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Abstract. The ability to recognize faces is a crucial element for human-robot in-
teraction. In this paper, we present an algorithm for mobile robots to detect, track
and recognize human faces accurately, even when humans go through different il-
lumination conditions. We track faces using a tracker that combines the algorithm
of an adaptive correlation filter with a Viola-Jones object detection. This tracker
adapts to scale changes and to rotation of the face, and its occlusion. It also adapts
to complex changes of background and illumination. Recognizing the tracked
face is established by using an algorithm that combines local ternary patterns and
collaborative representation based classification. This combination enhances the
efficiency of face recognition under different illumination and noisy conditions.
Our method achieves high recognition rates on challenging face databases and
can run in real time on mobile robots.

Keywords: local ternary patterns, collaborative representation, face recognition,
face tracking, mobile robot.

1 Introduction

Face recognition for mobile robots still remains a challenging task. First, the face im-
age is often taken under different conditions of illumination. Most existing methods are
accurate for recognizing faces in constrained illumination conditions, but their perfor-
mance is much worse in recognizing faces under uncontrolled illumination conditions.
Second, while both the humans and the robot move in front of complex backgrounds,
the face changes with wide variations of poses and scales. Therefore, it is not easy for
the mobile robot to track the face correctly. Third, the captured images may include a
great amount of noise that significantly degrades face recognition performance. Noise
may result from environmental conditions and illumination. Fourth, many approaches
to face recognition are time-consuming to be able to run on a mobile robot.

Recently collaborative representation based classification (CRC) [1] has been pre-
sented, which is not only as accurate as other state-of-the-art algorithms such as sparse
representation based classification (SRC) [2], but it is also less time-consuming. This
algorithm achieves a high accuracy when tested on challenging datasets, but it can be
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degraded when the cropped face image is misaligned or the mobile robot captures the
face image under varying illumination. Fortunately, we found an efficient descriptor,
local ternary patterns [3], which is able to significantly reduce the influence of un-
controlled illumination, in shady as well as in bright areas. In addition, it is not only
insensitive to random noise in face images but also relatively robust to misalignment. In
this paper, we propose an algorithm for recognizing faces based on the combination of
local ternary patterns and collaborative representation based classification. This com-
bination enhances the efficiency of collaborative representation based classification in
face recognition, which can help mobile robots to recognize human faces even when
humans move freely under different illumination and noisy conditions. Furthermore
it significantly reduces computational costs to help the robot run in real time. In our
method, face tracking is an early and critical step that finds the face in images, from
which we can extract relevant features to improve the accuracy of face recognition.
The more precisely the face can be tracked, the more accurately it can be cropped and
recognized. Therefore we use the method of face tracking mentioned in our previous
research [4], to adapt the changes of the face well as to adapt to complicated changes
of illumination.

The remaining parts of this paper are organized as follows. In Section II we present
state-of-the-art algorithms of face recognition which motivated our research. In Section
III, our method is presented in detail. In Section IV the experimental results obtained
from databases are presented. We conclude this paper, mentioning our intentions with
regard to our future work in Section V.

2 Related work

Although there are many approaches to face recognition for human-robot interaction
[5], these methods are only used to recognize faces in constrained environments. Cruz
[6] has developed an approach to help service robots to be able to recognize faces in
unconstrained environments. This method, in which SIFT descriptors are applied for
extracting facial features, is robust to local affine distortions of face images. Thus it
achieved significant progress in face recognition under different viewpoints and some
environmental conditions. However, its performance is worse under uncontrolled illu-
mination conditions. Furthermore, this method is too time-consuming to run in real
time.

