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 Makeup face recognition is an extension of conventional face recognition to deal with within
application of makeup. To improve the performance of makeup face recognition, the segmentation of local regions of face image
weighted score level fusion strategy are presented in this paper spurred on by the 
influential degrees on different face regions. The weight assignment depends on the robust level of each local region 
region and mouth region in this study) towards the impacts of makeup. Next, score level fusion is adopted to fuse the weighte
distance of each facial local region. To the best of our knowledge, this is the first work to im
addressing the issues of facial makeup specifically. The experimental results unambiguously reveal that this weighted score l
strategy on local regions could reduce the influence of makeup effectively and the
classifier combinations schemes. 
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INTRODUCTION 

 
 Face recognition has become one of the major 
cores of biometric researches because of its non
invasive nature and practical applications. The 
performance of face recognition has been improved 
over the past decade. Most of the works focus on 
solving the variations in facial poses, illuminations 
and expressions, which is also known as PIE factors. 
However, there are additional key factors including 
aging, plastic surgery and non-permanent makeup [1] 
influencing the face recognition performance.
 Non-permanent makeup is an cost
socially acceptable approach to bring confidence and 
make women appear competent [2][3]. Nonetheless, 
facial makeup could change the perceiv
texture of a face [1][4]. Basically, makeup facial 
regions could be split upinto (1) eyes, including
and location of eyebrows, shape, size and contrast of 
eyes, dark circles underneath the eyes; (2) nose, 
including nose shape and size; (3) mouth, including 
mouth size and contrast; (4) other facial features, 
including chin, cheeks, facial contour, f
skin[4].  
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ABSTRACT 

Makeup face recognition is an extension of conventional face recognition to deal with within-class variations imposed by the 
application of makeup. To improve the performance of makeup face recognition, the segmentation of local regions of face image

eighted score level fusion strategy are presented in this paper spurred on by the revelation that the facial makeup could be in different 
influential degrees on different face regions. The weight assignment depends on the robust level of each local region 
region and mouth region in this study) towards the impacts of makeup. Next, score level fusion is adopted to fuse the weighte
distance of each facial local region. To the best of our knowledge, this is the first work to implement score level fusion scheme in 
addressing the issues of facial makeup specifically. The experimental results unambiguously reveal that this weighted score l
strategy on local regions could reduce the influence of makeup effectively and the weighted sum rule and product rule outperform other 

Makeup Face Recognition; local regions; segmentation; weighted strategy; score level fusion

Face recognition has become one of the major 
cores of biometric researches because of its non-
invasive nature and practical applications. The 

has been improved 
over the past decade. Most of the works focus on 
solving the variations in facial poses, illuminations 
and expressions, which is also known as PIE factors. 
However, there are additional key factors including 

permanent makeup [1] 
influencing the face recognition performance. 

permanent makeup is an cost-efficient and 
socially acceptable approach to bring confidence and 
make women appear competent [2][3]. Nonetheless, 
facial makeup could change the perceived shape and 
texture of a face [1][4]. Basically, makeup facial 

into (1) eyes, including color 
and location of eyebrows, shape, size and contrast of 
eyes, dark circles underneath the eyes; (2) nose, 
including nose shape and size; (3) mouth, including 
mouth size and contrast; (4) other facial features, 
including chin, cheeks, facial contour, form and 

 The impact of facial makeup on automated face 
recognition has been presented recently [1] and the 
study showed that the existing face matching 
methods could be affected by the application of 
cosmetics. Hence, there are groups of research
seeking the solutions to address the issues of makeup 
in face recognition [4][5][6][7]. However, this issue 
is still considered new and limited, thus there is a 
room for improvement in this context
 
1.1. Motivations and Contributions
 The impacts of makeup could be in different 
degrees on different facial regions. 
the sample images with different makeup influential 
degrees on different facial regions, i.e. eyes, nose and 
mouth. 
 This revelation therefore motivates the notion of 
facial local regions segmentation
of local regions has additional credit in terms of 
dealing with head pose changes, facial expressions 
and illumination variations. In this study, a facial 
image is segmented into three regions of interest 
(ROI): (1) eyes ROI, (2) nose ROI and (3) mouth 
ROI. These local regions are illustrated in Figure 2.
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class variations imposed by the 
application of makeup. To improve the performance of makeup face recognition, the segmentation of local regions of face image and 

that the facial makeup could be in different 
influential degrees on different face regions. The weight assignment depends on the robust level of each local region (i.e. eyes region, nose 
region and mouth region in this study) towards the impacts of makeup. Next, score level fusion is adopted to fuse the weighted matching 

plement score level fusion scheme in 
addressing the issues of facial makeup specifically. The experimental results unambiguously reveal that this weighted score level fusion 

weighted sum rule and product rule outperform other 

Makeup Face Recognition; local regions; segmentation; weighted strategy; score level fusion. 

