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Abstract— There are still many challenging problems in facial gender recognition which is 

mainly due to the complex variances of face appearance. Although there has been tremendous 

research effort to develop robust gender recognition over the past decade, none has explicitly 

exploited the domain knowledge about the appearance difference between male and female. 

Moustache contributes substantially to the facial appearance difference between male and female 

and could be a good feature to be incorporated into facial gender recognition. Little work on 

moustache segmentation has been reported in the literature. In this paper, a novel real-time 

moustache detection method is proposed which combines face feature extraction, image 

decolorization and texture detection. Image decolorization, which converts a color image to 

grayscale, aims to enhance the color contrast while preserving the grayscale. On the other hand, 

moustache appearance is normally grayscale surrounded by the skin color face tissue. Hence, it is 

a fast and efficient way to segment the moustache by using the decolorization technology. In 

order to make the algorithm robust to the variances of illumination and head pose, an adaptive 
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decolorization segmentation has been proposed in which both the segmentation threshold 

selection and the moustache region following are guided by some special regions defined by 

their geometric relationship with the salient facial features. Furthermore, a texture-based 

moustache classifier is developed to compensate the decolorization-based segmentation which 

could detect the darker skin or shadow around the mouth caused by the small lines or skin 

thicker from where he/she smiles as moustache.  Only the face is verified as the face contains 

moustache when it satisfies: 1) a larger moustache region can be found by applying the 

decolorization segmentation; 2) the segmented moustache region is detected as moustache by the 

texture moustache detector. The experimental results on color FERET database showed that the 

proposed approach can achieve 89% moustache face detection rate with 0.1% false acceptance 

rate. By incorporating the moustache detector into a facial gender recognition system, the gender 

recognition accuracy on a large database has been improved from 91% to 93.5%.  

Keywords—moustache detection; gender recognition; image decolorization; adaptive 

segmentation; texture detection; region following;  domain knowledge  

 

I.  INTRODUCTION  

       Facial gender recognition has high application potentials in demographic   data   acquisition,   

access   control,   signage and audience measurement. There have been significant amount of 

works on gender recognition. As a soft biometrics, gender can be detected by gait [17], footwear 

[18], speech [19], face [9, 23, 22, 30-36] or multimodal [21, 24]. In this paper, we are interested 

in facial gender recognition. Similar to the problems encountered in face recognition, facial 

gender recognition is affected by factors such as pose variations, facial expression changes, 

illumination changes, occlusion, and aging variation. For instance, the eyebrow is found to play 

an important role in face recognition [3]. Wang et al. [20, 9] have found that the eyebrows are 



3 
 

selected as one of the most discriminate features (one of the top AdaBoost-selected features) for 

gender recognition. Unfortunately, recognition error could happen when the eyebrows are 

occluded by hair or glasses (called “self-occlusion”). While different technologies could be 

applied to overcome these individual problems, directly applying domain knowledge about the 

appearance differences between male and female, particularly moustache/beard, could be a good 

way to improve the accuracy of automatic gender recognition. For example, human can 

recognize gender easily from hairstyle or moustache even when the other part of the face is 

significantly occluded. This motivates us to use moustache segmentation to improve gender 

recognition performance.  

           It is surprising that till now, we could only find two past work in the literature on 

moustache/beard segmentation although there are a few papers on head hair segmentation [25, 

26] or lip detection [10, 11]. Nguyen et al. [1] formulate beard segmentation as a problem in 

machine learning. A beard face is modeled as three layers: a layer of glasses, a layer of beard and 

a layer of other permanent facial features.  They assume the upper part of a face should provide 

enough information to generate a good guess for the lower part. Beard and non-beard subspaces 

are learned by beard and non-beard faces, respectively. A test face can be decomposed into three 

components: non-beard part, the difference between beard and non-beard and residuals. Given 

the beard layer, Graph cut [44] is adopted to segment the beard. The limitation of this approach 

is that faces with beard and their corresponding faces without beard have to be collected and 

aligned which is a difficult task in practical application. In addition, sufficient diverse samples 

are required to ensure the system is able to detect diverse type of beard. Very recently, Le et al. 