Recently, sparse representation, which was developed from the theory of sparse
coding, has been applied in face recognition. In this theory, a face is represented as a
combination of the training faces on the overall training dataset. Then this face is classi-
fied based on the least representation residual. Recent research has developed new algo-
rithms of face recognition motivated from sparse representation and they have achieved
significant progress [2]. Although sparse representation has shown high accuracy of
face recognition, its computational cost is very expensive. For the field of face recog-
nition for human-robot interaction, the computational complexity of this algorithm has
not met the requirement of real time performance. Therefore, the collaborative repre-
sentation was proposed by [1], using non-sparse ly-regularization instead of /;-norm
sparse regularization. This improvement makes a significant difference between collab-
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orative representation and sparse representation. Collaborative representation is nearly
as accurate as sparse representation while it is much less time-consuming. Collabora-
tive representation achieved a high accuracy when tested on some challenging datasets,
but it is less successful when the cropped face is misaligned or the mobile robot runs
under uncontrolled illumination conditions.

Other promising approaches for face recognition are descriptor based algorithms
such as local binary patterns [7], which use both shape and texture information to rep-
resent the face image. The key advantages of local binary patterns are that they are
invariant to gray-scale changes and their computational cost is very low. Thus they
achieved a considerable success in uncontrolled face recognition [9]. However, in prac-
tice the efficiency of local binary patterns deteriorates significantly due to random noise
in the areas surrounding the face. Tan et al. [10] presented local ternary patterns which
not only inherit the advantages of local binary patterns but also significantly reduce
noise sensitivity. The method of local ternary patterns is tested on challenging databases
chosen to compare the algorithms of face recognition under complicated illumination
conditions. All the tests demonstrated that local ternary patterns outperform local binary
patterns in dealing with difficult illumination conditions.

3 Approach

In this section, we present in detail our approach to real time face recognition for
human-robot interaction. Figure 1 shows the simple flowchart representing our ap-
proach to face recognition on mobile robots. It consists of seven steps: First, we apply a
method of face detection described in our previous work [11], in order to quickly locate
the position of the face in the initial step of the face tracker. In the second step, the face
is tracked based on a method using the MOSSE filter [12] and a Viola-Jones face detec-
tion [13]. This method, which helps mobile robots to track the human face efficiently,
has been presented in detail in our previous paper [4]. It is also used for the next steps
when the tracked face is frontal. Thirdly, after successfully tracking the face we detect
and track two eyes. After that, in the fourth step, the face image is aligned and cropped
based on the two tracked eyes. In the fifth step, we apply the local ternary patterns op-
erator to encode the textures of the facial regions. In the sixth step, the face image is
divided into cells from which local ternary patterns histograms are extracted and con-
catenated into an advanced histogram. The technique of principal component analysis
(PCA) is applied to transform this advanced histogram from a high-dimensional space
to a low-dimensional space. The output of PCA is the facial feature vector. In the last
step, the recognition is attained by using collaborative representation based classifica-
tion, of which the input is the facial feature vector.

3.1 Face detection

As mentioned in our previous work [11] a method of face detection is used to find
quickly the position of the face in the initial step of the face tracker. The information
of geometric constraints, navigation and the technique of depth-based skin color seg-
mentation are provided to make our face detector much faster and more accurate. Our
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Fig. 1. Flow chart of our approach.

face detection involves three basic steps: First, in order to reduce computational costs
we use a set of sampling points spanning the whole image to collect the information of
color, texture and depth. Second, the constraints of geometry and navigation informa-
tion are used to remove the background. Finally, the techniques of skin detection and
depth-based skin colour segmentation are applied around filtered sampling points to
find the potential regions in which the face detector is able to localize the face position.
In addition, we can speed up face detection by limiting the range of facial scales, as
mentioned in [11].

3.2 Face tracking

After detection, the face is tracked by using the method of face tracking presented in
[4]. The MOSSE filter plays the role of an adaptive tracker which models the face
appearance by training on-line the face samples from previous frames to adapt to the
changes of its poses as well as the sudden changes of illumination. The face is tracked
by correlating this filter over a search window. The correlation output indicates the
relative position of the face in the current frame with respect to the previous one, which
is the area corresponding to the maximum value in the correlation output. Thus we can
efficiently find the next position of the face in image coordinates. The correlation output
is computed as follows:

M=NGOF”" €))

where M, N and F are the 2 D Fourier transforms of the correlation output M, training
image N and the filter F', respectively. After moving the search window to the new face
position, the MOSSE filter is updated on-line with the current search image. In frame 7,
it takes the form:
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Ui=~vM; ® N + (1 —7)U;_1 3
Vi=9N; © N + (1 —7)Via “

where < is the learning rate.