The impact of facial makeup on automated face 
recognition has been presented recently [1] and the 

that the existing face matching 
methods could be affected by the application of 
cosmetics. Hence, there are groups of researchers 
seeking the solutions to address the issues of makeup 
in face recognition [4][5][6][7]. However, this issue 
is still considered new and limited, thus there is a 

context. 

1.1. Motivations and Contributions: 
makeup could be in different 

degrees on different facial regions. Figure 1 depicts 
the sample images with different makeup influential 
degrees on different facial regions, i.e. eyes, nose and 

This revelation therefore motivates the notion of 
local regions segmentation. The employment 

of local regions has additional credit in terms of 
dealing with head pose changes, facial expressions 

In this study, a facial 
mage is segmented into three regions of interest 

(ROI): (1) eyes ROI, (2) nose ROI and (3) mouth 
ROI. These local regions are illustrated in Figure 2. 
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Fig. 1: Five samples from Youtube Makeup Database (YMU). 
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Fig. 2: The non-makeup and makeup image samples of 3 local regions. 
  
 Then, the discriminant features of these local 
regions are integrated using weighted score level 
fusion schemes. The matching distance of each local 
region is assigned with an appropriate weight to 
emphasize its contribution in score matching.  
 To test the efficacy of the weighted strategy on 
handling makeup face recognition issues, Local 
Binary Patterns (LBP) is used as the encoding 
function. LBP is adopted primarily motivated by two 
reasons: (1) simplicity as it is a descriptor-based 
scheme that does not involve any subspace learning 
process and (2) LBP is popular in makeup face 
recognition for its local feature analysis capability. 
The empirical results show that this weighted 
strategy is robust to the within-class variations 
imposed by cosmetic changes. 
 
2. Weighted Strategy On Local Regions: 
 Figure 3 portrays the overall framework of 
weighted strategy on local regions. This framework 
constitutes five modules: face region segmentation, 
encoding function, matching module, weight 
assignment and score fusion module. In brief, three 
local regions, i.e. eyes ROI, nose ROI and mouth 
ROI, are segmented synthetically from a face image, 
then uniform LBP encoding function is applied to 
learn the discriminant local features from the local 
regions as well as the full face image. Next, these 
uniform LBP feature vectors are inputted for 
matching process to generate the respective distance 
scores. Weight is subsequently assigned to each 
score based on their robust level towards the impact 
of makeup. Lastly, the resulting distance scores are 
combined by various score level fusion schemes and 
a consensus decision could be derived. 
 The information such as facial shape and form, 
the position cheeks and chin, may carry information 
of the face identity. Thus, a full image is considered 
in the study and incorporated with the ROIs to enrich 
the feature representation of a face image. 
 
2.1. Uniform Local Binary Patterns (LBP): 
 LBP is a local descriptor that can characterize 
the micro-patterns of the face images [8][9] by 
thresholding the 8 local neighbourhoods based on the 

difference of pixel intensity between the center pixel 
and neighbourhood, the result obtained can be 
expressed as a binary number or decimal number and 
formed the labels. Figure 4 portrays the operation of 
LBP. 
 A LBP is known as uniform if it contains at most 
two bitwise transitions from 0 to 1 or vice versa 
when the binary string is considered circular. For 
example, the binary strings of 00000000, 00011110 
and 10000011 are uniform patterns and they are used 
in uniform LBP whereas the non-uniformpatterns are 
labelled with a single label. As a consequence, 
uniform LBP produces less than 2plabels in which p 
denotes the 8 local neighbourhoods used in the 
operation. For instance, there are 256 bins for 
neighbourhood of 8 pixels in basic LBP, but only 59 
bins for uniform LBP [10]. The feature lengths 
produced have been reduced greatly by reducing the 
number of patterns from 256 bins into 59 bins.  
 The research conducted by Lahdenoja, O.et al. 
shown that uniform patterns are able to form 91.9% 
of the most discriminating patterns of an image [10].  
 Thus, uniform LBP is popular among the LBP 
variants as it utilizes the information uniform 
patterns which construct most patterns in facial 
images [8,22]. In other words, the usage of uniform 
LBP can help to reduce the dimension of feature 
vectors as well as maintaining or enhancing the 
performance of LBP[21]. 
 
