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Abstract: Micro-expression (ME) recognition is an active area of research which is used to recognize 

suppressed and involuntary expressions in the face images. This paper proposes the texture descriptor 

DRLBP-TOP (distributed robust local binary pattern from three orthogonal planes) and is defined and 

derived as a measure of greyscale texture invariance. The descriptor is obtained by calculating the 

features of DRLBP from the orthogonal planes XY, XT and YT of space-time volume. In the proposed 

approach the DRBLP is encoded and is used to evaluate grey-scale difference at the local level in the 

different planes of the space-time volume. The performance analysis of the proposed method is conducted 

using two standard databases – CASME II and SMIC. The performance is compared with the earlier 

techniques such as Local Binary Pattern (LBP), Local Ternary Pattern (LTP), Robust Local Binary 

Pattern (RLBP), Robust Local Ternary Pattern (RLTP). The experimental results show considerable 

improvement in terms of noise level and threshold values when compared with the previous works. 
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1. INTRODUCTION 

Facial expression is an attributes of human 

beings which is used to convey emotions, 
that we see everyday under certain 
circumstances that also manifest themselves 

in the special form of MEs. It may occur in 
high-stake situations whenever the peoples 

try to deliver their emotions or feelings to 
gain an advantage or to avoid the loss. The 
concept is discovered in the year 1966 by 

Haggard and Isaacs [1], and is called as 
micro momentary facial expressions. 

Psychology is the one more domain 
involving the analysis of MEs while 
analysing the expressions of the patients 

during counselling and is reported by Ekman 
and Friesen [2]. Surveillance is an area 

which is mainly used in security systems 
and is used to analyse the expressions at the 
micro-level using automation. 

 The paper is organized as follows: 
Section 2 deals with literature survey. 

Section 3 covered basics of DRLBP and its 
proposed transformation DRLBP-TOP. 
Section 4 deals with experimental results. 

2. LITERATURE SURVEY 

 The ultimate aim of facial ME 

recognition is to automatic detection of 
hidden subtle and naked expressions shown 
on the face. The performance of SVM 

classification using the LBP-TOP descriptor 
with the implementation of temporal 

interpolation model by applying the images 
of SMIC database [3]. The same experiment 
is conducted using the CASME II database 

and the classification is computed using 
LOVO (leave-one-video-output) cross 

validation method [4]. As an alternative to 
these experiments, MEs are computed using 
video sequences. This kind of experiments 

images from the video sequences are 

International Journal of Pure and Applied Mathematics
Volume 119 No. 10 2018, 1799-1803
ISSN: 1311-8080 (printed version); ISSN: 1314-3395 (on-line version)
url: http://www.ijpam.eu
Special Issue ijpam.eu

1799



converted into gray scale images and then 
the emotions are computed using standard 

techniques [5–7]. 
DRLBP 

The level of noise and the fluctuations in 
small pixel are impacting the sensitiveness 
of RLBP.  The critique of the RLBP is to 

visualize the difference in bright object 
against a dark background and vice-versa. 

These issues are easily resolved by using 
DRLBP and it simply retains both texture 
and the edge information which are 

desirable to differentiate the images of the 
face very clearly. 
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where w(x,y) is calculated by gradient 
operator by finding the square root of the 

magnitude in x and y directions. 
DRLBP-TOP 

To extend the DRLBP descriptor to the 

temporal domain, the local DRLBP features 
are independently extracted from the 

orthogonal planes: XX, XT and YT, 
considering only the co-occurrence statistics 
in these three directions and then stacked 

into a single histogram [9]. The first plane 
(XY) planes provide the spatial information 

while the rest of the planes (XT and YT) 
provide temporal information. The 
difference between the descriptor and the 

standard DRLBP is simply that the centre 
pixel gc and its neighbourhood gp is replaced 

with gp–gc + τ, where τ is a given bias. When 
the features considering the XT plane of a 
space-time, it is names DRLBP-TOPx, 

whereas YT place is used, it is named 
DRLBP-TOPy. The proposed technique is 

segregated into subsections – six 
intersection points (SIP) and mean 
orthogonal planes (MOP). 