[27] proposed a beard and mustache segmentation approach which applies sparse classifier to 

self-quotient images. A modified Active Shape Model (ASM) [43] is adopted to localize the 

facial landmarks. Some samples of the experimental results using NIST Multiple Biometric 

Grand Challenge (MBGC) [42] and FERET database [38] are reported. As the approach contains 
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l1 minimization problem, it is a time-consuming process and hence not suitable for real-time 

applications.   

   Different from Nguyen’s learning approach, we investigate the moustache segmentation 

problem based on image processing. The knowledge about the moustache, mouth, eyes, nose, 

face tissue and other facial features in terms of color and texture is used to design a segmentation 

algorithm. Consequently, we do not need to collect moustache faces and corresponding non-

moustache faces.  In our method, the moustache, usual with grayscale, is detected by combining 

face detection and image depolarization. Firstly, mouth and nose can be found by a face detector 

and face feature extraction. Then image decolorization, which enhances the color contrast and 

preserves the grayscale, is applied to the face image. By subtracting the decolorized image and 

the original image, the difference of the moustache region is much lower compared to the pixels 

around it because grayscale is preserved by decolorization. Further validation is done by 

checking the texture pattern using Gabor filters. The experiments on a large database show the 

efficiency of the proposed method. 

     Skin color segmentation [40, 41] has been one of the most popular approaches for face 

detection. The skin color-based face detection assumes that there are some statistical models (e.g. 

Gaussian) in which the distributions of the skin and non-skin pixels are separable. In order to 

adapt the changes of the illumination and unpredictable large skin color space, one has to 

construct the  models from a large data set. The pixels in the data set have to be labeled as skin 

and non-skin.  In this paper, we aim to detect the moustache from a face image. We adopt 

decolorization instead of skin color segmentation. Different from the skin color segmentation, 

the decolonization is only dependent on the target image to be processed. By applying 

decolorization, the contrast between the moustache and surrounding skin is enhanced and the 

values of the pixels on the moustache are preserved. This makes it is easy to find the difference 
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to separate the moustache and skin, which is our aim in this paper. The segmentation becomes 

more robust than skin color segmentation. Decolorization is very simple and fast enough to 

ensure the processing to be done in real-time.   

     The rest of the paper is organized as follows. Decolorization based moustache detection is 

presented in Section II. Experimental results are given in Section III. Section IV concludes the 

paper and provides suggestion for future work. 

 
II. MOUSTACHE SEGMENTATION BY DECOLORIZATION 

      Image decolorization, which converts a color image to grayscale, aims to enhance the color 

contrast while preserving the grayscale.  Moustache appearance is normally grayscale, 

surrounded by the skin color face tissue. This motivates us to segment the moustache based on 

decolorization.  

      In this paper, a novel moustache detection method is presented. The moustache is segmented 

by fusing face feature detection and image decolorization. In order to segment the moustache on 

the face, facial features, e.g. eyes, nose, mouth, are first detected. In this paper, a well-established 

face detection algorithm [7], namely AdaBoost face detector, is applied to detect the face region 

from a given image. The eyes, nose and mouth are located using their geometric relationship 

within the face region [13].  

            A moustache is the collection of hair that grows on the chin, upper lip, cheeks and neck of 

human beings. Usually, only adult males are able to grow moustaches. Clearly, it can be used as 

important cue to differentiate male from female.  

           Decolorization takes color image as input and produces a grayscale image as output. Image 

decolorization has wide applications in monochrome printing, medical imaging, and monochord 
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image processing. Standard image decolorization neglects the color distribution, and as a result it 

is not able to conserve the discrimination capability of the original chromatic contrast.  

