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Abstract. This paper proposes a displacement template structure for
improving descriptor based face recognition approaches. With this tem-
plate structure, a face is represented by a template consisting of a set of
piled blocks; each block pile consists of a few heavily overlapped blocks
from the face image. An ensemble of blocks, one from each pile, is taken
as a candidate image of the face. When a descriptor based approach
is used, we are able to generate a displacement description template
for the face by replacing each block in the template with its local de-
scription, where a concatenation of the local descriptions of the blocks,
one from each pile, is taken to be a candidate description of the face.
Using the description template together with a divide-and-conquer al-
gorithm for computing the similarities between description templates,
we have demonstrated the significantly improved performance of LBP,
TPLBP and FPLBP templates over original LBP, TPLBP and FPLBP
approaches by the experiments on benchmark face databases.

Keywords: Descriptor Approach, Template, Face Recognition.

1 Introduction

Face recognition is a specific pattern recognition problem, for which numerous
approaches have been developed and published, although we have to confess
that we understand very little of the actual processes our brains use in per-
forming such a task. Among all the approaches, (local feature) descriptor based
approaches [1] are recently very popular, with local binary pattern (LBP) based
approach as a typical instance[2]. The LBP approach has established a unique
position in face analysis research, and numerous variations have been developed
for a variety of tasks.

A local feature descriptor based approach uses local texture descriptors to
build local descriptions of a face and then concatenate them into a global de-
scription. As a typical instance, the LBP based approach, or its variants, works
as follows: face images are first partitioned into several windows on which local
binary pattern histograms are generated, then these local histograms of local
windows are concatenated into a single feature vector as the face representation.
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The advantage, which is proved by experiments, is that such a representation
codifies both texture and spatial information. In this representation, three dif-
ferent levels of patterns are involved: the pixel-level patterns of LBP labels, the
histogram of the LBP labels over each window, and the global representation
concatenated from the window level histograms. In this paper, for the conve-
nience of discussion, the histogram of a local window is called window level local
description; the global representation is called the (global) description of the face
image.

The alignment of two face images to be matched is an important issue to the
success of descriptor based approaches, just as most of the other face recogni-
tion approaches.1 It should be noted that “bad” alignments can seriously lower
the performance of face recognition algorithms. An efficient way to generate a
relatively precise alignment becomes a key issue when developing a face recog-
nition approach while it is known that an alignment of faces cannot be precise,
manually or automatically. However, since human faces are nonrigid objects, a
“perfect” alignment is almost impossible when face images to be compared are
not exactly identical. We can easily notice that the alignment difficulties also
exist in general image retrieval and classification problems, where an effective
compensating strategy is to allow pixel level or region level displacement when
calculating the similarities between location relevant features of different images
[3,4,5]. Region level displacement has also been used in face recognition [6,7].

Enlightened by the success of a language translation tutoring system [8,9],
perhaps the only translation tutoring online system presently available that al-
lows free inputs, where templates are used to describe translations of specific
sentences and each path represents one possible correct or model translation, we
propose in this paper a local displacement template structure for human face
image representation for the application of face recognition.

In the content of language tutoring system, a template is a loop-free graph
where each arc is labeled by a word or a word phrase, and a concatenation of
the words/word phases along a path from the start point(s) to the end point(s)
suggests a possible translation. Within the displacement template concept for
face recognition, a face is represented by a template consisting of a set of piled
blocks, and each block pile consists of a few (heavily) overlapped blocks from a
face image. An arbitrary ensemble of blocks, one from each pile, is taken as a
candidate image of the face.

In consideration of an descriptor approach, with a displacement face tem-
plate, by replacing every block in every pile with its block level description,
we are able to generate a displacement description template for the face image.
A concatenation of block level descriptions, one from each pile, is now taken
as a candidate description of the face. 2 Noting that, a description of an image
is a concatenation of window level descriptions; when there is no window across

1 We follow the locating-alignment-recognition pipeline for face recognition, where face
recognition normally refers to the last stage, but not locating or alignment.

2 It is almost equivalent to the description of corresponding candidate image of the
face, excluding the pixel level descriptions of pixels near the boundaries of the blocks.
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a boundary of a block, a global description of an image can equivalently be con-
structed in two steps: first concatenate window level descriptions into block level
descriptions and then concatenate block level descriptions into the global level
description. The similarity between two images is now measured by the similar-
ity of their description templates which is defined as the largest similarity among
the similarities between all pairs of candidate descriptions of the two templates.
We must note that, the window level descriptions are simple statistics of pixel
level patterns in a window and therefore do not code any spatial information;
only block level and global descriptions contain spatial information. We can see
that, using the multiple candidate descriptions for a single face image is likely
to reduce the divergence caused by registration difficulties of human faces.

