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ABSTRACT

Current prevailing approaches for misaligned face recogni-
tion achieve satisfactory accuracy. However, the efficiency
and scalability have not yet been well addressed, which
limits their applications in practical systems. To address
this problem, we propose a highly efficient algorithm for
misaligned face recognition, namely misalignment-robust
locality-constrained representation (MRLR). Specifically, M-
RLR aligns the query face by appropriately harnessing the
locality constraint in representation. Since MRLR avoid-
s the exhaustive subject-by-subject search in datasets and
complex operation on large matrix, the efficiency is signifi-
cantly boosted. Moreover, we take the advantage of the block
structure in dictionary to accelerate the derived analytical so-
lution, making the algorithm more scalable to the large-scale
datasets. Experimental results on public datasets show that
MRLR substantially improves the efficiency and scalability
with even better accuracy.

Index Terms— Face recognition, misalignment-robust,
efficiency, scalability

1. INTRODUCTION

This paper aims to propose a highly efficient and scalable
misaligned face recognition algorithm. Since the success of
Sparse Representation Classification (SRC) [1] and its vari-
ants [2, 3, 4, 5], the accuracy and robustness of face recogni-
tion have been greatly improved. However, the computation-
al cost increases in unconstrained environment. For example,
[5] and [6] use an exhaustive subject-by-subject search strat-
egy to simultaneously align and recognize the query face. It
is extremely time-consuming and impractical for a real-world
systems. For this reason, it is crucial to accelerate the compu-
tation of misaligned face recognition.

*corresponding author. This work is partially supported by the Na-
tional Natural Science Foundation for Young Scientists of China (Grant no.
61402289) and Shenzhen Scientific Research and Development Funding Pro-
gram (Grant no. JCYJ20140509172609171).
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Fig. 1: An Illustration of MRLR. The red bounding box denotes the input
estimate and the green one is the output estimate. MRLR works iteratively.

There are a few previous work along this research line.
Transform-invariant sparse representation (TSR) [7] adds de-
formations in training set, simultaneously recovering the im-
age transformation and representation coefficients. Howev-
er, solving /; minimization problem on huge matrix limits its
efficiency. Robust alignment by sparse representation (RAS-
R) [5] and sparse illumination transfer (SIT) [0] aligns the
testing image to training samples of each subject, then warp-
s training set and testing image to a unified transformation
for recognition. The exhaustive search effectively finds the
global optima, but it is extremely time-consuming, especially
when the subject number is large. [8] proposed the efficien-
t misalignment-robust representation (MRR) for face recog-
nition. By performing singular value decomposition (SVD),
they use the principal components of training set for repre-
sentation and reduce the computational complexity. However,
SVD operation therein is still time and memory consuming,
preventing MRR from being applied in large-scale datasets.

The aforementioned approaches ignore the high simi-
larity among faces of different identities. Instead of using
the training samples of every subject, we propose to use
the locality-constrained training set for alignment. With ap-
propriate locality-constrained coefficients regularization, the
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training set becomes more adaptive to the testing image. In
the course of alignment, we update the locality-constrained
coefficients according to the latest transformation. After
several iterations, the algorithm eventually converges to the
accurate transformation, as demonstrated by experiments.
Our major contributions are summarized as follows:

e We propose a misalignment-robust locality-constrained
representation (MRLR) for robust face recognition, as il-
lustrated in Fig. 1. MRLR avoids the exhaustive search
in every subject of the training set, greatly reducing the
computational time.

e An analytical solution for the optimization could be de-
rived. Moreover, we could further simplify the solution by
making use of the block structure of the deformable ma-
trix. The simplified solution is not sensitive to the scale of
training set and make this approach scalable.

e The proposed algorithm do not sacrifice any accuracy per-
formance, which is demonstrated by experiments.

2. PRELIMINARIES

Each grayscale frontal face image is stacked into a vector d €
R™, called atom. Combining n atoms together constitutes a
global dictionary D = [dy,ds, ..., d,,] € R™*™. Assume that
training samples belong to k distinct classes, and the gallery
images of the ¢th class is denoted by a sub-dictionary D, .
According to [9], an aligned testing sample y € R™ can be
well represented as a linear combination of atoms in D . The
robust face recognition can be formulated as

min i +flel: st y=Daz+e (1)

from which we can recover the sparse representation x € R” ,
and classify it based on the minimal residual |y — D;;(x)||2,
where J;(x) is a new vector whose entries are zeros expect
keeping those in x associated with class ¢ . e € R™ is the
reconstruction error between the recovered and testing image.