           In our approach, like the process in salient region detection where the salient region is 

blurred by the Difference of Gaussian (DoG) of different scales, color contrast on face tissue is 

enhanced by the decolorization process while preserving the moustache. Compared to the normal 

gray-level image, the parts with skin color are enhanced more than the others. Hence, the 

difference of the skin color part between the contrast-enhanced decolorized image and the mean 

image is much larger than others, allowing extraction of the moustache or hair.  

      A. Image decolorization 

          Image decolorization has been extensively studied. Some earlier approaches treat 

decolorization problem involving either local contrasts between pixels [15] or global contrasts 

between colors [16]. The drawback of these proposals is that the process is slow and prone to 

local minima because it involves unconstrained optimization over thousands of variables [15] or 

constrained optimization over hundreds of variables [16]. For instance, they can fail to map pure 

white in the color image to pure white in the grayscale image, causing potential problems for 

pictures with white backgrounds. Strickland et al. [14] developed a decolorization approach 

which is based on saturation feedback in unsharp masking, a local color image enhancement 

technique used to sharpen images.  

            In this paper, the speed of the decolorization is an important concern as we aim to 

implement a real-time gender recognition. We adopt the decolorization method proposed in [8] 

because the method is simple, fast, and scalable, without overly sacrificing image quality and in 

particular, it enhances the color contrast while preserves the grayscale. We assume the 

moustache is grayscale while the face is with skin color, hence the moustache can be easily 

segmented from the decolorization output. The method is designed to take advantage of both hue 
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and saturation differences when augmenting the luminance channel. The following visual goals 

are set: 

     Contrast Magnitude: The magnitude of the grayscale contrasts should visibly reflect the 

magnitude of the color contrasts. 

     Grayscale preservation: When a pixel in the color image is gray, it will have the same gray 

level in the grayscale image. This constraint assists in image interpretation by enforcing the usual 

relationship between gray level and luminance value. 

          The decolorization algorithm consists of four steps as follows. 

1) Convert RGB image to YPQ image 

      The first step takes a linear RGB (Red, green, blue) image and converts it into their YPQ 

representation as follows. 

 

              
0.2979 0.5870 0.114

0.5 0.5 1
1 1 0

                                     (1) 

 

      YPQ space consists of an achromatic luminance channel Y and a pair of chromatic opponent-

color channels: yellow-blue, P, and red-green, Q. Similar to the IHS (intensity, hue, saturation) 

color space, the YPQ color channels are analogous to the color channels in human visual 

processing.  

   Besides the computational simplicity, the benefit of YPQ color space is that the 

perpendicular chromatic axes support easy calculation of hue H and saturation S:  
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                                                                       (2)    

                                                                           (3)   

    The luminance channel Y supplies the default color to grayscale mapping. The YPQ color 

components have approximately the same absolute scale and therefore they may be readily 

combined in color calculations.  

2) Image sampling  

       How to represent the distribution of color contrasts between image features is an important 

topic in contrast enhanced image decolorization. Each pixel color could be compared to the 

average color of its immediate neighborhood [14], to all pixels in its surrounding region [15], or 

to all quantized colors present in the image [16]. However, these approaches face the problems 

including blurring color contrasts and is computationally expensive. In this paper, randomized 

scheme, sampling by Gaussian pairing, is adopted. Each image pixel Xi is paired with a pixel  

chosen randomly according to a displacement vector from an isotropic bivariate Gaussian 

distribution. The horizontal and vertical components of the displacement are each drawn from a 

univariate Gaussian distribution with zero mean and variance given by   where  is the 

expected distance between paired pixels. In this way, we can account for image resolution 

variation by specifying the expected spatial scale of image features relevant for contrast 

enhancement. The displacement is carried out under symmetric boundary conditions. 

     

3) Dimensionality reduction  

      To find the color axis that best represents the chromatic contrasts lost when the luminance 

channel supplies the color to grayscale mapping, a dimension reduction, such as principal 
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component analysis (PCA) which optimizes the variability of observations, or predominant 

component analysis which optimizes the differences between observations, is applied.  

