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Abstract: With the rapid growth of smart TV, the necessity for recognizing a viewer has 

increased for various applications that deploy face recognition to provide intelligent services 

and high convenience to viewers. However, the viewers can have various postures, 

illumination, and expression variations on their faces while watching TV, and thereby, the 

performance of face recognition inevitably degrades. In order to handle these problems, 

video-based face recognition has been proposed, instead of a single image-based one. 

However, video-based processing of multiple images is prohibitive in smart TVs as the 

processing power is limited. Therefore, a quality measure-based (QM-based) image selection 

is required that considers both the processing speed and accuracy of face recognition. 

Therefore, we propose a performance enhancement method for face recognition through 

symmetrical fuzzy-based quality assessment. Our research is novel in the following three 

ways as compared to previous works. First, QMs are adaptively selected by comparing 

variance values obtained from candidate QMs within a video sequence, where the higher the 

variance value by a QM, the more meaningful is the QM in terms of a distinction between 

images. Therefore, we can adaptively select meaningful QMs that reflect the primary factors 

influencing the performance of face recognition. Second, a quality score of an image is 

calculated using a fuzzy method based on the inputs of the selected QMs, symmetrical 

membership functions, and rule table considering the characteristics of symmetry. A  

fuzzy-based combination method of image quality has the advantage of being less affected 

by the types of face databases because it does not perform an additional training procedure. 

Third, the accuracy of face recognition is enhanced by fusing the matching scores of the 
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high-quality face images, which are selected based on the quality scores among successive 

face mages. Experimental results showed that the performance of face recognition using the 

proposed method was better than that of conventional methods in terms of accuracy. 

Keywords: video-based face recognition in smart TV; quality measures; symmetrical  

fuzzy-based quality assessment; fusing matching scores 

 

1. Introduction 

With the rapid development of smart TVs, these are being used for various functionalities such as  

TV broadcasting, social network service (SNS), video on demand (VOD), television-commerce  

(T-commerce), and teleconferencing services. Recently, the applications of smart TV have been diversified 

for viewers’ usability, and many commercialized smart TVs are equipped with a camera to provide 

intelligent services and high convenience to viewers [1–3]. In particular, user identification is required for 

some services such as T-commerce and T-banking in a smart TV environment. Considering the 

convenience of the viewers, biometrics can be used to provide user identification. As a typical example 

of biometric techniques, face recognition is a reasonable solution in a smart TV environment because it 

does not require the viewer to come in contact with the special sensor on the TV but can be executed 

only by the camera of the smart TV. Therefore, this can easily facilitate the use of face recognition in 

many applications with high convenience. However, the viewer can have various facial poses, 

illumination, and expression variations while watching TV, and the performance of face recognition is 

inevitably degraded due to these factors. There have been many studies focusing on these problems. 

Two main approaches for face recognition that are robust to illumination changes have been proposed. 

One of them is to represent images with features that are insensitive to illumination changes [4,5]. The 

other approach is to construct a low-dimensional linear subspace for face images by considering different 

lighting conditions [6,7]. Pose variability is usually regarded as the most challenging problem in the field 

of face recognition. There are different algorithms for dealing with the pose variation problem [8]. In 

general, they can be categorized as follows: (1) the approach of extracting invariant features; (2) the 

multiview-based approach; and (3) the approach of using a three-dimensional (3D) range image. The 

approach of extracting invariant features uses some features in a face image that do not change under 

pose variation [9–11]. The multiview-based approach stores a variety of view images in the database to 

handle the pose variation problem or to synthesize new view images from a given image. Recognition is 

then carried out using both the given image and the synthesized images [12–14]. Face recognition from 

3D range images is another approach being vividly studied by researchers. Because the 3D shape of a 

face is not affected by illumination and pose variations, the face recognition approach based on 3D shape 

has evolved as a promising solution for dealing with these variations. 

The above approaches can handle some variations on face but still have drawbacks that restrict their 

application. That is, since some features invariant to one variation can be sensitive to other variations, it 

is difficult to extract features that are completely immune to all kinds of variation. Thus, it is unsafe to 

heavily rely on the selection of invariant features for a particular variation. These limitations of single 

image-based face recognition have motivated the development of video-based face recognition [15,16]. 
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There are some major advantages of video-based face recognition. First, spatial and temporal information 

of faces in a video sequence can be used to improve the performance of single image-based face 

recognition. Second, recent psychophysical and neural researches have shown that dynamic information 

is very important for the human face recognition process [17]. Third, with additional information of 

various poses and face size, we can acquire more effective representations of faces such as a 3D face 

model [18] or super-resolution images [19], which can be used to improve the recognition performance. 

Fourth, video-based face recognition can adopt online learning techniques to update the model over 

time [20]. Even though there are obvious advantages of video-based recognition, there are some 

disadvantages such as the successive face images captured can have the factors of poor video quality, low 

image resolution, and pose, illumination, and expression variations. In spite of all these advantages and 

disadvantages, various kinds of approaches for video-based face recognition have been implemented. 

A simple way to process the faces in a video sequence is to keep and use all the images in the sequence 

for face recognition. However, the use of all images of the video sequence can incur steep computational 

costs and does not guarantee optimal performance. Moreover, parts of these face images in the sequence 

are useless because of motion blur, non-frontal pose, and non-uniform illumination. Therefore, a method 

that chooses the best face images in terms of quality is required for a video sequence. This is based on 

face quality assessment (FQA), and the set of high-quality face images is denoted as Face Log [21]. 

Since the performance of face recognition is affected by multiple factors, the detection of one or two 

quality measures (QMs) is insufficient for FQA. An approach to simultaneously detect multiple QMs is 

the use of a fusion of QMs for FQA. Hsu et al. proposed a framework to fuse individual quality scores 

into an overall score, which is shown to be correlated to the genuine matching score (the matching score 

when an input face image is correctly matched with the enrolled one of the same person) of face 

recognition engine [22]. Many studies adopted a weighted quality fusion approach to combine QMs, and 

these weighted values for fusion were experimentally determined or obtained through training [23–27]. 

In addition, Anantharajah et al. used a neural network to fuse QM scores, where the neural network was 

trained to produce a high score for a high-quality face image [28]. On the other hand, Nasrollahi et al. 

proposed a method that uses a fuzzy combination of QMs instead of a linear combination [21]. A fuzzy 

inference engine was adopted for improving the performance without training, but a few fixed QMs were 

used in this method. In addition, they provided only the accuracy of quality assessment by their method, 

not showing the performance enhancement of face recognition. 

All the previous studies used a few fixed QMs, and their measures are difficult to reflect primary factors 

that influence the performance of face recognition. For example, although some QMs that can assess facial 

pose and illumination variation are selected in a face recognition system, if other factors (such as blurring 

and expression variation) occur in the system, the performance of face recognition degrades. 

Therefore, in this study, QMs are adaptively selected by comparing variance values obtained from 

candidate QMs within a video sequence, where the higher the variance value by a QM, the more 

meaningful is the QM in terms of a distinction between images. Therefore, the selected QMs can reflect 

primary factors that influence the performance, and the fusion of QMs is carried out by a symmetrical 

fuzzy system. Based on the selected high-quality images (Face Log), the performance of the proposed 

method is enhanced by fusing matching scores. 

Table 1 shows a summary of comparisons between methods discussed in previous research and the 

proposed method. 
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Table 1. Comparison of previous and proposed methods. 

