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ABSTRACT
Unconstrained face recognition is the problem of deciding if
an image pair is showing the same individual or not, without having class specific training material or knowing anything about the image conditions. In this paper, an approach
of learning suited similarity measurements is introduced. For
this the image is partitioned into several parts, to extract image region based histograms of gradients, local binary patterns and three patch local binary patterns. The similarities of
respective patches are computed and it is learnt how to weight
the different image regions. Finally, a fusion is applied using
a Multi Layer Perceptron. Evaluations are done on the “Labeled Faces in the Wild” dataset.
Index Terms— face recognition, pair matching, image
descriptors
1. INTRODUCTION
Face Recognition has been an emphasized topic in the past
years. Many successfull approaches have been reported that
are able to identify persons, a survey on the most prominent
approaches can be found in [1].
However all of these methods are working in more or less
controlled environments and assume that a gallery image of
each person is available, that can be used as training material.
In difference to this classical face recognition, unconstrained
face recognition aims at the recognition task of pair matching.
It should be decided whether two given images contain the
same individual or not, without knowing anything else than
that both images contain faces. In the “Faces of the Wild”
dataset [2], a dataset obtained by scanning all kind of images
available at the internet with a Viola and Jones [3] based face
detector, a large variation in pose, lighting, expression, background, gender, clothing, hairstyle and camera is given (see
Fig. 1). A strict benchmarking scheme enforces an evaluation
on 10 sets with 10 separate experiments using a leave-one-out
crossvalidation scheme. All of these sets are disjunct on the
person level, that means, that not a single individual of the
test set is known during training.
This dataset, with the given task of pair matching, leads to
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Fig. 1. Samples of the dataset “Labeled Faces in the Wild”.
The upper pair shows the same individual, the lower pair
shows different individuals.
the development of similarity learning techniques. Recently
some approaches have been proposed to measure the visual
similarity of two unseen images [4][5]. Descriptor based
methods have been suggested for face recognition, these
could also be used in this scenario [6]. Results of different
approaches on the “Labeled faces in the Wild” dataset have
been published in [7][8][9].
2. LOCAL IMAGE DESCRIPTORS
In this approach, local image descriptors are first computed
for each image. This is done, by partitioning the image into
several equal sized patches. Then histograms of different features are computed and normalized that for each histogram
the sum of all bins is one (see Fig. 2).
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Fig. 3. Local binary pattern: clockwise comparison if the
mean value of the central patch is smaller than the mean values of neighboring patches. Results are stored in a bitsequence.

Fig. 2. The images are divided into subregions, in each of
these subregions histograms of the different features are computed and stored.

local texture information. Here, eight neighboring patches are
used. The resulting eight-bit-sequences are checked, if they
are uniform patterns. If there are more than two “01” or “10’
subpatterns in the sequence they are not uniform. Example:
00111110 is a uniform pattern, 01100101 is not. Thus, each
of the 58 possible uniform patterns describes a circular feature
where the average of one segment of the surrounding patches
is larger then the center, the rest is not. The LBP is computed
for all pixels inside a given image region. Then the histogram
of LBPs is computed for this region. All non-uniform patterns are stored into one bin, each uniform pattern get a bin
of its own, resulting in 59 bins in total. In this paper, two different configurations of LBP are used: A LBP with a patch
size of 3 × 3 pixels and a radius of 3 pixels between the center
pixel of the center patch and the center pixel of the surrounding patches called LBP3 and a LBP with a patch size of 5 × 5
pixels and a radius of 5 pixel called LBP5.

2.1. Histogram of Gradients
The Histogram of Gradients(HoG) is a well known descriptor
proved to be successful for tasks like human or object detection [10]. Because of the unconstrained characteristic of the
data, it is also useful for this task. Now, it is described, how
this feature is extracted in this approach. The partial derivatives in x and y - direction are computed by a Sobel-Operator.


Sx (I(x, y))
ˆ
(1)
∇(I(x, y)) =
Sy (I(x, y))
the gradient magnitude is then computed as:

ˆ
|∇(I(x,
y)t )| = (Sx (I(x, y)))2 + (Sy (I(x, y)t ))2

(2)

and the gradient orientation can be estimated by
Θ̂ = arctan (Sx (I(x, y)), Sy (I(x, y)))

(3)

2.3. Histogram of three patch local binary pattern

The gradient orientation is discretized to the eight possible
orientations in a one pixel neighborhood. After that, different
methods of sparsening the gradient field can be applied. Useful approaches are thresholding of the magnitude and a nonmaximum-suppression (NMS), by checking for each pixel, if
the gradient has a higher magnitude than the gradients of the
two neighboring pixels in the gradient direction. To obtain
the HoG, the occurrence of each of the eight orientations is
counted on the gradients that remain after NMS and stored in
a histogram. This is done for each image patch separately. In
this paper, the magnitude is only used for the non-maximumsuppression, resulting in an eight bin histogram per image
patch, each bin representing one gradient orientation.

The three patch local binary pattern (TPLBP) has been introduced in [7] and is very related to the LBP. The main difference is, that three patches are used to compute a single bit
value. As a first step, a distance d between two patches has
to be defined. In this paper the Euclidean distance is used for
simplicity. Then for each pixel the TPLBP using eight neighbors is computed as follows:
TPLBPr,α =

7


f (d(Ci , Cp ) − d(C(i+α)mod 8 , Cp ))2i (4)

i=0

with


f (x) =

2.2. Histogram of local binary patterns

1
0

if
else

x>0

(5)

Here Cp is the central patch, Ci are the patches along the circle in a clockwise numeration, r is the radius or the distance
of the central pixel of the central patch to the center pixel of a
neighboring patch, α is the distance between the two patches
along the circle, which are compared to the central patch (see
Fig. 4). For each pixel inside an image region the TPLBG
is computed, then a histogram is built putting all non-uniform
pattern together into one bin, each uniform patterns gets again
a bin of its own.