 

4) Image fusion of luminance and chrominance 

 

      The predominant chromatic data values K are obtained by projecting the chromatic data (P, 

Q) onto the predominant chromatic axis (p, q) : 

 

                                           K = Pp +Qq                                     (4) 

      The desired degree of contrast enhancement is the fusion of luminance channel Y and 

predominant chromatic channel C: 

 

                                          U = Y +C                                             (5)  

where  is a constant. 

     B. Moustache segmentation 

           In this paper, we assume that the moustache appearance is grayscale surrounded by the skin 

color face tissue. Thus it is well preserved in the above-mentioned decolorization process.  

Hence, the moustache can be extracted by a simple image binarization process given by: 

 

                                         Ib= binary (D, θ)                                         (6) 
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where D represents the difference between the decolorization image and the mean (a constant 

image) of the original image; θ is the threshold for converting D to a binary image.  Mean image 

here is a constant image with gray level of all pixels to be the mean of the original image. 

Although this subtraction of a constant can be saved by re-setting the final threshold, we found it 

useful to let the final threshold to be an adaptive threshold.    

  
    It is clear that the binarization process described in (6) is very sensitive to the threshold. In this 

paper, we propose an adaptive threshold approach.   

           We aim to segment the moustache from the skin. Hence, we create a special region which 

consists of only skin and hair (see Fig. 1(a)) to determine the threshold in (6). In this paper, face 

is firstly detected using Viola’s face detector [7] and the facial features including eyes, nose, and 

mouth are extracted within the face using a skin-color and morphological-operation based 

method described in [13]. As we know the feature locations, we can easily crop three regions: 

face’s apple of cheeks (left and right, skin only), represented as Fl  and Fr, respectively; and 

forehead (hair and skin), represented as H. These three regions (having the same height) are 

concatenated into a region, R, and an adaptive threshold θ should be the one that can segment R 

as a binary image where the hair pixels are segmented as “1” (foreground) and the skin pixels 

are segmented as “0” (background). Assume a global threshold obtained by applying Otsu’s 

method [2] to R is represented as θ0. The final threshold, θ, in (6) is determined as follows: 

 

1. Convert R to a binary region using the threshold, θ0  

2. Assume N is the sum of the number of the non-zero pixels within Fl and Fr 

3. If N is larger than a predefined threshold, β, then 
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                            θ0= θ0+Δθ 

                            Repeat the procedure from step 1 

                     Else 

                            θ= θ0  

                      End 

       where Δθ, β are two constants. 

             The threshold determined by above procedure makes the binarization more robust to the 

variance of illumination.  

          

                                         (a)                             (b) 

Fig. 1. Locations of the special regions defined in the proposed method.  (a) three regions, Fl, Fr 

and H, on the face for determining the segmentation threshold. (b) “moustache region” (red 

contour) for restricting the region growing range; “seed moustache region” (white contour) for 

selecting the starting pixels for the region growing process. 

              It should be noted that the purpose of moustache segmentation in this paper is that we want 

to know if a face contains moustache rather than exact moustache. Hence, we can narrow down 

the search space of the moustache pixels with some special regions. A rectangle region 
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positioned between the top of the mouth and bottom of the nose (called “seed moustache region”, 

see the rectangle marked in white in Figure 1(b)), is located, which aims to cover most likely 

moustache pixels. In order to do region following efficiently, a “moustache region” (the 

rectangle marked in red color in Figure 1(b)), which covers the lower face part, is defined and 

the pixels belonging to the boundary of the “moustache-region” are set to be zero. The 

“moustache-region” covers the “seed moustache region”. We detect the moustache pixels within 

the “moustache region” only though our algorithm is able to detect all moustache pixels exactly 

on a face.  A region growing process is executed, starting from a non-zero pixel within the “seed 

moustache region”, to detect the moustache pixels. The traced pixels during the region growing 

are set to be zero. The growing process is repeated, starting from the non-zero pixel within the 

“seed moustache region”, until there is no non-zero pixel within the “seed moustache region”. 