Category Method Strength Weakness 

Single image- 

based method 

• Using the features of a single image for face recognition 

[4–14] 

• Less time for image acquisition and 

processing 

• Features invariant to one variation can be 

sensitive to other variations 

Video-based 

method 

Not using 

image selection 

• Using spatial and temporal information 

of faces in a video sequence [18–20] 

• With redundant information, more 

sophisticated representations of faces can be 

reconstructed, which can be applied to 

improve recognition performance 

• Using all images of the video sequence can 

incur steep computational costs and does not 

guarantee optimal performance  

• Parts of face images are useless because of 

motion blur, non-frontal pose, and  

non-uniform illumination 

Selecting Face 

Log based on 

QMs 

Using 

fixed 

QMs 

Training for fusion [22,23,27,28] 
• Optimal performance of face recognition  

can be obtained 

• The performance of face recognition depends 

on the training set; therefore, it is difficult to 

select the training data with wide variations 

No training for fusion [21,24–26] 

• Higher accuracy than the video-based  

method not using image selection and the 

single image-based method 

• The performance improvement is limited 

because the fusion is experimentally or 

empirically determined with fixed QMs 

Adaptive selection of QMs and fusion of 

quality score without training  

(proposed method) 

• QMs can be adaptively selected, and they can 

reflect primary factors that influence 

performance 

• Additional processing time is required for the 

adaptive selection of QMs 
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The remainder of this paper is organized as follows: in Section 2, the proposed method is described. 

Experimental results and conclusions are presented in Sections 3 and 4, respectively. 

2. Proposed Method 

2.1. Overview of Proposed Method 

Figure 1 shows the environment where the proposed face recognition system for smart TVs is applied. 

We used a universal serial bus (USB) camera of visible light (Webcam C600 by Logitech Corp. [29]) 

with an additional fixed (focal) zoom lens (1.75×), and the resolution of the captured image is  

1600 × 1200 pixels with 3 (RGB) bytes per pixel. In our system, the camera has the interface of USB 2.0, 

and its maximum bandwidth is lower than 480 Mb/s. Therefore, the capturing speed of our camera is 

about 10 frames/s due to the limitation of the bandwidth of the USB interface. The Z distance between 

the user and the camera is 2–2.5 m, and the size of the TV screen is 60 inches. 

 

Figure 1. Environment in which the proposed face recognition system for smart TVs is used. 

Figure 2 shows an overview of the proposed method. In the initial enrollment stage, we capture RGB 

color images of the user at a predetermined Z distance of 2 m (Step 1 in Figure 2) [30]. In Step 2, the 

user looks at five points (left-top, right-top, center, left-bottom, and right-bottom) on the TV screen by 

rotating his head. This step facilitates the acquisition of facial features (face texture, eyes, and nostrils) 

in Step 3, where we can obtain not only the information of facial features but also that of face histogram 

features according to the various poses of the head. In the recognition stage, RGB color images are 

captured by the camera (Step 4). In Steps 5 and 6, the face regions of the captured images are detected 

by the adaptive boosting (Adaboost) algorithm [31], and then, the detected face region is tracked using 
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the continuously adaptive mean shift (CamShift) algorithm [32]. In Step 7, the eye regions are detected 

by Adaboost and adaptive template matching (ATM) methods, and sub-block-based template matching 

is performed for nostril detection in Step 8. In addition, our method selects several face images based on 

the QMs and fuzzy-based quality assessment in Step 9. Finally, in Step 10, face recognition is carried 

out by fusing the matching scores of the selected images. 

 

Figure 2. Overall procedure of the proposed method. 

The third step addresses human detection in the combined difference image. After applying size 

filtering and a morphology operation based on the size of the candidate areas, noise is removed. The 

remaining areas are separated by a vertical and horizontal histogram of the detected regions using the 

intensity of the background. Detected regions that may have more than two human areas are merged. 

Therefore, further procedures are performed to separate the candidate regions and to remove noise 

regions. These are based on the information of the size and ratio (of the height to width) of the candidate 

regions considering the camera-viewing angle and perspective projection (see the details in Section 2.4). 

Finally, we obtain the correct human areas. 
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2.2. Face and Facial Feature Detection 

In the proposed method, the five still images are acquired through the initial enrollment stage in order 

to enhance the accuracy of face recognition irrespective of the head poses. In the initial enrollment stage, 

the user is in front of the smart TV at a Z distance of 2 m and then, looks at five points on the TV with 

the head movements. Figure 3 shows the examples of face images in the enrollment stage. The face and 

eye regions of the captured image are detected using the Adaboost method [31]. In addition, the nostril 

area is detected using sub-block-based template matching [30]. Based on these facial features (the face, 

eye, and nostril), we not only save the information of these features to estimate the head pose of the 

image in the recognition stage but also enroll face histogram features according to the head pose to 

identify each user. 

 

Figure 3. Face and facial features obtained in the enrollment stage. 

In the recognition stage, the information of successive images is used for face detection and tracking 

as shown in the Steps 5 and 6 of Figure 2. The face region detected by Adaboost is tracked using the 

CamShift method [30,32]. Even though the Adaboost method has a high detection rate, it is slightly time 

consuming. On the other hand, face tracking using the CamShift method has the advantages of higher 

processing speed and of being more robust to head pose variations. 

The eyes are detected and tracked using Adaboost and ATM, respectively. Furthermore, the nostril 

area is detected using a nostril-detection mask based on sub-block-based template matching, and it is 
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tracked using ATM [30]. With these facial features, we can obtain face images for assessing their quality. 

Figure 4 shows the examples of the detected and tracked face and facial features in the recognition stage. 

 

Figure 4. Face and facial features obtained in the recognition stage (Steps 5 through 8 of 

Figure 2). 

2.3. Assessing the Quality of Face Images 

In order to select high-quality face images, we need to determine a method for their assessment even 

though the quality of a face image is rather subjective. In this study, we assume that a high quality face 

image corresponds to the image’s potential for correct identification. This section describes the methods 

of assessing the quality of face images. Six QMs are used to assess the quality of face images in our 

research. These QMs are as follows: head pose, illumination, sharpness, openness of the eyes, contrast, 

and image resolution. We outline these features in the following subsections: 

2.3.1. Head Pose 

One of the biggest challenges in face recognition is to identify individuals despite variations in the 

head pose. In general, the out-of-plane rotation (rotation in the horizontal or vertical direction) of face 

occurs while face recognition is carried out. Therefore, it is important that the QM for the head pose 

distinguishes between various rotations and assigns a higher score to the image closest to one of enrolled 

images in terms of the head pose. In this study, we estimate the head pose based on the detected eye and 

nostril points [30]. In order to estimate out-of-plane rotation, we utilize changes in distances between 

the two eyes, and those between the eyes and the nostril. Therefore, we calculate the rotation angles in 
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the directions of X (horizontal) and Y (vertical) axes based on the distances between the detected eye 

and nostril points. As described in Steps 2 and 3 of Figure 2, facial feature points and face histogram 

features are obtained according to the head pose, and thereby, the head pose in an image in the 

recognition stage can be measured using the following equation: 

𝑃(𝑡, 𝑎) = √(𝑥𝑚𝑎 − 𝑥𝑡)2 + (𝑦𝑚𝑎 − 𝑦𝑡)2  (1) 

where 𝑃(𝑡, 𝑎) denotes the pose value; 𝑡, the face image number; and 𝑎, the pose number that represents 

one of the five head poses obtained in the enrollment stage. The calculated rotation angles in the 

directions of X and Y axes are 𝑥𝑡 and 𝑦𝑡 with respect to the face image in the recognition stage. 𝑥𝑚𝑎 

and 𝑦𝑚𝑎 are the average rotation angles of all the enrolled users according to head pose 𝑎. Therefore, 

we can obtain the final pose value 𝐹1 of the 𝑡-th image, which is the closest head pose value among the 

five pose values, as follows: 

𝐹1 = 𝑚𝑖𝑛
1≤𝑎≤5

𝑃(𝑡, 𝑎)  
(2) 

