.43 ± 0.09/0.40 ± 0.07

GNN [43] 3.51 ± 0.97/0.49 ± 0.06 3.27 ± 0.68/0.49 ± 0.11 3.38 ± 1.05/0.41 ± 0.04

FF [4] 0.35 ± 0.04/0.38 ± 0.04 0.40 ± 0.06/0.35 ± 0.09 0.45 ± 0.10/0.42 ± 0.11

LBP [1] 0.41 ± 0.11/0.49 ± 0.07 0.38 ± 0.13/0.48 ± 0.10 0.33 ± 0.07/0.35 ± 0.13

PCA [33] 0.19 ± 0.02/0.22 ± 0.06 0.21 ± 0.04/0.25 ± 0.05 0.34 ± 0.10/0.32 ± 0.02

ICA [3] 0.37 ± 0.09/0.39 ± 0.04 0.39 ± 0.11/0.38 ± 0.07 0.21 ± 0.07/0.18 ± 0.04

the fine-turning in postprocess, the DL model [37] performs slowest among all the baseline
approaches, requiring nearly 10 s to train the discriminative model. Especially, it can be
seen that our method runs nearly ten times faster than this traditional SRM approach. Notice
SF model [23] also employs a hierarchical matching scheme, but our approach still runs 5
times faster than [23].

4.5 Parameter analysis

In our experiment, two factors directly affecting the performance are the portion of training
data η and the number of levels L in DSPGM. We evaluate the recognition accuracy of
our method by changing the values of these two parameters. Specifically, we use TPFRS
[35], GNN [43], SF [23], and FF [4], as baselines. The selection of these two parameters
illustrates the trade-off between model complexity and the recognition precision.

We first evaluate the effect of η by sequentially increasing the number of training data.
Figure 7a and b show the plot of recognition accuracy vs. the number of training data on
ORL and AR datasets, respectively. Clearly, our method outperforms baseline models since
it benefits from the advantages of the proposed DSPGM and ISRM. We also observe that
our model achieves 100 % recognition rate on ORL dataset [30] when η = 0.5, while others
do not. In Fig. 7c, we also display the recognizable accuracy along with the increasing
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number of L, ranging from 1 to 9. The performance of our method peaks when L = 4 for
ORL and AR datasets. While in LFWCrop dataset, any refinement to this parameter will
result in slightly improvement of performance. To balance the computational efficiency and
recognition accuracy, we thus choose L = 4 in our experience.

5 Conclusions and future work

In this paper, we improved SRM for robust face recognition by overcoming its sensitiv-
ity to the nonlinear correlation of facial images, such as non-rigid visual variations of pose
changes, expressions, and misalignments. Our method first employs the DSPGM to perform
image alignment, where the matching consistency is regularized using local and global spa-
tial extents. Thereafter, an ISRM and associated classification algorithm are proposed for
face recognition. The experimental results show that our method outperforms the compet-
ing models on ORL, AR and LFWCrop datasets in terms of the recognition accuracy and
efficiency.

Although our method has achieved promising results, there are two directions that we
plan to improve upon in the future. In spite of achieving high efficiency to align facial
images, we are still required to align every query sample with all samples in the dataset,
which might limit the scalability of our method to large databases. Therefore, one future
work includes eliminating the inter-class training samples with different subject category
of query, further saving computational time. We are also interested in extending our model
to identify facial images in a spatio-temporal domain (e.g., video sequence), under water
image classification [22], and medical image processing [25, 41].
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