The number of the all traced moustache pixels during the region growing process (within the 

“moustache region”), M, is counted. The face is classified as moustache face if the ratio of M and 

the size of the “moustache region” is found being larger than a threshold, γ; otherwise, it is 

classified as non-moustache face. In our experiment, the “moustache region” is taken to be a 

region centered at the “mouth region” center, and its height and width are 1.2 times and 2.5 times 

of the mouth region, respectively. The “mouth region” is located by feature extraction method 

proposed in [13]. As the face is aligned with the two eyes and “moustache region” is larger 

enough to cover the possible moustache pixels between the mouth and bottom of the nose, the 

proposed region growing moustache pixel detection is insensitive to the variance of the head 

pose.   

C.  Moustache detector 

            We have discussed a decolorization-based moustache segmentation algorithm in II-B. The 

moustache appearance is normally grayscale surrounded by the skin color face tissue. 
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Unfortunately, the darker skin or shadow around the mouth caused by the small lines or shades 

from the cheek could cause false detection using the decolorization segmentation.  In order to 

discriminate the moustache from the darker skin or shadow, texture is used in this paper because 

the mustache is rich in texture while the shadow is not. In our approach, the image region 

corresponding to the “seed moustache region” is used to train a moustache detector. The 

classifier is trained a priori using collected data.  

            By training a classifier using the moustache and non-moustache samples represented in 

terms of texture, a face image can be detected as moustache or non-moustache face. In this 

paper, two-class AdaBoost classifier is adopted for this purpose. The Gabor filter bank (8 

orientations and 5 scales) is applied to extract texture information. The “seed moustache region” 

defined in II-B is used as moustache (for moustache face) or non-moustache (for non-moustache 

face) sample for training classifier. This is different from face recognition in which non-face 

sample could be anything except face.   

           The flowchart of the proposed two-step algorithm, including decolorization segmentation 

and texture detection, is shown in Fig. 2. Only the face, which satisfies: 1) a larger moustache 

region can be found by applying the decolorization segmentation; 2) the segmented moustache 

region is detected as moustache by the moustache detector, is verified as the face contains 

moustache.  

 

 

D. Facial gender recognition 

 

     We have developed a facial gender recognition system [9] by combining local (SIFT [37, 38]) 

and global (shape contexts [39]) features. Gender recognition is a two-class pattern classification 
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problem and AdaBoost is adopted in our system to select features and construct strong classifier. 

One of our findings in facial gender recognition experiment is that the most discriminant facial 

features, which are firstly selected by the AdaBoost, for classifying male and female are located 

near the eyebrow and eye. The eyebrows are selected as the first few weak classifiers (features) 

[9]. This finding is consistent with the observations in face recognition [28]. This could be the 

reason why recognition error could happen when their upper face part looks like different gender 

or when the eyebrows are occluded by hair or glasses (called self-occlusion). While different 

technologies could be applied to overcome these individual problems, directly application of 

domain knowledge about the appearance difference between male and female, e.g. 

beard/mustache, could be a good way for improving the accuracy of automatic gender 

recognition. For example, human can recognize gender easily from hairstyle or moustache/beard 

even serious occlusion occurs. This motivates us to recognize gender by incorporating the 

knowledge about the gender with other features. In doing so, the error caused by the lost feature 

can be avoided. Similar to the problems encountered in face recognition, facial gender 

recognition is affected by some factors including pose variations, facial expression changes, 

illumination changes, occlusion, aging variation.  
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                                      Fig. 2. Flowchart of the proposed approach. 

  

Input color face image 

Face detection Image decolonization 

Facial feature 
extraction  

Image 
binarization 

Repeat “region growing” 
and set the traced pixels to 
“0” until there is no non-
zero pixel within the “seed 
moustache region”   

Create “moustache 
region” and “seed 
moustache region” 
for the region 
following 

 

Texture-
moustache  
AdaBoost 
classifier 

Is the moustache 
region classified as 
moustache?  