There is a time cost for adopting the displacement template structures. With
a description template consisting of m block piles, each contains k blocks, there
are km candidate descriptions for a face image. Assuming the time cost for com-
puting the similarity between the standard descriptions (without using template
structures) of two face images is O(T ), the total time complexity computing the
similarity between the description templates of two face images will be O(k2mT )
if we compare all pairs of candidate descriptions of these two face images by
enumeration. We prove that, a divide-and-conquer approach can be applied to
significantly reduce the time complexity to O(mk2T ). In practice, as shown in
Section 2.2, we can use a regular description, i.e., a single level description tem-
plate for a probe face image, to further reduce the time complexity to O(mkT ).

Before going to the details, we note here: The motivation of this paper, as
indicated by its title, is to show that displacement template structure can im-
prove descriptor approaches. Besides descriptor approaches, there are many non-
descriptor approaches, and many mixed approaches which are the combinations
of descriptor approaches and some machine learning techniques. Since we are not
to claim that our approach is the best of all algorithms, but only to show that our
displacement template can improve descriptor approaches; it would be a little
bit out of focus to compare our descriptor based template with non-descriptor
or mixed approaches. However, to further demonstrate the applicability of our
approach, we will also compare our results with a few recent mixed approaches
with similar settings.

The remaining of this paper is organized as follows: The displacement template
structure and displacement description template are described in Section 2. The
algorithm for template matching is also shown in Section 2. The experiments
verifying the advantages of our approach are shown in Section 3. Conclusions
and future research are discussed in Section 4.

2 Displacement Template Structure, Description
Template and Algorithm

2.1 Image Template and Description Template

Definition 1. Assuming we have a face image X of width w + 2s and height
h+ 2s, we generate a template structure for X as follows:
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1. We first obtain (2s+1)2 face images of size w×h by removing s−i pixels from
the top, s+ i pixels from the bottom, s− j pixels from the left, and s+ j pixels
from the right, where −s ≤ i, j ≤ s 3. Such an image of size w × h (denoted by
Ii,j) is called a layer in a pile;
2. We then partition each image Ii,j into l×c blocks and pile up the corresponding
blocks to develop the template structure.

As an example, for the face image in Figure 1(a), we construct its template
structure in Figure 1(b), where s = 1, l = c = 3.

As a further exploitation of the concept behind this alignment/displacement,
note that step lengths in i and j do not necessarily have to be 1 pixel, neither
do the numbers of pixels removed from the top-bottom side and the left-right
side have to be equal. Blocks in each image do not have to be rectangular and
do not have to be of the same size either, but the corresponding blocks of the
same pile must be of the same shape and size. Within a template structure, a
face is represented by a template consisting of a set of piled blocks, and each
pile consists of a few (heavily) overlapped blocks from a face image.

(a) Face Image (b) Template Structure (c) A Candidate Image

Note: (1) Windows inside blocks are not shown in this figure. (2) B(i, j, k) represents
the block from pile (i,j) in the kth layer.

Fig. 1. A Face and Its Template Representation

Definition 2. An ensemble of blocks in the displacement template of a face, one
from each pile, is taken as a candidate image of the face.

For the face image template shown in Figure 1(b), we can generate 99 candidate
images out of it. The image in Figure 1(c) is one of the candidate images. Note
that this candidate image is an ensemble of blocks from different layers.

It is important to note that, the concept of blocks is different from the con-
cept of windows in a descriptor based approach. Blocks are units to construct

3 In some cases, to reduce the size of each pile, we may also restrict |i|+ |j| ≤ t, where
t is an integer less than 2s.
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an image; windows are units of an image where local histograms of pixel level
patterns are generated to be concatenated into the description of the image.
Therefor, theoretically, a block can have many windows, and a window may
cross the boundaries of blocks. To simplify the computation, this paper requires
that no window cross the boundary of a block.

Our description template is a structure to be used to improve the performances
of descriptor based approaches. For a descriptor based approach, as we know,
the description of an image is a concatenation of the histograms of pixel level
patterns of all windows. The histogram of pixel level patterns of a window is
here referred to as the window level description. We now introduce the concept
of a block level description as follows.