2.2. Distance Matching: 
 In matching module, Rank-1 identification rate 
with Cosine distance is utilized as the matching 
metric to generate the distance scores for each ROIs 
and full face image. 
 
2.3. Weighted Score Level Fusion: 
 This section introduces the notion of weighted 
score level fusion as well as the commonly used 
weighted score level fusion schemes, including 
weighted sum rule, weighted product rule, weighted 
max rule and weighted min rule.  
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Fig. 3: The framework of weighted strategy on local regions. 
 

 
 
Fig. 4: Operation of LBP 
 
 Score level fusion, also known as matching level 
fusion, integrates the matching scores generated by 
different classifiers to provide better recognition 
results [11]. Score level fusion is popular among the 
integration schemes as the matching scores generated 
by different classifiers are relatively easy to be 
accessed and combined [12].  
 Different makeup influential degree on face 
regions always introduces a bias. Hence, weights are 
assigned to the corresponding distance scores before 
the score level fusion process. In this study, weight is 
tuned based on the robust level of the local region 
towards the impact of makeup subject to ∑ ��

�
��� = 1.  

 
2.3.1. Weighted Sum Rule: 
 Weighted sum rule involves only a simple 
arithmetic addition operator to sum up multiple 
weighted matching scores into a new set of 
values.The weighted sum rule is defined as: 
	 =  ∑ �� ∙ ����

�
���                                                  (1) 

 where 	 is the final fused score which is used in 
decision making, ����  is the single distance score 
from the -th modality and �� is the weight assigned 
to distance score of  -th modality. Here, we have 
� = 3  for three ROIs, including eyes, nose and 
mouth ROIs. 
 
2.3.2. Weighted Product Rule: 
 Weighted product rule involves multiplication 
operator to joint multiple weighted matching scores 
into a new set of values which consisting more 
information to identify a person. The equation of 
weighted product rule can be expressed as: 
	 =  ���������� ∙ ����, �� ∙ ����, … , �� ∙

�����                                                                                (2) 
 where	 is the final fused score which is used in 
decision making and �  is the total number of 
distance score included in fusion[15]. 
 
2.3.3. Weighted Max Rule: 

 Instead of involving mathematical computation, 
max rule selects the maximum value among the score 
values as the output of the fusion. The expression of 
max rule is denoted as: 
	 =  ������ ∙ ����, �� ∙ ����, … , �� ∙ �����   (3) 
 where	 is the final fused score which is used in 
decision making and � is the total number of score 
values involved in fusion. 
 
2.3.4. Weighted Min Rule: 
 On the contrary, min rule utilizes the minimum 
value among the distance scores as the output. The 
min rule can be computed as: 
	 =  � ��� ∙ ����, �� ∙ ����, … , �� ∙ �����    (4) 
 where	 is the final fused score which is used in 
decision making and �  is the total number of 
distance score involved in fusion. 
 
3. Experiments: 
3.1. Database: 
 Youtube Makeup (YMU) database is a publicly 
available makeup face repository and it will be used 
to conduct the experiments to assess the performance 
of weighted strategy on local regions.There are 151 
Caucasian female subjects included in YMU 
database. Basically, each subject consists of two (2) 
non-makeup images and two (2) makeup images, 
resulting total of 604 face images. Some face images 
from YMU database are shown in Figure 5. There 
are significant changes in the perceived appearance 
from the same subject before and after the 
application of cosmetics. Furthermore, the database 
is relatively unconstrained as there are variations due 
to expression, pose and resolution [6][13][17].    
 
3.2. Parameter Settings: 
 A preliminary experiment is conducted to 
determine an optimal uniform LBP operator as well 
as formulate an appropriate weight assignment on 
local regions of eyes, nose and mouth. In this section, 
a subset of 30 samples from YMU database is 
utilized in matching of non-makeup versus makeup 
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(N vs M) protocol. Rank-1 identification rate with 
Cosine distance is employed as the performance 
measurement metric. The program is running under 
Matlab R2012b on a 64 bit windows operating 

system with Intel Core i3 CPU at 2.13GHz and 
4.00GB RAM[16,18]. 
 

 
        (a) 

 
        (b) 

 
        (c) 

 
        (d) 

 
        (e) 

 
 
 
 
 
(f) 

 
Fig. 5: (a),(b) and (c) show the non-makeup images of 3 subjects, whereas (d),(e) and (f) display the      
     corresponding makeup images. 
 