2.3.2. Illumination Based on the Symmetrical Characteristics of Left and Right Face Regions 

Variations caused by illumination changes are regarded as another significant challenge in face 

recognition. When a face is evenly lit up, shadows or a saturated area does not appear and uniform 

illumination exists in the entire face region. Based on this hypothesis, we divide the face region into left 

and right regions and then, calculate the difference between average values of each region by using the 

following equation: 

𝐼 =  
1

𝑊 × 𝐻
∑ ∑ |𝐼𝑀𝐺(𝑥, 𝑦)𝑡|

𝑦=𝐻−1

𝑦=0

𝑥=𝑊−1

𝑥=0

  (3) 

𝐹2 =  |𝐼𝐿 – 𝐼𝑅|  (4) (4) 

where 𝐼 denotes the average value of a face region. 𝐼𝑀𝐺(𝑥, 𝑦)𝑡 represents the pixel value at the position 

(𝑥, 𝑦) of the 𝑡 -th image, and 𝑊  and 𝐻  denote the height and width of the image, respectively. 𝐹2 

represents the illumination value based on the difference between the average values of the left and right 

face regions. Based on the symmetrical characteristics of left and right face regions, 𝐹2  inevitably 

becomes small in case of uniform illumination in the entire face region. 

2.3.3. Sharpness 

A user’s head can usually move in front of the camera. Therefore, it is possible that the captured 

image is affected by motion blur, which decreases the quality of the image. Thus, defining a QM for 

sharpness is useful. Blurred images have less sharpness than well-focused images, and they are designed 

to yield a lower score for QM, as shown in the following equation [28]: 

𝐹3 =
∑ ∑ |𝐼𝑀𝐺(𝑥, 𝑦)𝑡 − 𝐿𝑜𝑤𝑃𝑎𝑠𝑠(𝐼𝑀𝐺(𝑥, 𝑦)𝑡)|𝑦=𝐻−1

𝑦=0
𝑥=𝑊−1
𝑥=0

𝑊 × 𝐻
  (5) 

where 𝐼𝑀𝐺(𝑥, 𝑦)𝑡  denotes the pixel value at the position ( 𝑥, 𝑦 ) of the t-th image and 

𝐿𝑜𝑤𝑃𝑎𝑠𝑠(𝐼𝑀𝐺(𝑥, 𝑦)𝑡) represents the result of applying a low-pass filter to 𝐼𝑀𝐺(𝑥, 𝑦)𝑡. By obtaining 
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the difference between 𝐼𝑀𝐺(𝑥, 𝑦)𝑡 and 𝐿𝑜𝑤𝑃𝑎𝑠𝑠(𝐼𝑀𝐺(𝑥, 𝑦)𝑡), 𝐹3 can reflect the amount of mid- and 

high-frequency components of 𝐼𝑀𝐺(𝑥, 𝑦)𝑡. 

2.3.4. Openness of the Eyes 

In this study, we check the openness of the eyes because information related to the eyes is important 

for face recognition. We use p-tile thresholding method to segment the detected eye image into the eye 

and background regions. After obtaining the eye region, we use component labeling to remove noise like 

hair or eyebrows. Finally, the obtained binarized image is projected onto the horizontal axis (𝑥-axis), 

and the histogram of the black pixels is obtained. Figure 5a,b shows the examples of the binarized image 

and the corresponding histogram of open and closed eyes. As shown in Figure 5a, there are more black 

pixels in the mid area of the histogram than in the side areas in the case of an open eye (higher standard 

deviation of the number of black pixels). However, the numbers of black pixels are similar in both the 

mid and side areas in the case of a closed eye, as shown in Figure 5b (lower standard deviation of the 

number of black pixels). 

 

(a) 

 

(b) 

Figure 5. Examples of the binarized image and the corresponding histogram of open and 

closed eyes: (a) open eye; (b) closed eye. 

Based on this characteristic, the standard deviation of the number of black pixels is calculated using 

the following equation: 

𝐹4 =
1

𝑛 − 1
∑(𝑥𝑖 − 𝑥̅)2

𝑛

𝑖=1

  (6) 

where 𝐹4 denotes the openness value calculated using the standard deviation of the number of black 

pixels projected onto the horizontal axis, and 𝑖 and 𝑛 represent the position of a projected pixel and the 

range of the histogram, respectively, as shown in Figure 5a,b. 𝑥𝑖 indicates the number of black pixels at 

the 𝑖-th position, and 𝑥̅ refers to the average of the number of black pixels. As shown in Figure 5a,b, we 

can estimate that 𝐹4 of the open eye can exhibit a high value, whereas 𝐹4 of the closed eye shows a 

low value. 
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2.3.5. Contrast 

Contrast has a considerable influence on the quality of an image in terms of human visual perception 

as well as in an image analysis. A poorly illuminated environment affects the contrast and produces an 

unnatural image. In this study, the contrast value 𝐹5 is calculated using the methods discussed in [28,33] 

as follows: 

𝐹5 =
𝐻𝑞3  −  𝐻𝑞1

𝐼𝑟
  (7) 

where 𝐻𝑞3 and 𝐻𝑞1 represent histogram bins at which the cumulative histogram has a value that is 75% 

and 25% of the maximum value, respectively. 𝐼𝑟 denotes the intensity range of the image. In general, the 

histogram of a high-contrast image has a wider range of intensity than that of a low-contrast image. 

Therefore, 𝐹5 increases in the case of a high-contrast image. 

2.3.6. Image Resolution 

Image resolution is the easiest way to measure image quality. In general, high-resolution face images 

are preferred to low-resolution ones because such images can yield better recognition results. In order to 

reflect this characteristic in the quality assessment, we measure the inter-distance between two detected 

eyes as QM (𝐹6) and assign the highest score to a high-resolution face image. 

2.3.7. Normalization of Features for Quality Assessment 

In order to compare a face image of a person with another face image of the same person in a video 

sequence, it is necessary to assign a quality score to each image. Because the ranges of the six QMs  

(𝐹1–𝐹6) are different from each other, we obtain normalized QMs in the range of 0–1 based on the 

minimum and maximum value of QM. As shown in Sections 2.3.1–2.3.6, a good-quality image shows 

lower values of 𝐹1 and 𝐹2 and higher values of 𝐹3–𝐹6. To make all the values of QMs consistent with 

each other, we ensure that the good-quality image has higher values of 𝐹1  and 𝐹2  throughout the 

normalization procedure. 

2.4. Selecting High Quality Face Images Based on Fuzzy System Using Symmetrical Membership 

Function and Rule Tables Considering the Characteristics of Symmetry 

After obtaining the six QMs (𝐹1–𝐹6), we adaptively select some of them as primary QMs (reflecting 

primary factors) that influence the performance of the recognition. This is because the factors degrading 

the performance of face recognition vary according to the video sequences. For example, in the first 

video sequence, the factors of illumination and pose variations are dominant, whereas those of variations 

in image resolution and sharpness become dominant in the second video sequence. Therefore, the use of 

a fixed number of QMs in all the video sequences cannot cope with these all these factors. 

To overcome these problems, we propose a method in which four QMs are adaptively selected by 

comparing the variance values obtained from the six QMs within a video sequence, where the higher the 

variance value by a QM, the more meaningful is the QM in terms of a distinction between images. 

Therefore, these selected QMs can reflect the primary factors that influence the performance. 
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We use a fuzzy system to combine the values obtained by the four QMs and to obtain the final quality score 

of the image, as shown in Figure 6. Fuzzy systems are widely used in many applications such as edge 

detection [34], image segmentation [35,36] because of its aptitude to deal with nonlinearities and uncertainties. 

For example, Barghout [34] used the fuzzy system for edge detection and recognition. In another example, 

image segmentation problem was dealt with by a nested two-class fuzzy inference system [35]. In [36], he 

proposed the method of image segmentation based on iterative fuzzy-decision making. 