The face detector in this paper plays an important role to correct the tracking posi-
tion and eliminate drift. In addition the face size is estimated by using depth information
while the face is being tracked.

Fig. 2. Examples of face tracking through occlusion and drift. We compare our face tracker, which
is marked by the red rectangle, and the original MOSSE filter, which is marked by the black
rectangle. 2(a), 2(b), 2(c): The drift problem occurs when the human turns around or rotates.
2(d): The face is occluded.

3.3 Eye tracking

While detecting the face, only the frontal faces are selected for recognition. Since the
size of the face is estimated by using depth information, we can apply a bilinear interpo-
lation algorithm to scale the face into an 120x 120 image. Because the size of two eyes
are easily estimated they are detected and tracked based on the algorithm mentioned in
[4]. Figure 3 shows the result of eye tracking.

Fig. 3. Example of eye tracking and face cropping. White circles indicate locations of the eyes.
The white rectangle indicates the location of the cropped face.
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3.4 Face alignment and cropping

The roll angle of the human face, 6, is calculated simply as follows

0 = tan™ " [L2=1] %)

T2—I1
where (z1,y1) and (22, y2) are the coordinates of the left eye and the right eye, respec-
tively. In order to align the face, the face image is rotated at an angle of 6 degrees. After
that we crop the face by using a window with a fixed size of 76x84. The center point
of the window is the tracking point of the face. Figure 3 also shows the cropped face
which is indicated by the white rectangle.

3.5 Local Ternary Patterns

Local ternary pattern [10] is an advanced version of local binary pattern [7], which is
used to summarize local gray-level structure. The local ternary patterns operator works
in a 3x3 pixel block of a face image in which the difference between the center pixel
and the neighboring pixel is encoded into a trinary code. We denote .. as the gray level
of the center pixel, and [,, as the gray level of the neighbors in which p = 0,1, ..., 7.
Thus the LTP code is computed as follows:

7
LTP = Z F(lp,le,th)3P (6)

p=0

Here f(l,,l.,th) is the threshold function

1,1, > I+ th
f(lpa lcath) =40, |lp - lc| < th (7
1,0, <l —th

where th is a threshold. In our paper, th is equal to 5. In order to reduce the dimension-
ality, the LTP code is split into positive and negative LBP codes as follows:

L, > +th

fp(lp,lc,th) = { 0, otherwise ®
_ 1, <l —th

fa(lp,lc, th) = { 0, otherwise ®

As a result, we applied the local ternary patterns operator to generate two positive
and negative LBP images for extracting the face features.

3.6 Facial feature extraction

In order to keep the local information and spatial locations of the face, we proposed the
extraction of LTP features from the face image by dividing the face image into cells. In
our research every cell is fixed at the size of 8 X8 pixels. Figure 4 illustrates all the basic
steps of our algorithm. In every cell, we extract an histogram of LTP codes. All these
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histograms are concatenated into an advanced feature histogram. Since the advanced
histogram consists of a large number of bins, the technique of principal component
analysis (PCA) is applied to the advanced histogram to reduce its dimensionality. The
output of PCA is a 30-dimensional vector called the facial feature vector.
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*
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images

Fig. 4. Diagram of facial feature extraction

3.7 Collaborative representation based classification

We apply the collaborative representation based classification (CRC) with the regular-
ized least squares for face recognition which codes a facial feature vector as a linear
combination of the training vectors on the whole dataset instead of each subset. We
denote the subset of the i*" class as T} of which the number of columns is same as the
number of training images. Furthermore, we denote the set of K classes of identities
as T = [Ty, T»,Ts, ..., Tk| and every facial feature vector v € R™ is coded over T by
using the regularized least square method as follows:

(3) = arg min, { |l =T~/ + A 113} (10)

where ) is the regularization parameter. The solution of the collaborative representation
based classification with regularized least squares is analytically derived as follows:

=TT+ X-1)" 7Ty (1n
In addition we compute the regularized residuals of classes as follows:

ri = lv—=T; - Filly / 1l (12)
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where 7; is the coefficient vector of class 7. By finding the minimal regularized recon-
struction error, the identity of v is computed as follows:

Identity(v) = arg min; {r;} (13)

4 Experimental Setup

In our experiments, the algorithm of local ternary patterns with collaborative represen-
tation based classification is denoted as LTP-CRC. For evaluating the performance of
our face recognition algorithm, we used three challenging databases. First, we used the
AR database [14] to test the accuracy and the processing time of our face recognition
method and its competing methods in controlled environments. For evaluating the ac-
curacy of face recognition in uncontrolled environments, we used the LFW-a database
mentioned in [8]. In this database all the training and testing faces were aligned by us-
ing the algorithm of face alignment in [8]. Thus we did not need to apply the technique
of face alignment in the preprocessing step. Finally, the Tuebingen database for face
recognition was built by us to test the algorithms of face recognition on mobile robots
in our own office environment.

(e) ® (® ()

Fig.5. Sample images from the Tuebingen dataset. The human face moves through different
conditions of illumination and noise.

The experiments carried out on both the AR database and the LFW-a database used
Matlab on a PC with 2.5 GHz Intel Core i5 CPU. Additionally, the experiment on the
Tuebingen database were implemented using C++ on a PC with 2.5 GHz Intel Core i5
CPU. For the methods of LTP-CRC and CRC we set the parameter A as 0.001 in the
experiments. Figure 5 shows a sample of some images extracted from our dataset.
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4.1 AR database

We used the AR database, which consists of 50 males and 50 females, to perform ex-
periments under controlled environments. For each subject we used seven images for
training, which are different in illumination and expression, and used the other seven
images for testing.

We did two experiments with this database. In the first experiment, the images
were cropped and resized to 60x43 pixels. And in the second experiment, the im-
ages were resized to 32x32 pixels to show how the algorithms work in the database
of low-resolution images. We compared our algorithm LTP-CRC with its competing
algorithms which are collaborative representation based classification (CRC), sparse
representation based classification (SRC), support vector machine (SVM) and nearest
neighbor (NN). In our algorithm and CRC, PCA is applied to reduce the dimension of
the images to 300.

Table 1 shows the recognition rates of LTP-CRC, CRC, SRC and NN on the AR
database in the first experiment. It shows that the result of LTP-CRC outperforms CRC,
which is 5.2 % more accurate, and is significantly better than the other methods. It
proves that local ternary patterns give a high contribution to the performance of face
recognition due to its robustness with regard to different forms of illumination.

Table 1. Recognition rate and processing time on the AR database in the first experiment

Recognition Time
rate
NN 0.713 0.0013 s
SRC 0.933 1.7878 s
CRC 0.937 0.0024
LTP-CRC 0.989 0.0026 s

Table 1 also shows the comparison of the processing time between our algorithm
with the state-of-the-art ones including CRC and SRC. We can see that the recognition
rate of LTP-CRC is higher than CRC and SRC, while its processing time is just 1.1
times slower than CRC, but is 688 times faster than the SRC. This implies that LTP-
CRC is more advantageous in real time application of face recognition.

Table 2. Recognition rate on the AR database in the second experiment

[ NN [ SRC [ CRC [ LTP-CRC |
| 693% | 901% | 884% [ 983% |
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In the second experiment we compared the accuracy of our algorithm with the others
in lower-resolution images. Their results are shown in the Table 2 which proves that
our algorithm is the best of the algorithms mentioned in this experiment. We can also
see that the accuracy of our algorithm is only slightly reduced in comparison with the
previous experiment, while all others are significantly degraded.