Now we consider the misaligned face recognition prob-
lem. A warped testing image, denoted by y,, = y o 771,
is subject to some misalignment. o denotes a nonlinear oper-
ator, transforming the image y by 7!, where 7! belongs
to a finite-dimensional group 7" of transformation in image-
plane, e.g. similarity transformation. The warped testing im-
age Y, does not linearly span on the original subspace. In
other words, the sparse representation x,, with respect to y,,
may not reveal its label. [5] proposed to exhaustive search the
transformation T in sub-dictionary of each subject for align-
ment, as formulated in Eq. (2).

min lzlli + |lellz st ywoT=D;xz+e 2

Although RASR performs well in misaligned face recogni-
tion, it is extremely time- and computation-consuming. We

can easily see that Eq. (2) need to repeatedly and iteratively
solve /1 minimization problem in k subjects. In this recogni-
tion framework, face alignment dominates the time complex-
ity. Therefore an efficient alignment method for face recogni-
tion is the key to reduce computational time.

3. THE PROPOSED METHOD

3.1. Formulation of MRLR

The problem in Eq. (2) is nonlinear. According to [10, 19],
a small deformation in transform can be approximately lin-
earized as y,, o (T + A1) = yy o T + JAT, where J =
2y, o T is the Jacobian of y,, o T with respect to 7. If an
initial T is given, we can repeatedly search for an optimal A+
to update T and J. Eventually the final 7 will be obtained to
align the warped image y.,. We replace {5 norm constraint by
local constraint and obtain the formulation of MRLR.

min lcoz|5+ el st yw+JAT=Dzx+e (3)

where the notation ® means the element-wise multiplication
between two vectors, and ¢ € R™*! is the locality adaptor
that gives different penalties on the coefficients x.

Different from [10, 1 1], which utilized local constraint for
recognition, MRLR explicitly incorporate the locality in the
dictionary construction for alignment. The efficiency of the
MRLR model lies in two folds. First, An analytical solution
for MRLR can be derived , which is much faster than solv-
ing /1 norm minimization. Second, we take advantage of the
block matrix inverse to design a highly efficient algorithm,
which obtains exactly the same solution in shorter time. The
MRLR algorithm is summarized as follows.

Algorithm 1 The MRLR algorithm for Face Alignment

Require: The dictionary of training samples D, the warped testing
image Y., the initial transformation 7 (it can be obtained by any
off-the-shelf face detector, e.g. Viola-Jones detector), a constant
.

Ensure: The aligned face y

1: while not converge or reach maximal iteration do

. DT .
2:  Compute the locality adaptor: ¢ < exp(=¥), for all i,
¢ «+ mazx(c) — ¢;.

3 j« 1.
4:  while not converge or reach maximal iteration do
. A _ YwOTj—1 o -~ i

5 Yu(Tj-1) ”ywm-jtlHQ’ J 3,-j71yw(7'1*1)|7'j71-
At =arg min |coz|3+ ||

6: AT,x,e .
st. Guw(tj)+ JAT=Dx+e

7. Tj(*Tj_1+AT.

8: j<J+1L

9:  end while

10: T < T4, To < Tj.

11: end while

12: Output the final aligned face y = y., o e.
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3.2. Efficient Solving Algorithm

This section presents a highly efficient solution for the MRLR
algorithm. By analyzing Algorithm 1, we find the optimiza-
tion in step 6 dominates the overall computational time. Al-
though it has an analytical solution, it contains the inversion
operation of a large-size matrix. We aim to take advantage of
the block structure of the matrix to decompose the inversion.
We first reformulate the optimization in Step 6 as

AT:IginHC’ng-&-He”g st. Yu+ JAT=Dx+e (4)

where C'is a diagonal matrix with the diagonal elements be-
ing the locality adaptor vector c¢. We can further substitute

e=yy,— [D,—J] { A:BT } into Eq. (4), we have
2
AT = arg m'in [Cz|5 +

gD | |

e lle L]

= argmin ||u — Rz|3
z

where u, R and z denote [ Yuw ], [ D —J } and[ x }

2
2

&)

= arg min
x, AT

2

0 C 0 AT
respectively. It becomes a least square problem whose ana-
lytical solution is 2z = (RTR)"'RTu. As one can see, the
computational complexity is still high due to the large size of
R. Actually, the efficiency and the scalability can be greatly
boosted if we make good use of the block structure of the
matrix R.