Definition 3. The concatenation of window level descriptions of all windows
within a block is called a block level description.

It is not difficult to see that the description of an image is the concatenation of
local descriptions of all the blocks.

Definition 4. By replacing each block in each pile in the template structure of
a face by its (block level) description, we are able to generate a (displacement)
description template for the face.

Definition 5. An ensemble of blocks in the displacement description template
of a face, one from each pile, is taken as a candidate description of the face.

When a description template of a face consists of m block piles each of which
contains k blocks, there are km candidate descriptions for the face.

2.2 Similarity between Description Templates

Definition 6. The similarity between two images is measured by the similarity
of two description templates, which is defined as the largest similarity among the
similarities between all pairs of candidate descriptions, one from each template.

The traditional approaches to compute similarity between a gallery image and
a probe image in a descriptor based representations L = {L1, L2, · · ·} and
M = {M1,M2, · · ·} are Euclidean Distance 4, Histogram Intersection [2], Log-
likelihood statistic and Chi square statistic:

Euclidean Distance: E(L,M) = −
∑

i

(Li −Mi)
2. (1)

Histogram intersection: H(L,M) =
∑

i

min(Li,Mi). (2)

Log-likelihood statistic: L(L,M) =
∑

i

Li logMi. (3)

Chi square statistic: χ2(L,M) = −
∑

i

(Li −Mi)
2

Li +Mi
. (4)

4 We will use a squared version of Euclidean Distance for the simplicity in calculation.
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Assuming the description of a block (in a block pile) B(i, j, k) (B(i, j, k) repre-
sents the block from pile (i, j) in the kth layer) is DB(i, j, k), then the represen-
tation of an image consisting of blocks B(1, 1, k1,1), B(1, 2, k1,2), · · ·, should be
DB(1, 1, k1,1), DB(1, 2, k1,2), · · ·.

It seems that all combinations of blocks with one from each pile should be
enumerated in order to find the largest similarity between two templates. How-
ever, it is easy to note that, when using any of the above similarity measures,
the similarity between description templatesDB1 andDB2 can be formulated as:

Sim(DB1, DB2) = max
1≤k1i,j

,k2i,j
<=p

∑

i,j

Sim(DB1(i, j, k1i,j ), DB2(i, j, k2i,j ))

=
∑

i,j

max
1≤k1i,j

,k2i,j
<=p

Sim(DB1(i, j, k1i,j ), DB2(i, j, k2i,j )), (5)

where p represents the number of blocks in each pile.
Equation 5 indicates that, the similarity between the two description tem-

plates can be obtained by accumulating the locally best similarities between
corresponding block piles. Therefore, not all candidate descriptions have to be
tested in order to find the largest similarity between two description templates;
the total comparisons can be reduced from (2s+1)2lc to lc(2s+1)2 by adopting
a divide and conquer strategy.

As was pointed out in [2], the log-likelihood measure is not appealing to face
recognition. Therefore, we shall not use it as a similarity measure in this paper.
It is clear that histogram intersection and Chi measures work better than most
premier Euclidean distance measures; but we still include Euclidean distance as
one of the similarity measures in order to demonstrate a bottom level perfor-
mance of our approach when an improper similarity measure is used, and to show
that even when using a “not-good” metric, our displacement template approach
can still perform comparably to many complicated state-of-art approaches.

To further reduce computing complexity, for an input probe face X , we use
only the regular description, that is, a single level description template: we re-
move s elements from each side, and partition it into l × c blocks, with each
block forming one pile in the template. With this single level template, we can
obtain the global description by concatenating the descriptions of all blocks.

2.3 Divide-and-Conquer Algorithm

Assuming we have a gallery of face images, we shall first represent each face
image using a template structure: remove a total of 2s pixels from topmost and
bottommost sides and 2s pixels from leftmost and rightmost sides to obtain
(2s + 1)2 images; partition each image into l × c equal sized blocks 5; generate
the description for each block; and obtain the template description by piling up
the descriptions of corresponding blocks.

5 Almost equal, indeed, due to the round-off operations.
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For an input probe image, we construct its single level template description
by removing s pixels from each side and then partitioning it into l×c equal sized
blocks, each constructing one block pile.

We then calculate the similarity between an input image description template
and the gallery image description template by locally finding the description of
a block from each pile in the gallery template that maximizes its local similarity
value with the corresponding block of the input probe face.