 

Figure 6. Procedure for calculating the final quality score of the input image using a fuzzy system. 

In order to use the fuzzy system, we use Mamdani’s method [37], which is utilized most commonly 

in many applications because of its simple structure of “min-max” operations. In addition, the universe 

of discourse is chosen to be the real number in the range of [0,1] for the input and output membership 

functions. The shape of membership function is often dependent on its applications, and can be 

determined through a heuristic process. 

In this paper, we use symmetric triangular membership functions for the fuzzy system. There are two 

reasons for this. The first is that the triangular membership function is simple to implement and fast for 

computation [38,39]. Another reason is that it is difficult to adopt any particular shape of membership 

function based on a priori information about the distribution of input and output values. This is because 

the selected QMs for the fuzzy system are changeable according to the variance value obtained from 

each QM. 

Therefore, the input membership function is designed according to the input value (QM1–QM4), as 

shown in Figure 7, and henceforth, we will call these QM1–QM4 values as factors 1–4. 



Symmetry 2015, 7 1487 

 

 

 

Figure 7. Symmetrical input membership function (SIMF). 

The larger the values of factors 1–4, the better the quality of the image is. As shown in Figure 7, the 

input values of the fuzzy system are categorized into two types: low (L) and high (H). The output 

membership function of the fuzzy system is designed as shown in Figure 8. Here, the output value (Score 

in Figure 6) can be categorized as low (L), middle (M), and high (H). In general, the membership function 

is designed considering the distributions of input features and output values. Because we can assume 

that the distributions of L and H are similar to each other, we design that the membership functions of L 

and H become symmetrical based on 0.5. In addition, because we can assume the characteristics of left 

part of M distribution based on its mean (0.5) is similar to that of right part, the membership function of 

M is designed to become symmetrical based on its mean (0.5). 

 

Figure 8. Symmetrical output membership function (SOMF). 

As explained earlier, larger values of factors 1–4 represent a higher-quality image. With this 

hypothesis, we can define the relationships between the input (factors 1–4) and output values (scores) 
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based on the fuzzy rules, as shown in Table 2. For example, if the values of all factors are low (L), image 

quality is considered to be low, and we assign the output value to be low (L). In addition, if the values 

of two factors are low (L) and those of the others are high (H), we assign the output value to be middle 

(M). If the values of all the factors are high (H), the image quality is considered to be high and we assign 

the output value to be high (H). 

Because we consider that all the weights to factors 1–4 are similar, the fuzzy rule table of Table 2 is 

designed considering the characteristics of symmetry. That is, if output is L with the factors 1–4 of L, L, 

L, and L, respectively, the output becomes H with the factors 1–4 of H, H, H, and H, respectively. If the 

output is L with the factors 1–4 of L, H, L, and L, respectively, the output becomes H with the factors 

1–4 of H, L, H, and H, respectively. 

Table 2. Designed fuzzy rules of relationships between the input and output values 

considering the characteristics of symmetry. 

Factor 1 Factor 2 Factor 3 Factor 4 Output 

L 

L 

L 
L L 

H L 

H 
L L 

H M 

H 

L 
L L 

H M 

H 
L M 

H H 

H 

L 

L 
L L 

H M 

H 
L M 

H H 

H 

L 
L M 

H H 

H 
L H 

H H 

Based on the fuzzy membership functions and the fuzzy rules considering the characteristics of 

symmetry, we can obtain the output (score). Using the input membership function, one input value of a 

factor corresponds to two output values, as shown in Figure 9. Since there are four input values  

(factors 1–4), a total of eight output values can be obtained. For example, we can obtain a pair of two 

output values (0.2 (L) and 0.8 (H)) that are produced from factor 1 (0.8), as shown in Figure 9. Similarly, 

if we assume that the value of factors 2–4 is 0.8, same as that of factor 1, we can obtain the following 

four pairs of two output values: {(0.2 (L), 0.8 (H)), (0.2 (L), 0.8 (H)), (0.2 (L), 0.8 (H)), (0.2 (L), 0.8 

(H))} from factors 1–4. From these four pairs, the following sixteen combination pairs of the output 

values are then obtained: {(0.2 (L), 0.2 (L), 0.2 (L), 0.2 (L)), (0.2 (L), 0.2 (L), 0.2 (L), 0.8 (H)), (0.2 (L), 

0.2 (L), 0.8 (H), 0.2 (L)), ···, (0.8 (H), 0.8 (H), 0.8 (H), 0.8 (H))}. With one subset, one output value  

(0.2 or 0.8) and its symbol (L, M, or H) are determined based on the MIN or MAX method and the fuzzy 

rules presented in Table 2 [40]. MIN method selects one minimum output value among all values 

whereas MAX method selects one maximum output value among all values. 
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For example, we can determine the output value to be 0.8 based on the MAX method with one subset 

(0.2 (L), 0.2 (L), 0.2 (L), 0.8 (H)). Furthermore, its symbol can be determined as L using Table 2 (where 

factors 1–4 are L, L, L, and H, respectively, and the output is L, as shown in Table 2). 

 

Figure 9. Obtaining two output values from one input factor using the input membership function. 

Accordingly, we obtain 0.8 (L) from (0.2 (L), 0.2 (L), 0.2 (L), 0.8 (H)). We label the value (0.8 (L)) 

as the inference value (IV) in this paper. If the MIN method is applied, the obtained IV is 0.2 (L). 

Consequently, sixteen types of IVs are determined (from the sixteen combination pairs of the output 

values {(0.2 (L), 0.2 (L), 0.2 (L), 0.2 (L)), (0.2 (L), 0.2 (L), 0.2 (L), 0.8 (H)), (0.2 (L), 0.2 (L), 0.8 (H), 

0.2 (L)), ···, (0.8 (H), 0.8 (H), 0.8 (H), 0.8 (H))} based on the MIN or MAX methods and the fuzzy rules 

presented in Table 2. 

Based on these sixteen IVs, we can obtain the final score using a defuzzification step. Figure 10 shows 

an example of defuzzification on the basis of the membership function for the output value (score) and 

the IVs. With each IV, we can obtain either one or two outputs (scores), as shown in Figure 10. If the IV 

is 0.2 (L), its corresponding output is S1. Thus, multiple outputs (S1, S2, ···, SN) are obtained from the 

16 IVs, and thereby, we can determine the final output score based on the defuzzification method [41]. 

Five defuzzification methods such as the first of maxima (FOM), last of maxima (LOM), middle of 

maxima (MOM), mean of maxima (MeOM), and center of gravity (COG) can be considered [41]. The 

FOM chooses the first output (S2) among the outputs calculated using the maximum IV (0.8 (M)) as the 

output (score). The LOM chooses the last output (S3) among the outputs calculated using the maximum 

IV (0.8 (M)) as the output (score). The MOM chooses the middle output ((S2 + S3)/2) among the outputs 

using the maximum IV (0.8 (M)) as the output (score). Finally, the MeOM chooses the mean output  

((S2 + S3)/2) among the outputs by using the maximum IV (0.8 (M)) as the output (score) [41]. The 

output (score) of the COG is determined as S5, as shown in Figure 10b, from the geometrical center  

(G in Figure 10b) of the union area of three regions (R1, R2, and R3). In our research, we calculate the 

center based on the weighted average of all the regions defined by all the IVs. 
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(a) 

 

(b) 

Figure 10. Obtaining the final output (score) by a defuzzification method: (a) first of maxima 

(FOM), last of maxima (LOM), middle of maxima (MOM), and mean of maxima (MeOM); 

(b) center of gravity (COG). 

