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ABSTRACT 

 

Analyzing facial expression video sequences is a challenging area in computer vision field. This is due to the 

fact that each of the expression has either one or more motions or positions of muscles beneath the skin of the 

face. It is also affected by occlusions and lighting conditions. Existing method in facial expression analysis 

either divide the face image into rectangular grid or as holistic. Both methods are incapable of representing 

the facial features, whereby the inheriting structure of segmentation of the face image is ignored. This paper 

introduces superpixel as a better pre-processing technique that will affect the performance of facial 

expression feature extraction. It estimates the face structure by segmentation based on the number of pre-set 

intensity based cluster. First, the face is delineated using Viola-Jones algorithm, followed by the pre-

processing techniques. Then, Lucas Kanade optical flow algorithm is applied to extract the spatio-temporal 

data from the video sequences. Once the detected face is segmented, optical flow will be computed within 

this region to track the motion between the video frames. Results reveal that more information can be 

extracted using the superpixel as compared to regular grid. The performance of the proposed method result 

has been validated qualitatively using extended Cohn-Kanade (CK+) facial expression database.  
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INTRODUCTION 

 

Human computer interaction or commonly recognized as HCI is becoming more important nowadays [1]. 

Over the past two decades, automated and real time facial expression recognition (FER) has impacted many 

areas such as driver safety, image retrieval, video conferencing, cognitive science, human emotion analysis and 

virtual reality image retrieval [5]. 

The focus is on the development of a natural human interaction with the computers based on normal human to 

human behaviour interaction. As a result, the facial expressions research has received much attention as it is well 

known as the most expressive indicators that reflect the human emotions [1, 5]. Facial expression can be easily 

recognized by human cognitive perception. However, in the field of computer vision and pattern recognition, it is 

very complex to develop an automatic facial expression recognition system. This happens due to the complexity in 

image acquisition, un-controlled environment, occlusions, intensity variation, pose angle etc. 

Computer vision application has recently come to increasingly benefited from representing an image as a 

collection of superpixels [13, 19] such as object localization [4], 3D reconstruction [14], segmentation [16-17] 

and pose estimation [18]. Existing method simply divides the face image into regular patches ignoring the 

structure of face components. In-fact, such regular grid based methods suffer from the same deficiency that the 

inherent structure of the face image is ignored. Furthermore, it does not align with intensity edges of the face 

image, leading to lack of facial feature representation as depicted in Figure 1. Therefore, instead of the rigid 

rectangular patches, superpixels is introduced for improved alignment with intensity edges of the face 

components. A superpixel often contains pixels with similar texture and colour which will effectively represent 

the facial features. Hence, the face image can be segmented using superpixels equivalently to the inherent face 

structure [11]. 

The superpixel has been proposed as the pre-processing method due to its following capabilities [19]: 

1. Adhering well to image boundaries. 

2. Reducing computational complexity during pre-processing.  

 

There are many approaches of the superpixel algorithms which include the graph based and gradient ascent 

based which has its own advantages and disadvantages [19]. In this paper, we use the SLIC algorithm 
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abbreviated from simple linear iterative clustering, due to its greater performance as compared to other 

boundary recall methods [1], complexness flexibility and publicly available [19]. 

 

 
 

Figure 1: Image segmentation on one of the CK+ color face image using SLIC super pixels of the different 

size- top: 1000, middle: 500 and bottom: 100 (approximately) 

 

Figure 1 shows that the more superpixel is assigned to the image, the more accurate it represents the facial 

feature boundaries. Magnifying at the mouth region shows the clear difference in boundary using regular grid 

and superpixel as shown in Figure 2. In regular grid, the upper lip corner does not lies inline within grid shown 

in cyan. The horizontal red line shows the offset between the upper lip edges in between the assigned grid. 

Meanwhile, the edge of lip is accurately represented by the assigned superpixel region. 

 

 
Figure 2: Comparison of regular grid (left) and superpixel boundries (right) at mouth region 

 

Figure 3 shows how the image had been segmented based on the RGB mean intensity with the pre-set 

number of region in the program.   

 

There are three major contributions presented in this paper: 

1. Applying superpixel in facial features extraction. 

2. Compare and analyze the existing pre-processing method (regular grid) with the superpixel technique. 

3. Integrate optical flow algorithm using superpixel intensity based segmented regions.  

 

 
 

Figure 3: Depiction of an image with superpixels. Left: Image with the pre-set number of boundaries. 

Right: Mean RGB values for each superpixel region 

 

RELATED WORK 

 

Pre-processing method is an important step which will affect the performance in facial expression 

recognition [32]. It involves the process of preparing the 2-dimensional spatial data before the feature extraction 

and classification process. 
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Performance can be improved by using different pre-processing method. Recent research published by [5] 

compares the pre-processing on facial images using the holistic representation (regular grid) and the local 

represantation (region block). In [7] had used the salient facial patches as pre-processing method and extracted 

the facial features using local binary pattern (LBP). Superpixels have been exploited to aid segmentation in 

several complicated guises mostly to initialize segmentation [20, 22, 24, 26, 27]. In [12] proposed superpixel 

mid-level cues method incorporated to image classification pipeline for superior scene description. Apart from 

that, research had been done on hand crafted mid-level features targeted to encapsulatate information on groups 

of pixel such as patches [29] or segments [30] and superpixels [31]. In [11] had introduced novel superpixel 

based face sketch-photo synthesis method by estimating the face structures through image segmentation. 