The complete detailed divide-and-conquer algorithm, which is now straight-
forward from above explanations, is included in the supplementary package.

3 Experiments

We embed the original LBP approach of [10], TPLBP and FPLBP approaches
of [11] into our description template structure. These description templates are
called LBP description template, TPLBP description template and FPLBP de-
scription template respectively.

Besides the window sizes which we will discuss later, when LBP, TPLBP and
FPLBP are used, a few parameters are involved:
1. For LBP: the circle of radius R, the number of sampling points P distributed
on a circle of radius R, and whether non-uniform patterns are labeled differently.
2. For TPLBP: patch size w × w, ring radius r of circles, the number S of the
additional patches distributed in the ring, and the number α of patches that two
patches should be apart from each other along the circle during code generation.
3. for FPLBP: patch size w × w, radii r1 and r2 of two rings, the number S of
the patches spreading out on each ring, and the number α of patches that two
patches should be apart from each other along the outer ring circle during code
generation.

In our experiments, for LBP approach, we choose radius to be 1 or 2, and
number of sampling points to be 8 as suggested in [10]. We use only uniform
patterns and label all remaining patterns with a single label as in [10]. For
TPLBP, we choose w = 3, r = 2, S = 8 and α = 5; for FPLBP, r1 = 4, r2 = 5,
S = 8, w = 3 and α = 1. These parameters are suggested values from their
original paper as well as the software package the authors provided [11].

Although windows in LBP and T/FPLBP approaches are not restricted to
be rectangular in shape and can overlap, we use non-overlapping rectangular
windows as in [10]. The best results using LBP have been reported in paper [10].
TPLBP and FPLBP achieve their best results when the window numbers are
in the range of 20 × 20 and 35 × 35. We report here their results with 25 × 25
windows. It was noted in [2,11] that the LBP and T/FPLBP representations
were robust against the selection of parameters.

For our description template, to ensure that a window is always entirely within
one block, we define that the numbers of windows in each row and each column
of each block are whole numbers. (Indeed, in our experiment programs, as shown
in the supplementary package, we first partition the pattern label map of a face
image into windows, then ensemble neighboring windows into blocks.)
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In our experiments on FERET[12] and FRGC [13], we divide images into 5×5
blocks, each with 7 × 7 windows. For the experiments on LFW [14], since the
image sizes are significantly smaller, we divide images into 4 × 4 blocks, each
with 5× 5 windows.

For our approach, there is another parameter to set: s as in Definition 1. We
here use s = 3. That is, in the first step of generating the image template (see
subsection 2.1), we allow the removal of 3 − i pixels from the top, 3 + i pixels
from the bottom, 3 − j pixels from the left, 3 + j pixels from the right, where
−3 ≤ i, j ≤ 3. This will generate a total number of 49 blocks in a pile. To further
reduce the pile size, and based on that we believe there is a high probability that
the relative shift between the gallery image and the probe image is small, we
restrict |i|+ |j| ≤ 4.

3.1 Experiments on FERET

We carry our experiments on FETET database[12]. The FERET database con-
sists of 14051 gray-scale images from 1199 individuals in total. The images vary
in lighting conditions, facial expressions, poses, etc. Following the work in [10],
we here list the five sets for experiments: Fa gallery image set that contains
images of 1196 subjects, one image for each subject; Fb that contains 1195 face
images of the subjects in Fa but with alternative facial expressions; Fc probe
set that contains 194 face images taken under different illumination conditions
on the same day as the gallery image was taken; Dup1 set that contains 722
face images taken anywhere between one minute and 1031 days after the gallery
image was taken; Dup2 set being a subset of dup1 that contains 234 face images
taken at least 18 months after the gallery image was taken. All faces are first
normalized into a standard size 150×130 pixels (150 pixels per column, 130 pix-
els per row), where the distance between the centers of the two eyes is 56 pixels
and the line between two eyes lies on the 53rd pixel below the top boundary.
The grey histogram of each image is equalized before constructing descriptions
or template descriptions.

We take Fa as the gallery set, and Fb, Fc, Dup1 and Dup2 as the probe sets.
The standard 150 × 130 elliptical mask from FERET data collection is used
to exclude non-face areas from the images. In our experiments, we reduce the
elliptical mask size by removing 3 pixels from each side since the images to be
partitioned into blocks in a template structure are indeed of size 144× 124 (See
the first step of generating image templates in subsection 2.1) .