Using the output scores (Score1, Score2, ···, Scoren shown in Figure 6), we can construct a Face Log 

(face images of higher quality) for face recognition. Here, the score is stored for each face region of an 

observed person in a video sequence with n images, and we choose 𝑚 face images by our method to 

build the Face Log in the order of the quality score. Figure 11 shows an example of a video sequence 
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and the finally selected face images in the Face Log. The quality score of Figure 11b implies Scorei of 

the 𝑖-th image of Figure 6. 

 

(a) 

 

(b) 

 

(c) 

Figure 11. Example of a video sequence and the selected face images in Face Log: (a) all 

the 𝑛 images in a video sequence; (b) quality score curve of the video sequence; (c) selected 

𝑚 images in Face Log. 
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2.5. Face Recognition 

The selected 𝑚 face images in the Face Log are used for face recognition. After obtaining the selected 

face image, the face region is redefined based on the positions of the detected and tracked eyes to 

normalize the size of the face region. This is because there can be variable sizes of the face regions 

depending on the Z distance between the camera and user’s face. In addition, there can be illumination 

variations in the face region while a user is watching TV. In order to solve this problem, retinex filtering 

is performed for illumination normalization [42]. Using the face image after performing illumination 

normalization, features for face recognition are extracted. 

Many techniques for extracting features for face recognition have been proposed in previous studies, 

such as principal component analysis (PCA) [43], linear discriminant analysis (LDA) [11], and local 

binary pattern (LBP) [44]. In our research, the normalized face image is used for extracting features 

based on multi-level binary pattern (MLBP) [45,46]. Figure 12 illustrates the concept of MLBP feature 

extraction technique. 

 

Figure 12. Extracting histogram features based on multi-level binary pattern (MLBP) at two 

levels: (a) a face image divided into sub-blocks; (b) sub-block regions; (c) histogram of 

(b) obtained by local binary pattern (LBP); (d) final histogram feature obtained by the 

histogram of (c). 

The face region is divided into sub-blocks, and the LBP histograms from each block are obtained as 

shown in Figure 12c. The final histogram feature is concatenated from the blocks of all histograms in 

order to form the final feature vector for face recognition, as shown in Figure 12d. 

In this paper, we use the chi-squared distance (matching score) to measure dissimilarities between the 

enrolled face histogram features and face histogram feature from the input image [40]. In order to deal 

with pose variations (horizontal and vertical rotation), the face histogram feature of the input image is 

matched with the five enrolled face histogram features (which are obtained in the enrollment stage of 

Figure 2), and then, the matching score is determined as the smallest value among the five. 
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Furthermore, we fuse the obtained matching scores of the selected face images in the Face Log as the 

final matching score. The weight values for the matching scores of a viewer are determined using 

Equation (8). 

𝑤𝑖 =
𝑆𝑐𝑜𝑟𝑒𝑖

𝑆𝑐𝑜𝑟𝑒1 + ⋯ + 𝑆𝑐𝑜𝑟𝑒𝑚
  (8) 

where 𝑤𝑖 denotes the 𝑖-th weight value for the matching score of an image in the Face Log, m represents 

the number of face images in Face Log, and 𝑆𝑐𝑜𝑟𝑒𝑖  indicates the 𝑖-th quality score obtained from 

Figure 6 within Face Log. 

The final matching score of face recognition is calculated using the weight values of the selected face 

images, as shown in Equation (9). Using the matching scores (𝑀𝑆1, ⋯ , 𝑀𝑆𝑚) obtained by MLBP and 

their weight values (𝑤1, ⋯ , 𝑤𝑚) of face images in the Face Log, we obtain the fused matching score 

(𝐹𝑀𝑆) by using Equation (9). Based on the smallest FMS, our system selects the genuine person in the 

enrolled data (the enrolled face image of the same person to the person of input image) corresponding 

to that of the input image. 

𝐹𝑀𝑆 = 𝑤1 × 𝑀𝑆1 + ⋯ + 𝑤𝑚 × 𝑀𝑆𝑚  (9) 

3. Experimental Results and Analyses 

The proposed method for face recognition was tested on a desktop computer with an Intel Core™ I7 

3.5-GHz CPU and 8-GB RAM. The algorithm was developed using Microsoft Foundation Class  

(MFC)-based C++ programming and the Direct X9.0 software development kit (SDK). 

Although there are a lot of face databases such as FEI [47], PAL [48], AR [49], JAFFE [50],  

YouTube Faces [51], Honda/UCSD video database [52], and IIT-NRC facial video database [53], most 

of them do not include all the factors such as the variations of head pose, illumination, sharpness, 

openness of eyes, contrast, and image resolutions in the video sequences of the database. Therefore, we 

constructed our own database (Database I), which includes all of these factors in the video sequences for 

the experiments. 

When constructing our database, we defined 20 groups based on 20 people who participated in the 

test. The three people in each group carried out three trials using the proposed system by varying the 

Z distance (2, 2.5 m) and the sitting positions (left, middle, and right). Participants randomly and 

naturally looked at any point on the TV screen with their eyes blinking as if they were watching TV. 

During this period, successive images were acquired. The database contained a total of 31,234 images 

for measuring the performance of the proposed method. In addition, an additional five images per person 

in each group were obtained at the distance Z of 2 m at the enrollment stage. Figure 13 shows the 

examples of images captured for the experiments. 

This database contains the variations in head pose, illumination, sharpness, and openness of the eyes, 

as shown in Figure 14. It is observed that the head pose is the most influential quality measure to 

construct the Face Log, whereas image resolution has no influence as a QM because participants have 

few Z-distance variations. In Figure 14, the bar in the first (row) denotes the number of selected QMs as 

the first order. Similarly, the bar in the fourth (row) denotes the number of selected QMs as the fourth 

order. The vertical axis of Figure 14 shows the number of selected QMs. 
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Figure 13. Captured images for the experiments. 

 

Figure 14. Results of adaptively selected quality measures. 

In the first experiment, we measured the accuracy of the face recognition method based on genuine 

acceptance rate (GAR) where we set the number of enrolled persons to three. As explained in  

Section 2.4, either the MIN or MAX method can be chosen for obtaining the IV. Further, the final output 

score can be obtained by using one of the five defuzzification methods (FOM, LOM, MOM, MeOM, or 

COG). Therefore, we compared the accuracies of face recognition using the MIN or MAX methods and 
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compared them according to the defuzzification method, as shown in Table 3. Here, the number of face 

images in a video sequence is 10; we also measured the accuracies of face recognition by changing the 

number of selected images in the Face Log. In Table 3, no fusion means all the matching scores 

(𝑀𝑆1, ⋯ , 𝑀𝑆𝑚)  of Equation (9) are used for calculating the GAR not using the fusion method of 

Equation (8). Fusion of Table 3 means our method, and therefore, the FMS of Equation (9) is used for 

calculating GAR. 

Experimental results showed that the methods based on MIN and COG generally show higher face 

recognition accuracies than the other methods. The best accuracy (92.94%) was obtained with the Fuzzy 

MIN rule and COG in the case of fusing five selected images. 

Table 3. Comparison of face recognition accuracies using the MIN or MAX methods 

according to the defuzzification method (unit: %). 