A texture descriptor called local binary pattern (LBP) [6] has
performed well for face recognition. LBPs are created by
comparing the average value of a the center patch to the average values of surrounding patches. If the value of the center
patch is smaller than that of the surrounding, the resulting
value is set to “1” else it is set to “0” (see Fig. 3). The subsequent pattern of binary values created by clockwise comparison of all neighboring blocks is then the LBP describing
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Feature
LBP3
LBP5
HoG
TPLBP5,3
TPLBP5,5

d = dpχ2
μ ± SE .
0.7132 ± 0.0048
0.7228 ± 0.0047
0.6824 ± 0.0047
0.6981 ± 0.0046
0.6872 ± 0.0050

d = dB
μ ± SE .
0.7036 ±0.0051
0.7151 ±0.0061
0.6736 ±0.0053
0.6912 ±0.0048
0.6821 ±0.0048

Table 1. Estimated mean accuracy μ and standard error of
the mean SE for dpχ2 and dB based on the different features
(10-folded crossvalidation on the ”pairs.txt“ evaluation set).

Fig. 4. Computation of the TPLBP with α = 2
3. LEARNING SIMILARITY CLASSIFIERS

4. FUSION OF THE DIFFERENT SIMILARITY
CLASSIFIERS

The similarity function that will be learnt is a weighted sum of
similarity measures between the histograms of the respective
patches of two images. The histogram of each image region
in image A will be compared to the histogram at the same position in image B. This is done by computing the probabilistic symmetric χ2 -measure dpχ2 or the Bhattacharyya distance
dB between the two histograms hA and hB for each patch.
dpχ2 (hA , hB ) = 2

N

(hB [i] − hA [i])2
i=1

hA [i] + hB [i]

N 

hB [i]hA [i])
dB (hA , hB ) = − ln(

After the separate similarity classifiers for each feature type
are learnt, their results are merged to a final decision. All
classifier outputs are fused to get the final answer if the image
pair used as input shows the same faces or not. The fusion
is performed by a Multi-Layer-Perceptron. The input layer is
connected with the outputs of the single feature based classifiers of section 3. The number of input neurons is the number
of similarity classifiers used. Because of the small number
of input neurons in contrast to a much higher dimension of
training material, the topology of this network can include
one or more hidden layers as long as the number of connections between neurons is far smaller than the number of
training examples.
In this paper, ten different similarity classifiers have been
trained based on the two different distance measures for each
HoG, LBP3, LBP5, TPLBP5,3 and TPLBP5,5 . For fusion a
MLP with two hidden layers is used.

(6)

(7)

i=1

Here N is the number of bins in the histogram, all histgrams
are normed to a sum of one. For every image region both measurements are determined. To derive a final similarity measurement D(A, B) for the comparison of the whole images A
and B, a weighted sum of all local distances d is computed.
Here d can be either dpχ2 -measure or Bhattacharyya distance
dB . If each image is divided into K × L subregions, K × L
distances d will be weighted with K × L different weights
wk,l and summed up:
D(A, B) =

K 
L


wk,l d(hA,k,l , hB,k,l )

5. RESULTS
In this section the result of the complete method is given and
discussed. For evaluation, the benchmarking scheme of the
”Labeled Faces in the Wild“ database is used as suggested
in the database description [2]. All experiments have been
performed on the ”funneled“ dataset, in which image pairs
are already coarsely aligned (see Fig. 1). A 10-fold crossvalidation applying leave-one-out experiments with the given
10 datasets is done. Each set contains 300 image pairs showing the same individual and 300 image pairs showing different
individuals. In each run, 9 datasets have been used for training the weights of both distance functions and fusion, the remaining set has been used to generate the results, that leads to
5400 image pairs for training and 600 image pairs for testing
in each of the 10 experiments. An image restricted training
scheme has been used, that means that context information,
if a persons occurs in more than one image pair has not been
used to create additional training data. Each of the originally
250 × 250 pixel sized images have been cropped from pixel

(8)

k=1 l=1

The learning involves now the finding of the weights wk,l to
maximize the descriptive power of this measurement. This
weighted sum can easily be modeled by a Neural Network
with K × L input neurons and one output neuron, which is
set to ”1“ if the given image pair shows the same person, and
set to ”-1“ if not. Training is performed for each feature and
distance type independently, so that for each feature type two
distance functions are learnt (one for dpχ2 and one for dB ). To
get an impression about the descriptive power of each feature,
some classification results are listed for each feature independently. To compute these results, the output of each net was
thresholded at 0 to map the output to [1, −1], and then compared to the ground truth.
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Feature
this approach
3x3 Multi-Region Histograms[9]
Eigenfaces [12]
joint alignment [8]
MERL [4]
MERL+joint alignment [4]
Hybrid descriptor-based [7]

μ
0.7367
0.7295
0.6002
0.7393
0.7052
0.7618
0.7847
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Table 2. Comparison to other methods: Estimated mean accuracy μ and standard error of the mean SE of a 10-folded
crossvalidation on the ”pairs.txt“ evaluation set.
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