Following [2], permutation test [15] with 95% confidence level is also carried
out using the image list, list640.srt, in the CSU face identification evaluation sys-
tem package [15]. list640.srt contains 4 images each for 160 subjects in FERET.
10000 permutations are tested, with each containing one image per subject in
the gallery set and another in the probe set.

We summarize in Table 1 the results of our LBP, T/FPLBP description tem-
plate approaches with the parameters listed at the beginning of this section.
The best results of standard LBP description approach, the weighted LBP ap-
proach reported in [10], the T/FPLBP approaches, and our LBP and T/FPLBP
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Table 1. The recognition rates of original LBP and weighted LBP, the LBP Template,
original T/FPLBP, and T/FPLBP Template for the FERET probe sets, the mean
recognition rate of the Fb+Fc+Dup1, and results of permutation test with a 95%
confidence level

Fb,Fc Permutation Test
Method Fb Fc Dup1 Dup2 & Dup1 lower mean upper

LBP, no weight [10] 93% 51% 61% 50% 78.20% 71% 76% 81%
LBP, weighted [10] 97% 79% 66% 64% 84.74% 76% 81% 85%

LBP
Euclidean Distance 98.49% 90.21% 70.50% 61.11% 88.16% 78.13% 83.26% 88.13%

Histogram intersection 98.91% 92.78% 76.04% 68.38% 90.53% 83.13% 87.88% 92.50%
Template Chi square statistic 98.74% 91.24% 75.62% 65.81% 90.15% 83.13% 87.61% 91.88%

TPLBP
Euclidean Distance 94.64% 74.23% 62.33% 55.98% 81.71% 68.13% 74.12% 80.00%

Histogram intersection 96.44% 86.08% 74.65% 69.23% 88.04% 80.00% 85.06% 90.00%
Chi square statistic 95.98% 86.08% 74.79% 69.66% 87.83% 79.38% 84.50% 89.38%

TPLBP
Euclidean Distance 98.16% 86.60% 74.79% 72.22% 89.10% 78.75% 83.71% 88.75%

Histogram intersection 98.16% 94.33% 81.86% 80.34% 92.23% 85.00% 89.56% 93.75%
Template Chi square statistic 97.99% 94.33% 81.30% 80.34% 91.95% 84.38% 89.31% 93.75%

FPLBP
Euclidean Distance 95.73% 69.59% 64.13% 54.70% 82.52% 72.50% 78.07% 83.13%

Histogram intersection 96.65% 74.23% 67.45% 56.84% 84.60% 75.94% 81.19% 86.25%
Chi square statistic 96.65% 74.23% 67.73% 56.41% 84.70% 75.63% 81.16% 86.25%

FPLBP
Euclidean Distance 98.33% 75.77% 69.60% 61.97% 86.43% 78.75% 83.60% 88.75%

Histogram intersection 98.58% 81.44% 72.71% 65.38% 88.16% 80.63% 85.60% 90.63%
Template Chi square statistic 98.33% 79.90% 72.99% 64.96% 87.97% 80.63% 85.62% 90.63%

description template approaches are all shown in Table 1. It is clear that, our
LBP displacement description template approach and T/FPLBP description
template approaches achieve much better performances than the original LBP
approach and original T/FPLBP description approaches respectively. These
description template approaches also perform better than the weighted LBP
approach.

As we mentioned at the beginning of this paper, we are only interested to
see how our template structure can be used to improve descriptor approaches
and we are not trying to claim that our approach itself will reach the best
performance of all known approaches. As it is easy to see that most approaches
in face recognitions with extremely high performances are “mixed” approaches,
we can see that some machine learning and image processing techniques can be
“added” onto our approaches to boost the performances in applications.

We understand that, for many practitioners, it is important for them to com-
pare the results directly with “best” results so as to see if the contribution of
this paper is significant enough in comparison to so called state-of-the-art re-
sults 6. In order to do so, we here first add a “preprocessing” stage, including
gamma correction, DoG filtering and Contrast Equalization, as suggested by Tan
et al [16] to boost the performance of our approach. The face images are first
preprocessed, using the same parameters as [16] suggested, before applying our
descriptor template approaches. We also adopt the“weighting” strategy in the
original LBP paper [2] to assign weights to blocks further improve the perfor-
mance of our description template approach: The subfc [2], which contains 97
images in Fa as gallery and 97 images in Fc as probes, was used for training