Method 

Number of Selected m Images 

1 2 3 4 5 

No 

Fusion 

No 

Fusion 
Fusion 

No 

Fusion 
Fusion 

No 

Fusion 
Fusion 

No 

Fusion 
Fusion 

Fuzzy MIN 

rule 

FOM 92.05 89.74 91.95 91.35 92.3 91.36 92.42 91.32 92.44 

LOM 91.61 91.05 91.78 91.3 91.95 91.28 92.17 91.33 92.23 

MOM 92.29 91.35 91.88 91.43 92.05 91.45 92.38 91.45 92.45 

MeOM 92.23 91.54 92.29 91.53 92.63 91.48 92.92 91.41 92.82 

COG 92.27 91.61 92.42 91.63 92.73 91.63 92.89 91.58 92.94 

Fuzzy MAX 

rule 

FOM 92.12 91.49 91.74 91.49 91.98 91.46 92.1 91.45 92.16 

LOM 92.31 91.38 91.9 91.41 92.18 91.36 92.2 91.36 92.46 

MOM 91.77 91.31 92.01 91.53 92.43 91.46 92.4 91.43 92.42 

MeOM 92.43 91.47 92.09 91.52 92.68 91.51 92.72 91.47 92.72 

COG 92.37 91.4 92.33 91.58 92.77 91.42 92.72 91.54 92.86 

In the next experiment, we performed the additional experiments for measuring the accuracies of face 

recognition in terms of GAR according to the number of QMs as shown in Table 4. Since we use the 

fuzzy system to combine the values obtained by the selected QMs and to obtain the final quality score 

of the image, the number of QMs should be at least two. Therefore, we compared the accuracies of face 

recognition according to the number of QMs and defuzzification method. Experimental results showed 

that the greater the number of QMs, the higher the accuracy of face recognition becomes. 

In the third experiment, in order to show the accuracy changes of face recognition according to the 

membership function, the accuracy of symmetric input and output membership functions (SIMF and 

SOMF (Figures 7 and 8)) is compared with asymmetric ones (Figure 15). Here, asymmetric input 

membership functions (AsIMF 1 and 2) are defined based on each cutoff point at input value, 

respectively, as shown in Figure 15a,b. Similarly, asymmetric output membership functions (AsOMF 1 

and 2) are defined based on each cutoff point at output value, respectively, as shown in Figure 15c,d. 
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Table 4. Comparison of the accuracies of the proposed method according to the number of 

quality measures (QMs) (unit: %). 

Method 
Number of QMs 

2 3 4 

Fuzzy MIN rule 

FOM 92.14 92.22 92.44 

LOM 92.05 92.17 92.23 

MOM 91.95 92.10 92.45 

MeOM 92.10 92.25 92.82 

COG 92.58 92.84 92.94 

Fuzzy MAX rule 

FOM 91.40 92.02 92.16 

LOM 92.14 92.35 92.46 

MOM 92.20 92.63 92.42 

MeOM 92.31 92.74 92.72 

COG 92.16 92.86 92.86 

 

(a) 

 

(b) 

Figure 15. Cont. 



Symmetry 2015, 7 1497 

 

 

 

(c) 

 

(d) 

Figure 15. Asymmetrical triangular membership functions: (a) asymmetric input 

membership function (AsIMF) 1; (b) AsIMF 2; (c) AsOMF 1; (d) AsOMF 2. 

Table 5 shows the accuracies of face recognition according to the membership function and 

defuzzification method. It is observed that the accuracy of symmetric membership functions is slightly 

higher but very similar to that of the others (based on asymmetric membership function). On the basis of 

these results, it can be shown that the symmetric triangular shape for the membership function is more 

considerable than others in terms of not only accuracy but also implementation (explained in Section 2.4). 

In the next experiment, as shown in Table 6, we measured the accuracies of face recognition according 

to the number of face images in a video sequence in terms of GAR. In Table 6, fusion means our method, 

and therefore, the FMS of Equation (9) is used for calculating GAR. It is observed that the accuracy of 

face recognition improves with an increase in the number of face images. 
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Table 5. Comparison of the accuracies of the proposed method according to the shape of the 

membership function (unit: %). 

Method 

Membership Function 

SIMF and SOMF 

(Figures 7 and 8) 

AsIMF 1 and 

SOMF (Figures 15a 

and 8) 

AsIMF 2 and 

SOMF (Figures 15b 

and 8) 

SIMF and AsOMF 

1 (Figures 7  

and 15c) 

SIMF and AsOMF 

2 (Figures 7  

and 15d) 

Fuzzy 

MIN rule 

FOM 92.44 92.55 92.31 92.27 92.44 

LOM 92.23 92.53 92.56 92.56 92.74 

MOM 92.45 92.39 92.23 92.42 92.59 

MeOM 92.82 92.47 92.44 92.49 92.67 

COG 92.94 92.71 92.51 92.60 92.88 

Fuzzy 

MAX 

rule 

FOM 92.16 92.07 92.33 92.17 92.37 

LOM 92.46 92.68 92.44 92.59 92.87 

MOM 92.42 92.65 92.56 92.44 92.71 

MeOM 92.72 92.58 92.47 92.59 92.60 

COG 92.86 92.75 92.45 92.45 92.84 

Table 6. Comparison of the accuracies of the proposed method according to the number of 

face images in a video sequence (unit: %). 

Number of Selected m Images 
Number (n) of Face Images in a Video Sequence 

10 15 20 25 

Fusion 

2 92.42 93.12 93.63 93.92 

3 92.73 93.59 93.89 94.33 

4 92.89 93.57 94.06 94.59 

5 92.94 93.72 94.18 94.71 

In addition, the accuracy of the proposed method was compared with a fixed quality measure-based 

approach [21]. Using the results from Figure 14, we selected four influencing QMs (head pose, 

illumination, sharpness, and openness of eyes) for a fixed quality measure-based approach. In this 

experiment, 𝑛 and 𝑚 are set to 25 and 5, respectively. As described in Section 2.4, since the fixed quality 

measure-based approach cannot assess other quality measures that affect the accuracy of face 

recognition, its accuracy is lower than that of the proposed method. Furthermore, we compared the 

accuracy of a previous method that uses all images in a video sequence [40], and the accuracy of fixed 

quality measure-based approach [21] to the accuracy of our method, the results of which are shown in 

Table 7. Experimental results showed that the proposed method has a higher face recognition accuracy 

than the other methods. 

Table 7. Comparison of the accuracy of the proposed method with that of the other methods 

(unit: %).  

Method 
Using all Images in a Video 

Sequence [46] 

Fixed Quality Measures-Based 

Approach [21] 

Adaptive Quality Measure-Based 

Approach (Proposed Method) 

Accuracy 89.74 93.09 94.71 
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In Figures 16 and 17, we show the face images of correctly recognized results. As shown in  

Figure 16a,b, although there exist the images where hand occludes a part of face, face area is not correctly 

detected, or eyes are closed, our method can exclude these bad-quality images. On the basis of these 

results, we can confirm that good-quality images are correctly selected by our method and that they are 

correctly matched with the enrolled face image of the same person. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 16. Example of correctly recognized results: (a) a sequences of 25 images; 

(b) selected five images; (c) enrolled face images (gazing at five positions of TV); 

(d) correctly matched face image among face images of enrolled persons. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 17. Example of correctly recognized results: (a) a sequences of 25 images;  

(b) selected five images; (c) enrolled face images (gazing at five positions of TV);  

(d) correctly matched face image among face images of enrolled persons. 

In Figures 18 and 19, we show the face images of incorrectly recognized results. As shown in these 

Figures, although there exist the images where eyes are closed, our method can exclude these bad-quality 

images, and the face images of good quality are correctly selected. However, they are incorrectly 

matched with other person’s enrolled face image. This is because there exists a size difference between 

the face areas of enrolled image and input one due to the incorrect detection of face and eye region 

(Steps 6 and 7 of Figure 2), which leads to misrecognition. These can be solved by increasing the 
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accuracy of re-definition of face area based on more accurate detection algorithm. Because our research 

is not focused on accurate detection, but focused on correctly selecting the face images of good quality, 

this research of accurate detection would be studied as a future work. 