Motivated by such work, we execute experiments to prove the significant of superpixel in facial feature 

extraction pipeline. It is then being integrated with Lucas Kanade feature extraction algorithm for temporal data 

extraction. The Lucas Kanade method is employed due to the known fact that it can reduce the computational 

complexity by using the minimum square error (MSE) criterion [28].   

 

METHODOLOGY 

 

In relation to affective computing, most of facial expression research apply the ground truth of the six facial 

expression defined by [5]. The expressions are fear, happiness, disgust, sadness, anger and surprise. The easiest 

to be recognized are the expression of sadness and happiness [3]. In this paper, we applied the six emotions in 

the pre-processing stage and reveal the points that can be used for feature extraction. Figure 4 depicts the 

general process flow of the experiment.   

Analyzing facial expression involves deformation of facial muscles that will change the facial landmark 

[15, 32]. Hence, superpixel is introduced to track the deformations and texture changes during the formation of 

the facial expression. Contribution of superpixel method toward automatic facial expression recognition has to 

be investigated.  

The database that has been used is the extended Cohn-Kanade (CK+) database, which had been upgraded 

with the spontaneous facial expression [9]. It consists of 593 image sequences performed by 120 subjects. The 

age of participant ranges from 18 to 30 years. The video sequences range from 10 to 60 frames. The database is 

available online [8].   

The hardware used to execute this experiment are Intel core(TM) i5-5200 CPU 2.2GHz laptop, 4 GB RAM 

and 64-bit operating system. 

 
 

Figure 4: Overview of experiment process flow 

 

Superpixel 

The definition of superpixel is grouping pixels and divides them according to the pre-set number of regions. 

This method reduced the processing complexity of the subsequent process [1]. The existing superpixel methods 

include graph-based algorithm [21, 23] and gradient ascent algorithm. In graph-based algorithm, generating 

superpixel is performed by treating each pixel as a node in a graph. Edge weights between two nodes are 

proportional to the similarity between neighboring pixels [19]. Meanwhile, in gradient ascent algorithm, clusters 

are iteratively refined until convergence to form superpixel [19]. Unfortunately, most state-of-the-art superpixel 

method suffers from low quality segmentation, inconsistent size and shape, contain multiple hard-to-tune-

parameter and apparently high computational cost [1]. The comparison of several superpixel algorithms in term 

of the boundaries can be accessed in [25].    

SLIC is currently identified as one of the best methods to compute regular superpixel in term of 

computation time and quality [34]. It generates equal-sized superpixels by generating cluster pixel based on 
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similarity and proximity in the image plane [1] and adapts k-means search algorithm in localized pixels. The 

clustering is done in 5-dimensional CIELAB colour space [labxy], where [lab] is the colour vector and [xy] is 

the pixel coordinate. 

The algorithm is as shown in Algorithm 1 below: 

 

Algorithm 1: SLIC superpixel segmentation 

 
 

Feature Extraction 

The feature extraction phase represents a key component of any pattern recognition system [5]. It is the 

stage whereby the information from the facial activity during forming the expression is extracted. Optical flow 

method [6] is an important method of motion image analysis used to estimate the motion of brightness pattern 

between the two frames. In this paper, Lucas-Kanade optical flow is employed because it is highly accurate for 

motion tracking and robust to noise [6, 10]. It is also capable of tracking small motion [10]. Therefore, it can be 

used to extract temporal information in the video facial expression analysis by estimating the optical flow 

motion field. 

Aperture problem is an inherent ambiguity in the process of estimating motion based on edges of objects 

within the frame. Normal velocity is a local phenomenon and occurs when there is insufficient local intensity 

structure to allow a full image velocity to be recovered. In this case, only the component of velocity normal to 

the local intensity structure (for example, an edge) can be recovered [2]. 

For an image with N pixel, the approximate equally-sized superpixel is given by S � �N K⁄ where K is the 

pre-set number of superpixel. Superpixel can be controlled by two parameters, K and m.C	 is the superpixel 

cluster center where k � �1, K� at regular grid intervals S. Spatial pixel distance are defined by distance measure 

given by the sum of lab distance, D� and xy plane distance normalized by S. The equation is as shown in 

Equation (1).  