4.2 LFW-a database

The LFW-a database is the second one we used to compare our algorithm with some
challenging methods including CRC, SRC, and NN. This database is collected for re-
search of unconstrained face recognition. It consists of 158 different individuals of dif-
ferent races, ages and genders. For each of these individuals, we collected 5 training
and 2 testing images. All the faces in these images were cropped to 32x32 pixels, and
those from the same individual differed in pose, expression and illumination. In this
experiment we used PCA for our algorithm and CRC to reduce the dimension of the
images to 300.

Table 3. Recognition accuracy on the LFW-a database

| NN | SRC | CRC | LTP-CRC |
| 136% | 464% | 437% | 595% |

The accuracy of face recognition on the LFW-a database is shown in Table 3. Since
the LFW-a database is a very challenging one the accuracy of all algorithms in this
database is less than those of the AR database. However, our algorithm achieves the
best accuracy in comparison to other algorithms mentioned above.

4.3 Tuebingen dataset

The Tuebingen dataset consists of 22 log files of 22 people recorded from a Microsoft
Kinect camera mounted on a mobile robot SCITOS G5, as shown in Figure 6. Each of
these log files recorded color and depth images at 30 frames per second at a resolution
of 640x480 pixels. For each subject we used only five images for training which were
cropped to 76 x 84 pixels. Our goal was to evaluate the performance of face recognition
in indoor environments in which both the humans and the robot move under differ-
ent illumination conditions and the faces change a variety of poses. We compared the
accuracy and the processing time of our method with its competitors which are col-
laborative representation based classification (CRC), sparse representation based clas-
sification (SRC) and nearest neighbor (NN). The processing times of these algorithms
were measured, including face detection, face tracking, eye tracking, face alignment
and cropping in addition to face recognition. By using PCA, the dimension of images
was reduced to 30. In addition, on this dataset we also evaluated the performance of face



Face Recognition for Mobile Robots 11

recognition with and without face alignment in order to demonstrate the effectiveness
of our alignment technique.

In Table 4 we evaluated the recognition rate and the processing time of our method,
LTP-CRC, with SRC and NN. It shows that LTP-CRC outperforms CRC by 12 % and
NN by 33 %. Although the computational cost of LTP-CRC is slightly higher than the
other methods, it is nevertheless fast enough to run in real time on mobile robots. We
can see that LTP-CRC is a fast and reliable face recognition algorithm for mobile robots
running in realistic environments. This is due to the fact that CRC is a relatively accurate
and fast method and LTP is a powerful feature descriptor which is insensitive to noise
and is resistant to lighting effects.

Table 5 shows the role of face alignment in the performance of face recognition. Our
technique of face alignment significantly improved the recognition rate of LTP-CRC,
CRC and NN due to its robustness to changes in face pose as well as in varying degrees
of illumination. It contributes 2.73 %, 3.71 % and 3.83 % to the recognition rate of
LTP-CRC, CRC and NN, respectively.

Table 4. Recognition rate and processing time on the Tuebingen database

Recognition Time

rate
NN 67.55 % 9 ms
CRC 80.46 % 10 ms
LTP-CRC 89.75 % 12 ms

Table 5. Face recognition results with and without alignment on the Tuebingen database

Unaligned Aligned

NN 63.72 % 67.55%
CRC 76.75 % 80.46%
LTP-CRC 87.02 % 89.75%

S CONCLUSION AND FUTURE WORK

In order to improve the performance of face recognition we proposed local ternary pat-
terns with collaborative representation based classification. Our experimental results
show that this algorithm achieved high recognition rates, and it is suitable for face
recognition on mobile robots under uncontrolled illumination conditions. The proposed
face recognition system requires on average 12 ms per frame on on a PC with a 2.5
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Fig. 6. Our mobile robot SCITOS GS5.

GHz Intel Core i5 CPU. Thus, it is able to run at video frame rate on mobile robots. For
future development, we intend to develop this algorithm for recognizing faces across
poses using the technique of face pose estimation mentioned in [4]. Recognizing the
face in arbitrary poses will be more difficult in uncontrolled environments under vary-
ing illumination. Nevertheless our approach is expected to be able to recognize the face
with large variations of face appearance.
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