6 How many excellent new ideas have been killed by this simplified pragmatism during
peer reviewing process?
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Table 2. The recognition rates of the LBP Template approach boosted by preprocess-
ing and weighting schemes on the FERET probe sets, and a few known approaches

Method Fb Fc Dup1 Dup2

LBP Template
Euclidean Distance 98.49% 98.45% 84.07% 82.05%

Histogram intersection 99.00% 98.97% 88.23% 86.75%
with Preprocessing Chi square statistic 99.00% 98.45% 88.23% 86.75%

LBP Template Euclidean Distance 98.91% 100.00% 84.90% 85.04%
with Preprocessing Histogram intersection 99.16% 100.00% 89.89% 87.61%

& Weighting Chi square statistic 99.16% 100.00% 90.03% 88.46%

LGBPHS[17] 98.0% 97.0% 74.0 % 71.0%

HGPP[5] 97.6% 98.9% 77.7 % 76.1%

SIS [18] 91.0% 90.0% 68.0 % 68.0%

Schwartz [19] 95.7% 99.0% 80.3 % 80.3%

purpose; experiment on only one block of a training set was carried each time;
the recognition rates of corresponding blocks on left and right sides of the face
were averaged and then sorted in nondecreasing order; the blocks with recog-
nition rates above the top 10th percentile and above the top 20th percentile,
were assigned with weights 4 and 2 respectively. For those below bottom 20th
percentile, we assign weights 0, the remaining blocks took weight 1. We show
the results of our LBP template approach boosted by preprocessing only and
by both preprocessing and weighting schemes7 in Table 2, together with a few
known approaches which do not apply a training process.

3.2 Experiments on LFW

“Labeled Faces in the Wild” (LFW) [14], which is available via the LFW of-
ficial site http://vis-www.cs.umass.edu/lfw/results.html, focuses on the
face recognition task of pair matching. All the face images were taken in uncon-
strained environments, exhibiting “ ‘natural’ variability in pose, lighting, focus,
resolution, facial expression, age, gender, race, accessories, make-up, occlusions,
background, and photographic quality” [14]. We test the performance of our ap-
proach on the 10 folds of view 2. In this task, given two face images, the goal is
to decide whether two images are of the same person. This is a binary classifi-
cation problem, with two possible outcomes: “same” or “different”. LFW view
2 provides 10 folds of face sets where the sets of people in different folds are
disjoint; when testing on one fold, the other nine folds can be used for training.
Results of various approaches have been reported on the LFW official website.

7 (1) Note that the former does not have a training process, and the “training” process
of the latter only involves the “weights” therefor is really minor.
(2) In this experiment, we notice that the pixels near the boundaries of each images
do not have LBP labels, therefore, we remove these pixels before partitioning into
windows so that the size of windows near the boundaries are smaller than others.

http://vis-www.cs.umass.edu/lfw/results.html


224 L. Chen et al.

Table 3. The accuracies of LBP Template and a few no-training approaches for LFW

Approach Accuracy
SD-MATCHES 0.6410 ± 0.0062

H-XS-40 0.6945 ± 0.0048
GJD-BC-100 0.6847 ± 0.0065

LARK unsupervised 0.7223 ± 0.0049

LBP Template
Euclidean 0.6905 ± 0.0235

Histogram intersection 0.7428 ± 0.0144
Chi square statistic 0.7417 ± 0.0143

LBP Template, with Dummy Set
Euclidean 0.7352 ± 0.0180

Histogram intersection 0.7633 ± 0.0152
Chi square statistic 0.7613 ± 0.0172

LBP Template, with Dummy Set & Preprocessing
Euclidean 0.7508 ± 0.0146

Histogram intersection 0.7730 ± 0.0157
Chi square statistic 0.7727 ± 0.0162

We use LFW-a version of images (the images aligned using a commercial face
alignment software) [20]. The images are of size 250 × 250. We first crop them
into images of size 90 × 78 (by removing 88 pixel margins from top, 72 from
bottom, and 86 pixel margins from both left and right sides). Note that, there
were errors in the alignment of many images; we just keep them as they were
(so some of the final cropped faces indeed are not correctly aligned).