Non-
moustache face 

No

Yes 

moustache face 

Yes 

Is the total size of the region 
growing resulting regions larger 
than a threshold? 

Create 
region, R, for 
determining 
threshold, θ 

No 



16 
 

      In this paper, the proposed moustache detection mentioned above has been incorporated into 

a facial gender recognition system previous developed by us [9]. Given a test image, the 

moustache detector is applied firstly. A face is classified as male when it is detected as 

moustache face; otherwise, the facial gender recognition [9] will be applied to determine the 

gender. As the proposed moustache detection has high detection accuracy while having much 

lower false acceptance rate, we can expect the performance of the facial gender recognition 

system [9] can be improved after applying the moustache detection.  It should be noticed that the 

moustache detector can be incorporated into other facial gender recognition systems and a 

similar performance improvement can be expected. In this paper, we adopt our previous 

approach because it is simple but has achieved results comparable with the state-of-the-art 

approach. The details about the facial gender recognition system can be found in [9]. 

                             

  III. EXPERIMENTAL RESULTS 

           In this paper, we are interested in the application of the proposed moustache segmentation 

algorithm to facial gender recognition. One advantage for using such face domain knowledge in 

gender recognition is that it is a fast and reliable way to discriminate male from female once a 

face is found to be a moustache face. Of course, the false alarm caused by the wrong moustache 

detection should be considered. One way to incorporate the proposed moustache detector to a 

gender recognition system (e.g. [9]) is that the moustache detector can be used as the first step 

while a much lower false acceptance rate is set. In other words, we use it as the first-level of a 

hierarchical gender recognition system to reduce the workload as well as to improve the 

recognition accuracy.  

          As mentioned in section II-C, a texture-based moustache detector is proposed to compensate 

the limitation of the decolorization segmentation caused by the shadow because the moustache 

region is rich in texture while the shadow is not. In order to train a moustache detector, we 
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collect a color face database from the internet which includes 3000 face images for 800 males 

and 950 females. Among them there are 2100 samples of moustache faces and the remaining 

samples are non-moustache faces.  The “seed moustache region”, defined in section II-B, of the 

training samples are used to train a moustache detector. Some of the moustache and non-

moustache samples are shown in Fig. 3 and 4 respectively. Two-fold cross-validation is executed 

and the average accuracy is recorded. The error rates versus the boosting iterations are shown in 

Fig. 5 where the GML real AdaBoost [12] is adopted. We can see that the performance of the 

texture-based moustache detector is promising. Once a face is found to have large size of 

moustache pixels within the “moustache region” by the decolorization segmentation, the detector 

will be applied to the “seed moustache region” of the face to further verify the decision.   

 

Fig. 3. Some moustache samples 

 

 

  

            

Fig. 4 Some non-moustache samples. 
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         The resolution of the original face image is 768×512.      The size of the left nose region and 

right nose regions are the same, 21×50. The size of the hair region is 50×100. The parameters are 

set as follows. 

  Δθ = 0.01 

   β  is set to be  ¼ size of the left or right nose region) 

   γ = 1/3. 

 

Fig. 5. Error of the moustache detection versus the boosting iteration. 

      The proposed method is found to be able to detect moustache face with a low false 

acceptance rate. Three examples are shown in Fig.6, Fig. 7 and Fig. 8, respectively.        
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Fig. 6. Moustache detection. (a) face & features. (b) decolorization; (c) decolorized image minus 

the mean (constant) of (a) and the three regions, Fl, Fr and H. (d) concatenated region (zoom) of 

Fl, Fr and H,. to be used to adaptively determine θ. (e) Binary image (zoom) of (d) using θ. (f) 

binary image of (c) using θ, the moustache region (the boundary pixels are set to be zero) is 

marked in blue contour. (g) zoom of the “seed moustache region”. (h) region growing result, 

starting from the non-zero pixels within the “seed moustache region” (i) the face is classified as 

non-moustache face (marked in green contour) as the size of the region following resulting 

regions is less than a threshold. 