Using the block matrix inversion, we can rewrite the ana-
lytical solution as

z=(R"R)"'R"u

(5 5118 &) [ 2 S]]

D'D+c"c -DTJ]7'[ DT .
:[ _J™D JT } [_JT]yw
o (D"D+cCc"c)!
! x (D"J)Z5" D" .
Z; ' (JTD)x g [—JT} Yo
(DTD+CTC)—1 2
(6)

We denote DTD + CTC, DT.J and JTJ as Ty, T5 and T}
respectively. In particular, T and Tfl can be pre-calculated
before the inner iteration from Step 4 to Step 9. The other
variables Z; and Z; can be represented as Z; L= (T, —
ToT; ' Ty )t and Z, ' = (T3 — TS Ty ' Tz) 1. Eq. (6) can
be represented as

} _ [ Z; (D gu) =Ty 225 ' (] §u)

Z Z . a A 7
2, T T (D ) - 2 (0 6a) | 7

Lo | =
| AT
Note that the purpose of the face alignment is to search a

deformation step AT, so computing x is unnecessary. With-

out computing x, we can save greatly reduce the computa-
tion. Moreover, as mentioned in [12], since ¢ usually im-
poses weak constraint on only a few atoms, suppressing most
of the atoms. We can simply keep the smallest s, (s < n)
entries in ¢ and force other entries to be positive infinity. It
further accelerates the coding (This strategy is termed as M-
RLR2, while the former proposed one is termed as MRLR1).
We can summarize that the computational complexity is de-
creased from O (n3 + mn2) to O (pn2 + pmn) for MRLRI.
The constant p is the dimension of 7, which is determined
by the transformation group. (e.g. 4 for similarity transfor-
mation, 6 for affine transformation, so p = 4 in this paper).
Furthermore, the MRLR?2 only remains s atoms in locality-
constrained dictionary, its complexity can be accordingly in-
ferred as O (p52 + pms) , much less than the original one.

4. EXPERIMENTS

We conduct experiments on face database in constrained
and unconstrained conditions, including Extended Yale B
[13], CAS-PEAL [14] and Labeled Faces in the Wild (LFW)
dataset [15]. Comprehensive evaluations on MRLR in terms
of region of attraction, recognition rate, running time and
scalability are presented. The experimental results show that
MRLR achieves competitive performance with much less
running time, and scales better in large datasets.

4.1. Implementation details

In MRLR2 and MRR, the length (the number of atoms) of dic-
tionary for alignment is fixed to 20 for fair comparison. We
basically follow the same setting in [5], 10 classes after first
stage are remained in MRR and RASR, and one project ma-
trix of 500 rows is used in TSR. The illumination dictionary in
[6] follows its original setup, and the amount of illumination
atoms is 30 in all experiments. The maximum iteration of out-
er and inner loop for MRLR in these methods are consistently
set to 3 and 30. The /; -minimization algorithm uses the Aug-
mented Lagrange Multiplier [16]. Matlab code is available at
https://github.com/ydwen/MRLR/.

4.2. The region of attraction

The region of attraction evaluates the robustness against 2D
deformations. We compare MRLR with TSR [7], RASR [5],
MRR [8] and SIT [6] on Extended Yale B database, which in-
cludes 2414 images of 38 subjects. We use the uncropped im-
ages of 28 subjects in experiments. 32 training images per cat-
egory are randomly selected, and the rest are used for testing.
All the training images are resized to 80 x 70. We get access
to the ground truth of eyes and add perturbation to them. Then
we calculate the corresponding recognition accuracy under
various initial transformations. One can see that MRLR per-
forms well and stably within a certain range of misalignment,
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Fig. 2: The region of attraction. (The amount of translation is given as a fraction of the distance between eyes) (a) Translation in the Y-direction only. (b)
Translation in the X-direction only. (c) In-plane rotation only. (d) Scale variation only.

e.g. 20 percent translation in x direction (14-16 pixels), 20
degree rotation or 30 percent scale variation. It significantly
enhances the robustness of practical recognition, because the
average misalignment of a face detector safely falls within 10
percent translation and 8 percent scale variation. MRLR1 and
MRLR?2 perform almost the same as RASR, demonstrating
that locality-constrained representation effectively avoids lo-
cal minima.