DRLBP-SIP 

The four neighbourhood points which are 

having the similar patterns taking from the 
orthogonal planes and the sets are denoted 
as [D, E, F, G], [A, E, B, G] and [A, D, B, 

F]. The lines intersected in the orthogonal 
planes are which are crossing over the centre 

pixel and are denoted as AB, DF and EG 
and the general assumption is to these 

neighbourhood points having sufficient 
information to derive the spatiotemporal 
textures. With respect to the geometric view, 

the set of new neighbourhood points as two 
groups which represents the spatiotemporal 

texture information. For example, if 
consider [D, E, G, F] as a set of spatial 
neighbours while respective endpoints [A, 

B] along the temporal axis represent the set 
of temporal neighbours and the group is 

called as XY+2, since the set is on the XY 
plane. Similarly, the set of spatiotemporal 
neighbours in the YT plane is represented as 

YT+2. As such the final histogram consists 
of concatenated features of the all 

histograms. 
DRLBP-MOP 

The average plane is taken into account for 

each planes and the compute the DRLBP for 
the respective planes. Either in the face 

images or in the video sequences, the 
transition of MEs changes over time. To 
derive or visualize the changes in the texture 

along with its distribution, the 
transformation should be done in the 

frequency domain, and if it involves any 
duplicate information that demonstrate the 
average information that could reasonably 

preserve the textural changes. 
 

3. EXPERIMENTAL RESULTS 

The database CASME II consists of Asian 
faces with five classes of expressions, 

namely, happiness, surprise, disgust, 
repression and others. It is established by 

Chinese Academy of Sciences. The clips in 
the video sequences contain only one MEs 
and there are 246 video sequences contained 

in the database. The MEs in the database is 
elicited from 26 Asian faces with the 

average age of 22 years old and are recorded 
using Point Grey GRAS-03K2C camera 
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with resolution 640×480 at 200 fps through 
“Raw 8” mode. SMIC database consists of 

both micro- and macro-expressions. It is 
established by University of Oulu. It is 

elicited from 16 subjects and containing 164 
video sequences and then classified into 
three classes, namely, positive, negative and 

surprise. Both databases have its own pros 
and cons. CASME II is having more 

expression but only contain Asian subjects, 
rather the SMIC database having the 
subjects with multi-racial composition. 

 In the proposed method the 
recognition is performed using LOVO cross 

validation method. In general LOVO 

depends on person identity and it operates 
by leaving out one video sample as testing 

data and rest of the sequences are the 
training data. The frames are partition into 

5×5 blocks using the parameters of the radii 
Rx=1, Ry=1 and Rt=4. Moreover Wiener 
filter is used to remove the noise in image 

sequences. In the case of CASME II 
database, TOP is superior than SIP and 

MOP for both the kernels and rate of 
recognition is 67.74%,67.12 and 67.44. In 
the case of SMIC database, again TOP is 

superior than SIP and MOP and the rate of 
recognition is 66.94%, 61.30 and 63.11 

respectively. 
 

Table 1. ME Face Recognition using  CASME II Database. 

Table 2. ME Face Recognition using  SMIC Database. 

 

4.CONCLUSION 

DRLBP-TOP is analysed as a texture 

descriptor for ME face recognition. 
Extensive experiments are conducted using 

the CASME II and SMIC databases and the 
obtained results demonstrate that the 
proposed descriptor shows the better 

performance for CASME II compared with 
SMIC, and the rate of recognition is 67.74% 

even it has shorter video lengths when 
compared to the alternative database SMIC. 

In short, the efficacy and effectiveness of the 
demonstrated results and the rate of 
recognition remains at the competitive level. 
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RBF 

Kernal 

65.18 65.44 65.87 65.99 66.81 65.18 65.40 65.66 65.91 67.01 65.59 66.12 66.28 66.68 66.91 
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