 

            
                (a)           (b)             (c)             (d)          (e)        

          
 
              (f)                 (g)              (h)          (i)  
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     Fig. 7. Moustache detection. (a) face & features. (b) decolorization; (c) decolorized image minus 

the mean (constant) of (a) and the three regions, Fl, Fr and H. (d) concatenated region (zoom) of 

Fl, Fr and H,. to be used to determine θ. (e) binary image (zoom) of 7(d) using θ. (f) binary image 

of Fig. 7(c) using θ, the moustache region (the boundary pixels are set to be zero) is marked in 

blue contour. (g) zoom of the “seed moustache region”. (h) region following result, starting from 

the non-zero pixels within the “seed moustache region” (i) the face is classified as moustache 

face (marked in red contour) because: 1) the size of the region following resulted regions is 

larger than a threshold; 2) the “seed moustache region” is detected as a moustache region by the 

texture-based moustache detector.  

                 
                                                       (a)            (b)              (c)            (d)         (e)           

    
                                                        (f)            (g)            (h)             (i) 
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Fig. 8. Moustache detection. (a) face & features. (b) decolorization; (c) decolorized image minus 

the mean (constant) of (a) and the three regions, Fl, Fr and H. (d) concatenated region (zoom) of 

Fl, Fr and H,. to be used to determine θ. (e) binary image (zoom) of (d) using θ. (f) binary image 

of (c) using θ, the moustache region (the boundary pixels are set to be zero) is marked in blue 

contour. (g) zoom of the “seed moustache region”. (h) region growing result, starting from the 

non-zero pixels within the “seed moustache region”. (i) the face is classified as non-moustache 

face (marked in green contour) because the “seed moustache region” is found to be a non-

moustache region by the texture-based moustache detector although the size of the region 

following resulting regions is larger than the threshold. 

 

 

 

 

 

               
                    (a)             (b)             (c)           (d)       (e)         

                 
                   (f)              (g)            (h)            (i) 
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Fig. 9. Some moustache detection results on color FERET database.  The green or no color 

contour represents a face is detected as non-moustache face and the red contour represents a face 

is detected as moustache face. 
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Fig. 10. The false acceptance rates and moustache detection rates versus the segmentation 

thresholds 

 

                                                              
Fig.  11.  Log-polar histogram bins used in computing the shape contexts. Five bins for rlog  

and twelve bins for   
 

    After the above-mentioned two-fold evaluation in the collected database, a classifier is trained 

by using all the data in the database. Then the classifier  is  evaluated on the color FERET face 

database [12], only the frontal view face images are considered. By applying face detector, a 
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total of 2718 faces for 994 subjects, with or without mustache, can be detected. Some 

experimental results are shown in Fig. 9 where the red contour represents the face region is 

detected as moustache face and green contour represents the face is detected as non-moustache 

face. The false acceptance rates and the moustache detection rates versus the segmentation 

thresholds are given in Fig. 10. We can see that the algorithm can achieve 89% moustache face 

detection rate with 0.1% false acceptance rate (corresponding to threshold of 800 pixels in Fig. 

9). Thus it can be used as the first-level recognition for a hierarchical facial gender recognition 

system.  

   In order to evaluate the facial gender recognition before and after the proposed moustache 

detection, a hybrid face database comprising of four databases: color FERET [38], LFW [29] 

database and a private database collected by our institute. The color FERET database contains 

images of 994 people (591 male, 403 female) and only frontal images labeled “fa” and “fb” in 

the database with labeled eye coordinates were used, for a total of 2409 faces images (1495 

male, 914 female). The LFW contains more than 13,000 images of faces collected from the web. 

We select 4000 frontal view faces (2000 male, 2000 female) from the LFW. The PIE face 

database contains images of 68 people with varying pose, illumination expression (PIE), only 

the frontal images with neutral expression were used. The database collected in our institute 

(I2R database) contains images of 51 people (38 male, 13 female). In addition, we collect 

moustache face images from websites. Finally, we have a total of 8050 face images.  