4.3. Recognition performance and running time

We conduct the recognition experiments on Extended Yale
B, CAS-PEAL and LFW datasets. For Extended Yale B, we
adopt the same settings in the previous section. For CAS-
PEAL and LFW, 20 subjects were chosen, each of them in-
cluding more than 32 images. We randomly selected 20 im-
ages per subject and resized them to 80 x 70 for training, then
test on the remaining 12 images. The initial 7y are automat-
ically given by Viola-Jones detector [17]. Table | gives the
recognition rates and average running time.

Table 1: The recognition accuracy (%) and running time (s) on Extended
Yale B, CAS-PEAL and LFW datasets.

Extended Yale B CAS-PEAL LFW

Method Acc. [ Time Acc. | Time Acc. | Time
TSR 81.61 7.396 86.96 | 4.2695 | 73.63 | 4.3477
RASR 92.42 9.7587 89.92 | 54466 | 81.43 | 5.9201
MRR 90.95 0.7773 90.00 | 0.5684 | 78.84 | 0.6339
SIT 84.53 9.9823 86.76 | 6.0329 | 5591 6.3751
MRLR1 | 92.31 0.6207 89.76 | 0.3307 | 82.98 | 0.3403
MRLR2 | 92.53 0.1783 90.43 | 0.1462 | 81.75 | 0.1840

From table 1 we can observe that 1) MRLR achieve the
competitive performance (92.53%, 90.43% and 82.98%) in
three datasets, slightly better than RASR (92.42%, 89.92%
and 81.43%). 2) MRLR takes only 0.18 and 0.15 second-
s to deal with a testing image, roughly accelerate 4x, 55X,
41xandb9x compared to MRR, RASR, TSR and SIT re-
spectively. Because the dictionary for alignment consists of
illumination dictionary (outside samples) and single training
sample per class, it shares the same scale with RASR, result-
ing in similar running time. The experimental results demon-
strate the effectiveness and efficiency of MRLR.

4.4. Scalability

We vary the number of subject from 10 to 100 and resize the
images from 40 x 35 to 160 x 140, to evaluate the scala-

bility of our algorithm on CAS-PEAL. Table 2 and Table 3
show the experimental results. One can observe that TSR,
RASR and SIT cost too much time, far from being applica-
ble in real-time systems. The running time of TSR remains
relatively stable as the dimension increases, but rises linearly
with more subjects. MRR maintains excellent real-time ca-
pability with the growth of the subject number. However, its
running time rises dramatically when the resolution of image
increasing. Unlike the abovementioned approaches, MRLR1
and MRLR?2 are not very sensitive to the dimension or num-
ber of subjects, preserving competitive performance. MRLR2
costs the least running time and the lowest increasing rate as
we enlarge the dimension or number of subjects, showing the
best scalability among state-of-the-art approaches.

Table 2: Running time (s) under different dimensions (image size).

| Method | 40x35 | 64x56 [ 80x70 | 120x 105 [ 160 x 140

TSR 3.645 3.861 4.270 4.672 5.468
RASR 3.499 4.452 6.110 10.324 17.111
MRR 0.133 0.342 0.593 2.259 5.997
SIT 3.564 4.637 6.565 11.035 19.215
MRLR1 | 0.085 0.195 0.331 0.569 0.940
MRLR2 | 0.066 0.118 0.146 0.303 0.505

Table 3: Running time (s) under different amount of classes.

Method | 10 [ 20 [ 40 [ 70 100
TSR | 2.1533 | 3.2825 | 5.5280 | 8.4034 | 11.5327
RASR | 27377 | 4.6596 | 8.8647 | 15.4644 | 22.1281
MRR | 0.5776 | 05928 | 0.6082 | 0.6394 | 0.6994
SIT 286 | 5.1996 | 9.9817 | 17.6875 | 27.1734
MRLR1 | 0.1977 | 02819 | 0513 | 0.8552 | 1.4096
MRLR2 | 0.1318 | 0.1373 | 0.1559 | 0.197 | 0.2616

5. CONCLUDING REMARKS

In this paper, we proposed an efficient misalignment-robust
locality representation algorithm, namely MRLR, for face
alignment. The locality constraint therein avoids the exhaus-
tive search in every subject, greatly reducing running time
while still preserving accurate alignment. Moreover, moti-
vated by the block structure of dictionary, we proposed an
efficient solving algorithm to speed up the alignment. Com-
putational complexity analysis and extensive experiments
showed that MRLR considerably reduced the running time
with even better performance.
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