For each pair of images, we first use the first one as a “gallery” image and the
second as a “probe” image to compute the similarity, then use the second as a
“gallery” image and the first as a “probe” image. We take the average of them
as the final similarity value.8

The average of the best accuracies over the 10 folds are shown in Table 3.
It should be compared to other unsupervised/no-training approaches as sug-
gested on the LFW website; therefore we also include the results of all the
unsupervised/no-training approaches available on the LFW website as of July
31st 2012: SD-MATCHES (L & R system with SIFT descriptors and MATCHES
flavour), H-XS-40 (Histogram of LBP features with Chi Square similarity mea-
sure and 40 windows), GJD-BC-100 (Gabor Jets Descriptors with Borda Count
measure and 100 reference images), and LARK representation without super-
vision [21]. We can see that the LBP displacement templates with histogram
intersection and Chi Square statistic perform better than all other approaches.

Although this paper is intended to show only that displacement template
can improve regular description approach; of course, we can further improve
its performance, if some other strategies are employed. Simply following the
suggestions of [1], where the result of GJD-BC-100 are obtained, by putting a few
“reference faces” to find the relative ranking, we can improve the performance
easily. Here, we use a dummy set of images: for the experiments in the i-th
fold, we use the first images (named “***..-0001.jpg”) of the first 10 individuals
in the (i − 1)th fold (when i − 1 = 0, we use the 10th fold) as the dummy
set. To compare a pair of images x and y, we use the dummy set as a gallery

8 Due to space limit, we do not report the detailed results of T/FPLBP templates –
they are slightly worse than LBP template, but better than the other approaches.
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Fig. 2. ROC curves over View 2 of LFW

and calculate the similarity between each of these two images and each of the
gallery images, then we define the relative similarity value as the similarity value
between y and x divided by the sum of all the similarities between these two
images and the dummy images. We can further improve the results by using the
preprocessing process of [16]. All these results are shown in Table 3. We have
also shown the ROC curves of all those unsupervised approaches aforementioned,
and the ROC curves of our LBP template with histogram intersection (including
the original one, the one using dummy set and the one using both dummy set
& preprocessing) in Figure 2.

3.3 Experiments on FRGC

We also carry out the experiment 104 of FRGC version 1 [13]. This experiment is
considered the most challenging in this dataset [19]. It requires to recognize 608
uncontrolled faces from 152 controlled gallery faces. Although standard protocol
allows the usage of a training set, our approach does not use it. We normalize the
face images into size 150× 130 as we did for FERET experiments; the standard
mask from FREET set is also used here. We report our results of LBP template
with and without the “preprocessing” of [16] in Table 4. The best published
result, which was done by Schwartz et al [19], is also listed. (Note: Schwartz et
al listed a few results of other approaches in [19], none of which was better than
Schwartz’s approach. Due to space, we think it is not necessary to list those
results as well as the corresponding references.) Therefore, we can see that LBP
template with Chi square statistics seems to be the best of all. We should also
note here that, our approach is an unsupervised approach while many known
approaches for this problem are supervised with a training process.

Although we reach the best performance (as far as we know), we want to
emphasize here: Just as most of face recognition algorithms, we may further
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Table 4. Recognition rates of LBP Template approaches and the best published result
on FRGC Experiment 104

LBP[22]
LBP Template

Schwartz[19]
Euclidean Histogram intersection Chi square statistics

28.1% 42.94% 47.37% 47.20%

78.2%
LBP LBP Template with Preprocessing

with Preprocessing[22] Euclidean Histogram intersection Chi square statistics
58.1% 74.01% 85.86% 86.18%

improve the performances by adjusting perimeters, such as image sizes, the block
sizes and pile sizes–and by doing so, we do reach better results for this dataset.
We trust that, such adjustment, although can be used to improve accuracies
to show off, does not contribute much academic values. Therefore, we do not
discuss such adjustment here due to space limit.

4 Conclusions and Future Research

We have developed a local displacement description template for face recogni-
tion tasks. When LBP, TPLBP and FPLBP are used as the basic descriptors,
our experiments have shown that LBP, TPLBP and FPLBP description tem-
plates can improve the performances of the original LBP, TPLBP and FPLBP
approaches significantly. We expect that all other descriptors can be applied to
our template structure. It is still interesting to see if the template approach using
other descriptors can work better than LBP, TPLBP and FPLBP description
templates.

It was shown in [6] that, when holistic algorithms are adopted, a “hard-
combination” strategy (“Electoral College”), where the best matching is first
selected from the corresponding blocks/regions of all gallery images and then a
simple majority rule is used to make a final decision, works well for face identifi-
cation. It would be interesting to investigate such a “hard-combination” strategy
within our displacement description templates.
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