     The faces are detected by using OpenCV 2.0 face detector [35]. The size of the normalized 

face image is 88×88. For dense SIFT features, the size of the block is 8 and the scale spacing is 

4, hence we have 484 (22×22) descriptors for each 88×88 image. These 484 descriptors (each 

descriptor’s dimension is 128) are concatenated into a vector to represent the image, for a total 

feature dimension of 61952. In addition, the shape contexts at 400 points are extracted. We use 
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five bins for rlog  and twelve bins for  , see Fig. 11. Hence, the dimension of the shape context 

of a face image is 24000 (400×60). The total dimension of the fused feature is 85952.   

    Based on the facial features, the accuracy before and after applying the moustache detection is 

computed respectively. 10 runs of 10-fold cross validation are performed with random partitions 

and the average accuracy of the 10 runs is computed to obtain the final accuracy.    

      The accuracy before and after applying the moustache detection are 91% and 93.5%, 

respectively. Some male image samples, which are wrongly recognized before applying the 

moustache detection but correctly recognized after the moustache detection, are shown in Fig. 

12. We can see that the appearances around the eyebrow region looks like female. The errors are 

reported because the eyebrows dominate the final decision. Fortunately, the moustache can be 

detected and the errors are corrected.   

We have mentioned that the proposed decolonization-based approach can detect moustache 

with grayscale. One limitation of the proposed approach is that it cannot detect colored 

moustache. An example is shown in Fig. 13. The face is wrongly recognized as female although 

the moustache detection is applied.  Fortunately, most of the moustache appearances are 

normally grayscale surrounded by the skin color face tissue.  The method is workable when the 

moustache color is white. Some of the result samples are shown in Fig. 14.  

A live demo with Logitech webcam has been setup in our lab and the non-optimized code can 

reach a frame rate of 16 frames per second.                       
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Fig. 12 Face image samples which are wrongly recognized as female but correctly recognized as 

male after applying the moustache detection; From left to right: face detection; decolonization; 

binarization; overlay the segmentation result to the original image  
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Fig. 13 The error cannot be corrected after moustache detection because the moustache color is 

yellow; From left to right: face detection; decolonization; binarization; overlay the segmentation 

result to the original image 
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Fig. 14 Some moustache detection samples when the moustache color is white; From left to 

right: face detection; decolonization; binarization; overlay the segmentation result to the original 

image  
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IV. CONCLUSION AND FUTURE WORK 

       Although a lot of work on facial gender recognition has been reported in the literature, none 

has explicitly exploited the domain knowledge about the appearance difference between male 

and female. The fact that only adult males have moustache/mustache would complement the 

gender recognition system. In this paper, a novel real-time moustache detection method is 

proposed which combines face feature extraction, image decolorization and texture detection. As 

the moustache appearance is normally grayscale surrounded by the skin color face tissue, a fast 

image decolorization-based moustache segmentation has been proposed. To make the algorithm 

robust to illumination and head pose variation, an adaptive decolorization segmentation has been 

proposed in which both the segmentation threshold selection and the moustache region following 

are guided by some regions defined by their geometric relationship with the salient facial feature. 

Furthermore, a texture-based moustache classifier has been developed to compensate the false 

detection of the decolorization-based segmentation due to dark skin or shadow around the mouth.  

The experimental results on color FERET database showed that the proposed approach can 

achieve 89% moustache face detection rate with 0.1% false acceptance rate. 

          The proposed moustache detection method has been incorporated into a facial gender 

recognition system. Without loss of generality, a facial gender recognition system [9] developed 

by us is adopted for this purpose. The accuracy has been improved from 91% to 93.5 on a large 

database after applying the proposed moustache detection.  

         As the beard and head hair can be detected by the proposed method, we could investigate the 

use of the proposed method to detect beard and estimate baldness in the future. We could also 

evaluate our method on more publicly available databases, e.g. MBRG [42].  
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