We used the images which were acquired while each user naturally watches TV as shown in  

Figure 3 for our experiments. In case of the severe rotation of head as shown in Figure 20, the face and 

facial features are difficult to be detected. In addition, because these cases do not happen when a user 

looks at a TV normally, we did not use these images for our experiments. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 18. Example of incorrectly recognized results: (a) a sequences of 25 images;  

(b) selected five images; (c) enrolled face images (gazing at five positions of TV);  

(d) incorrectly matched face image among face images of enrolled persons. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 19. Example of incorrectly recognized results: (a) a sequences of 25 images;  

(b) selected five images; (c) enrolled face images (gazing at five positions of TV);  

(d) incorrectly matched face image among face images of enrolled persons. 

 

(a) 

Figure 20. Cont. 
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(b) 

Figure 20. Examples of severe rotation of head: (a) Images captured by our system;  

(b) images from CAS-PEAL-R1 database [54,55]. 

When a user looks at a TV normally, the primary factors for determining degree of head pose change 

are the size of the TV and viewing distance between the user and TV. The relationship between the TV 

size and optimal viewing distance is already defined in [56]. That is, the larger the TV size is, the farther 

the optimal viewing distance should be. Moreover, the smaller the TV size is, the nearer the optimal 

viewing distance should be. 

Based on this [56], we show the three cases, (a) when users are watching TV of 50 inches at the 

viewing distance of about 2 m; (b) when users are watching TV of 60 inches at the viewing distance of 

about 2.4 m; and (c) when users are watching TV of 70 inches at the viewing distance of about 2.8 m as 

shown in Figure 21a–c, respectively. As shown in the upper images of Figure 21a–c, the degrees of head 

pose change are almost similar all in these cases when each user gazes at the same (lower-left) position 

on the TV although the image resolution of each user decreases according to the increase of the viewing 

distance. As shown in the lower images of Figure 21a–c, the correct regions of face and facial features 

are detected by our method, and our method of measuring the quality of face image is also working 

successfully, which shows that the performance of our method is not affected by using the smaller or 

larger sized TV if considering the optimal viewing distance. 

The degree of head pose change is different according to the Z distance even though the user looks at 

the same location on the TV screen of same size as shown in Figure 22a–c. When a user is at a nearer 

distance from TV (in the case of Figure 22a), the degree of head pose change becomes larger than that 

of the case of Figure 22c. On the other hand, when the user is at a farther distance (in the case of 

Figure 22c), the degree of head pose change becomes smaller than that of the case of Figure 22a although 

the image resolution of the user of Figure 22c decreases. 

As shown in the right-lower images of Figure 22a–c, the correct regions of face and facial features 

are detected by our method, and our method of measuring the quality of face image is also working 

successfully, which shows that the performance of our method is not affected by the farther or nearer 

distance between the user and TV. 

In addition, we performed the experiments with additional open database. By using open database, 

the CAS-PEAL-R1 database [54,55], we could increase the number of subjects and show the fidelity of 

the proposed method irrespective of the kind of database. The CAS-PEAL-R1 database contains  

30,863 images of 1040 subjects (595 males and 445 females). In the CAS-PEAL-R1 database, most 

images (21 poses × 1040 individuals) with pose variations were acquired according to the different 

camera position. 
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(a) 

 

(b) 

Figure 21. Cont. 
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(c) 

Figure 21. Examples of head pose change according to the size of the TV with the optimal 

viewing distance. In (a)–(c), the upper and lower figures represent the original images and 

result ones including the detected regions of face and facial features, respectively: (a) when 

users are watching TV of 50 inches at the viewing distance of about 2 m; (b) when users are 

watching TV of 60 inches at the viewing distance of about 2.4 m; (c) when users are watching 

TV of 70 inches at the viewing distance of about 2.8 m.  

 

(a) 

Figure 22. Cont. 
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(b) 

 

(c) 

Figure 22. Examples of head pose change according to the Z distance with the TV of  

60 inches: (a) 1.5 m; (b) 2 m; (c) 2.5 m. 

However, we do not cover high degree of rotation for our experiment because severe rotation of head 

does not happen when a user looks at a TV normally. Therefore, we used only nine images for each 

subject under different poses as shown in Figure 23a. In addition, each subject has the images under at 

least six illumination changes, those with six different expressions, and those with different image 

resolutions within the face region as shown in Figure 23b–d, respectively. 

Consequently, a total of 2410 images (Database II) from 100 subjects were used for our experiments 

because the remainder images from 940 subjects contain few of variations. The image resolution is  

360 × 480 pixels. 
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(a) 

 

(b) 

Figure 23. Cont. 
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(c) 

 

(d) 

Figure 23. Examples of one subject with different variations in Database II: (a) pose 

variation; (b) illumination variation; (c) expression variation; (d) image resolution variation. 

Experimental results showed that the Database II includes variations in head pose, contrast, and 

illumination as shown in Figure 24. It is observed that the illumination is the most influential QM to 

construct the Face Log, whereas image resolution and openness of eyes have no influence as a QM. That 

is because the number of images where the Z distance variations of users occur is small among the whole 

images of Database II. In addition, the number of images where participants close their eyes is small 

among the whole Database II. 

As the next experiment, we measured the accuracy of the face recognition method based on GAR 

where we set the number of enrolled persons to three. Using the results from Figure 24, the accuracy of 

the proposed method was compared with a fixed quality measure-based approach [21]. Here, we selected 

three influencing QMs (illumination, contrast, and head pose) for a fixed quality measure-based 

approach. In addition, we compared the accuracy of a previous method that uses all still images [46], 

and the accuracy of fixed quality measure-based approach [21] to the accuracy of our method as shown 

in Table 8. Experimental results showed that the accuracy of the proposed method is higher than those 

of other methods, and its accuracy is similar to that of Table 7 using our own database. From that, we 

can confirm that the accuracy of our method is less affected by the kinds of database and the number of 

participants in database. 
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Figure 24. Results of adaptively selected QMs with Database II. 

Table 8. Comparison of the accuracy of the proposed method with that of the other methods 

with Database II (unit: %).  

Method 
Using all Images in a 

Video Sequence [46] 

Fixed Quality Measures-Based 

Approach [21] 

Adaptive Quality Measure-Based 

Approach (Proposed Method) 

Accuracy 79.2 95.72 97.67 

Because we consider the TV watching environment in doors, the case that user’s face is so dark that 

the facial features cannot be discriminative does not occur in our experiments. However, we consider 

the cases that shadows exist on both sides of face or in the entire face to a degree as shown in  

Figure 25b,d. Each number below Figure 25a–d represents the QM value (𝐹2  of Equation (4)) of 

illumination. As shown in Figure 25, the 𝐹2 of the case without shadows (Figure 25(a)) is higher than 

those of the case of shadows on both sides of face (Figure 25b) or in the entire face (Figure 25d).  

In addition, the 𝐹2 of Figure 25a is higher than that of the case of shadows in the right side of face  

(Figure 25c). The reason why the 𝐹2 of Figure 25a is higher than those of Figures 25b,d is that it is 

difficult that the shadows are uniform on the both sides of the face due to the 3 dimensional shape of 

face even if shadows on both sides of face or in the entire face. Therefore, the 𝐹2 (based on the difference 

between the average values of left and right sides of the face) becomes larger than that without shadow 

of Figure 25a. 

From these results, we can find that our QM of illumination (𝐹2 of Equation (4)) can produce the 

correct quality value with the face images including the shadows on both sides of face or in the entire 

face to a degree. 
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(a) (b) (c) (d) 

Figure 25. Examples of the 𝐹2  value according to the illumination condition with 

Database II: (a) uniform illumination; (b) shadows on both sides of face; (c) shadows on 

right side of the face; (d) shadows in the entire face. 

Generally, an image of higher resolution is regarded as containing more information than that of lower 

resolution. Likewise, the face images of high-resolution are preferred to those of low-resolution in terms 

of recognition. This is because the face images of high-resolution can yield better recognition results. 