 

D� � d��� �
�
�
d��(1) 

 

where 

 

d��� � ��l	  l!"# � �a	  a!"# � �b	  b!"# 

 

d�� � ��x	  x!"# � �y	  y!"# 

 

m is the variable to control the superpixel compactness. It controls the shape of superpixels. Greater m results 

on more compact superpixel with greater spatial proximity. In our experiment, we used the compactness value 

of 10.Kis set to 400 clusters to produce comparable number of  the regular grid  method. In this case, the optical 

flow is being computed from the cluster center of the superpixel cluster. 
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Figure 5: Aperture problem and brightness constraint line. Adapt from [33] with some modification 

 

One point on the brightness constraint line is the correct velocity. The smallest velocity magnitude on that 

line isV%&&&&'  , whereby:  

 

V%&&&&' �
()*
|,)|

(2) 

 

The weighted least-squares (LS) estimator minimizes the squared errors [19] and is expressed as: 

 

 

∑ W#�x, y"/,I�x, y, t" ∙ V&&' � I3�x, y, t"4
#

�,�∈	          (3) 

 

where  k is the spatial neighborhood of the central pixel. W�x, y" is the weighted window function that 

determines the support of the estimator [2]. It assigns larger weight to those pixels that are closer to the central 

pixel as these pixels give more important value than others [8]. 

In the regular grid segmentation, 20×20 grids had been assigned. The computational efficiency depends on 

the grid size. Total of facial points from the grid is 400. The optical flow to be tracked is displacement from its 

vertices [14]. 

 

Facial Feature Detection 

The images that have been used from the database are the frontal view of the first frame and the last frame 

of each expression from the same subject. The first and the last frame are selected to enable significant 

displacement between the two frames. Using two consecutive frames will result insignificant vector 

displacement [5].  

At this stage, we used the Viola Jones face detector to detect the face. We had done a simple experiment to 

verify the capability of this detector. Figure 6 demonstrates that this algorithm is capable of detecting the face 

with occlusion such as face with eyeglasses and slanted frontal view. This suggests that the Viola Jones detector 

is robust to different size of the image, orientation and occlusion. This property is crucial in automatic face 

recognition application. 

 

 
Figure 6: Face detection on CK+ image (left) and random image with occlusion and slight orientation 

(right) using Viola Jones face detector 

 

RESULTS AND DISCUSSION 

 

Figure 7 shows the comparison results after the optical flow had been computed using the two pre-

processing methods, regular grid on the left and superpixel on the right. More optical flow was observed in 

result images with superpixel segmentation. This indicates that the superpixel is capable of improving the facial 
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features extraction, whereby more information can be captured as compared to the conventional regular patches 

segmentation. 

 

REGULAR GRID                  SUPERPIXEL 

 
NEUTRAL 

 
DISGUST 

 
FEAR 

 
HAPPY 

 
SAD 
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SURPRISE 

Figure 7: Comparison of optical flow computed on each facial expression using regular grid (left) and 

superpixel (right) 

 

To further analyze, the resulted images are being magnified in order to increase visibility on the different 

optical flow computed using the two segmentation method as shown in Figure 8. 

 

 

 

 
 

Figure 8: Comparison of equally distributed grid on the eye region of the neutral expression (top) with 

non-regular grid based on superpixel (bottom) of the neutral face expression 

 

In Figure 8, it is observed that the superpixel adhere well with the eye shape while in regular grid, the eye 

shape was not being accurately annotated. The difference is highlighted by the cyan line.  

 

 

 
 

Figure 9: Comparison on the right eye region for happy expression. Top:  

Regular grid, Bottom: Superpixel 

 

7 



Hassan et al.,2017 

 

 

 
 

Figure 10: Comparison on the left eye region for happy expression. Top: Regular grid, Bottom: 

Superpixel 

 

Figure 9 and Figure 10 show that that the latter images have more contour adhering to the edges of the 

eyelid and bottom line of the eye. This suggests that the facial feature extraction will be more accurate as 

compared to the regular grid pre-processing because it can extract edges of the eye shape. 

 

 
 

Figure 11: Comparison of the optical flow computed on consequtive frames for happy expression using 

superpixel segmentation. The  sequences start from (a) to (f) 

 

Figure 11 shows the difference in optical flow computed on consecutive frames. The continuity of the 

gradient motion tracking is clearly observed from one sequence to the other, especially at the eye and mouth 

region. 

(a) 

(c) 

(b) 

(d) 

(e) (f) 
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CONCLUSION 

 

The investigation does not aim to focus on the accuracy that is competitive in literature. It explores the 

potential segmentation method that is expected to improve the recognition rate due to its capability to segment 

the image precisely based on intensity boundaries. We obtained comparative result at times for facial expression 

feature extraction using the newly introduced pre-processing technique. The experiment has qualitatively proved 

that superpixel will give a better result in extracting the features from the facial expression image sequences. 

Apart from that, the capability of Viola Jones detector in detecting face with occlusion also will contribute in the 

fast processing in the recognition process. The combination results of superpixel and Lucas Kanade optical flow 

is suitable for a system that requires less computational complexity with high accuracy. Further work can be 

done in the classification stage, whereby a quantitative data will be generated. The optical flow given by V� and 

V�, which are the respective velocity in x and y direction can be quantitatively data translated via classification 

process. We anticipate there will an improvement in the facial expression accuracy by applying the proposed 

pre-processing technique.   
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