As shown in Figures 22 and 26, the nearer the Z distance between a user and TV is, the larger the size 

of face box becomes, which increases the inter-distance between two detected eyes and the image 

resolution (width and height) of face region. Therefore, the inter-distance between two detected eyes has 

almost proportional relationship with the image resolution. Based on these characteristics, we measure 

the distance between two detected eyes as QM (𝐹6) (explained in Section 2.3.6) and assign the higher 

score to the face image of higher resolution. 

The accurate detection of eye regions has influence on the performance of three QMs (head pose  

(𝐹1  explained in Section 2.3.1), openness of the eyes (𝐹4  explained in Section 2.3.4), and image 

resolution (𝐹6 explained in Section 2.3.6)). In addition, the performance of QM (𝐹1) is also affected by 

the accuracy of nose detection. 

 

(a) 

Figure 26. Cont.  
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(b) 

Figure 26. Relationship between the inter-distance between two eyes and image resolution 

of face region: (a) examples from our own database; (b) examples from database II. 

As the next experiments, we measured the accuracies of face, eye and nostril detection. For this, we 

manually depicted bounding boxes on the face (eye or nostril) areas in the images as ground truth regions. 

The detection results were evaluated using the Pascal overlap criterion [57]. In order to judge true/false 

positives, we measured the overlap of the detected and ground truth boxes. If the area of overlap (𝐴𝑂) 

between the detected box (𝐵𝐷) and ground truth box (𝐵𝐺𝑇) of Figure 27 exceeds 0.5 using Equation (10), 

we count the result as a correct detection. 

𝐴𝑂 =
area(𝐵𝐷 ∩ 𝐵𝐺𝑇)

area(𝐵𝐷 ∪ 𝐵𝐺𝑇)
  (10) 

where BD ∩ BGT denotes the intersection of the detected and ground truth boxes and BD ∪ BGT is their 

union [57]. 

 

Figure 27. Overlapped area of ground truth and detected boxes. 
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Based on the Equation (10), we can count the number of true positive and false positive detection 

cases. Here, true positive means that the faces (eyes or nostrils) are correctly detected as faces (eyes or 

nostrils), and false positive is the case where non-faces (non-eyes or non-nostrils) are incorrectly detected 

as faces (eyes or nostrils). Consequently, the accuracies of face, eye and nostril detection are measured 

using the following Equations (11) and (12) [58], 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑁𝑡𝑝

𝑀
  (11) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑁𝑡𝑝

𝑁𝑡𝑝 + 𝑁𝑓𝑝
  (12) 

where 𝑀 is the number of faces (eyes or nostrils), 𝑁𝑡𝑝 is the number of true positives, and 𝑁𝑓𝑝 is the 

number of false positives. As shown in Equations (11) and (12), the maximum and minimum values of 

the recall and precision are 1 and 0, respectively. The higher values of the recall and precision represent 

a higher accuracy of the detection of face (eye or nostril). 

Experimental results showed that the recall and precision of face detection were 99.5% and 100%, 

respectively. In addition, with the images where face regions were successfully detected, the recall and 

precision of eye detection were 99.73% and 100%, respectively, and those of nostril detection were 

99.67% and 100%, respectively. 

In general, the optimization of the quality metrics can be performed by principal component analysis 

(PCA), linear discriminant analysis (LDA), or neural network, etc. However, most of these methods 

require the additional training procedure with training data, which makes the performance of system be 

affected by the kinds of training data. In order to solve this problem, we obtain the optimal weight 

(quality score) of the face image by using the schemes of adaptive QM selection and fuzzy system as 

shown in Figure 6. Because these schemes do not require the additional (time-consuming) training procedure, 

the performance of our method is less affected by the kinds of database, which was experimentally proved 

with two databases (our own database and Database II) as shown in Tables 5 and 6. 

As shown in Figure 28, we show the correlation of the matching score (similarity) by face recognition 

and quality score. In both the matching score and quality score, the higher values represent the higher 

matching similarity and better quality, respectively. With the 25 face images of Figure 28a, we show the 

graph of correlation between the quality scores (which are obtained by our method of Figure 6) and the 

matching scores (by our face recognition method of multi-level binary pattern (MLBP) of Figure 12) as 

shown in Figure 28b. The values of the quality score and matching score are respectively normalized so 

as to be represented in the range from 0 to 1. Figure 28b shows that these two scores are much correlated. 

In addition, we calculate the correlation value between the quality scores and matching scores. The 

calculated correlation value is about 0.87. The correlation value ranges from −1 to 1. 1 and −1 mean the 

positive and negative correlation cases, respectively. 0 represents the uncorrelated case [59,60]. Based 

on the correlation value, we can find that the quality scores are much correlated to the matching scores 

by face recognition, and the higher quality score corresponds to the good face recognition. The reason 

why there are no error bars in Figure 28b is that this figure shows one example where the correlation 

coefficient between quality scores and matching scores is obtained from the data of a single 

human individual. 
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(a) 

 

(b) 

Figure 28. Example of a video sequence and correlation between the matching score by face 

recognition and quality score: (a) all the 25 images in a video sequence; (b) the graph of 

correlation between the quality scores and matching scores. 

Although the weighted quality fusion approach can be considered as an alternative, this approach 

usually requires the weight values for fusion. The weight values can be determined by the experience of 

developer, but it cannot guarantee the optimal weight values to be determined irrespective of the variety 

of input data. To solve this problem, the weight values should be obtained through the time-consuming 

training procedure, which makes the performance of system be affected by the kinds of training data. 

However, our fuzzy-based fusion approach of image quality has the advantage of being less affected by 

the types of face databases because it does not perform an additional training procedure, which was 

experimentally proved with two databases (our own database and Database II) as shown in Tables 7 and 

8. This is the reason why we choose fuzzy approach over weighted quality metrics. 

In general, the quality metrics which should have higher weights can be changed according to the 

kinds of database. As shown in Figure 14, the quality metrics of head pose (𝐹1 of Equation (2)) and 

openness of eye (𝐹4 of Equation (6)) are more dominant than others because the variations of head pose 
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and eye openness/closure are frequent in our database. However, Figure 24 shows that the quality metrics 

of illumination (𝐹2  of Equation (4)) and contrast (𝐹5  of Equation (7)) are more dominant than others 

because the variations of illumination and contrast are frequent in Database II. Therefore, the quality 

metrics which should have higher weights can be changed according to the kinds of database, and our method 

(based on adaptive QM selection and fuzzy-based fusion as shown in Figure 6) can select the optimal quality 

metrics and quality score considering the variety of database. In addition, this was experimentally proved 

with two databases (our own database and Database II) as shown in Tables 7 and 8. 

4. Conclusions 

In this paper, we proposed a new performance enhancement method of face recognition by the 

adaptive selection of face images through symmetrical fuzzy-based quality assessment. To select  

high-quality face images from a video sequence, we measured the qualities of face images on the basis 

of four QMs that were adaptively selected by comparing the variations of each of the six QMs. These 

QMs were combined using a fuzzy system (based on symmetrical membership function and rule table 

considering the characteristics of symmetry) into one quality score for the face image. After obtaining 

the quality score of the face image, high-quality images from the Face Log were selected in the order of 

the quality score of each image. The performance of face recognition was enhanced by fusing the 

matching scores of the high-quality face images. 

Experimental results show that the proposed method outperforms the other methods in terms of 

accuracy. Misrecognition errors are caused by a size difference between the face areas of enrolled image 

and input one due to the incorrect detection of face and eye region. These can be solved by increasing 

the accuracy of re-definition of face area based on more accurate detection algorithm. Because our 

research is not focused on accurate detection, but focused on correctly selecting the face images of good 

quality, research in accurate detection could be studied as a future work. 
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