3.2.1. Determination of Optimal Uniform LBP: 
 Prior to the uniform LBP encoding stage, all 
ROIs are further partitioned into 5x5 non-
overlapping cells for better localization [14]. Table 1 
records the performance and the corresponding 
operational time of uniform LBP variants (i.e. !"#$,�

%�, 
!"#$,�

%�, !"#�&,�
%�  and !"#�&,�

%� ). 
 From the observation, the overall performance 
of uniform LBP variants is consistent although there 
are considerable discrepancies in the operation time 
consumption. From the result, the average operation 
time consumed by uniform LBP operators with 16 
sampling points is almost 16 times of the time spent 
by uniform LBP operators with 8 sampling points. 
This analysis, therefore, furnishes a strong proof that 
uniform LBP operators with 8 sampling points are 
appropriate as they are good trade-off between 
recognition performance and time operation 
consumption. 
 At the same time, the result shows that 
!"#$,�

%� outperforms !"#$,�
%�  by 3% recognition rate 

with the difference of only 0.29 seconds. Hence, 
!"#$,�

%�  is selected in the following context to 

pinpoint a proper weighted strategy on local regions 
of eyes, nose and mouth. 
 

3.2.2. Determination of Optimal Weight for ROIs: 
 The robust level of each local region towards the 
impacts of makeup has been assessed for the score 
weight assignment. A higher recognition rate 
signifies a higher resilient to the effects of makeup.  
Hence, the regions are weighted based on the 
recognition rate of local regions. Table 2 presents the 
corresponding recognition rate on each local region. 
 The results in Table 2 clearly disclose that nose 
region is least susceptible whereas mouth region is 
highly affected by makeup. Therefore, the highest 
weight is granted to the score of nose ROI; whereas 
the least weight is imposed to the score of mouth 
ROI. The weight assignment is defined as below: 
∑ ��

'
��� = 1 � � �� = 3�', �� = 2�'                 (5) 

where �� =  ��)_�)+ℎ� , �� = )-)_�)+ℎ�  and 
�' = ����ℎ_�)+ℎ�.  The value of each weight 
could be subsequently computed through simple 
mathematical formula based on the relationships of 
��, ��, and �'.  

 
Table 1: Performance and operational time of uniform LBP variants in regions of eyes, nose and mouth. 

Uniform LBP Variants 
Recognition Rate (%) Operational Time Elapsed (seconds) 

Eyes Nose Mouth Average Eyes Nose Mouth Average 
!"#$,�

%� 48.33 60 35 47.78 9.39 10.40 9.91 9.89 
!"#$,�

%� 48.33 60 25 44.44 9.24 9.90 9.65 9.60 
!"#�&,�

%�  38.33 60 21.67 40 167.49 145.49 151.52 154.83 
!"#�&,�

%�  38.33 56.67 30 41.67 151.48 149.45 139.25 146.73 

 
�� + �� + �' = 1                              (6) 
3�' +  2�' + �' = 1 
6�' = 1 

�' =
1

6
 

�� =
1

3
 

�� =
1

2
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Table 2: Recognition performance in the corresponding local regions using !"#$,�
%�. 

Local Regions Recognition Rate (%) 
Eyes 48.33 
Nose 60 

Mouth 35 

 
3.3. Performance Assessment of Weighted Score 
Level Fusion Schemes: 
 As mentioned earlier, there are four images in 
YMU database: two non-makeup images and two 
makeup images. Let N1and N2denote the images 
without makeup (i.e. N = non-makeup), and M1and 
M2denote the images with makeup (i.e. M = makeup). 
Four-fold testing is implemented in this section:  
• T1: All the non-makeup face images (N1, N2) are 
served as training images, while the makeup face 
images (M1, M2) are used as testing images.  
• T2: The makeup face images (M1, M2) act as 
training set, while the non-makeup face images (N1, 
N2) act as testing set.  
• T3: The first non-makeup and makeup face 
images (N1, M1) are used as training samples, while 

the second non-makeup and makeup face images (N2, 
M2) are served as testing samples. 
• T4: The second non-makeup and makeup face 
images (N2, M2) are taken as training images, while 
the first non-makeup and makeup face images (N1, 
M1) form the testing samples. 
 T1 and T2 illustrate the challenges imposed by 
makeup face recognition in real world application 
with only non-makeup face images or makeup face 
images stored as the templates in database; whereas 
T3 and T4 demonstrate the scenario of database 
upgrading where user may enrol across different time 
frames and with makeup at the first enrolment but 
without makeup at the next enrolment, or vice versa. 
The details are summarized in Table 3. 

 
Table 3:The implementation of four-fold testing. 

Experimental Protocol Training Sample Testing Sample 
T1 N1, N2 M1, M2 
T2 M1, M2 N1, N2 
T3 N1, M1 N2, M2 
T4 N2, M2 N1, M1 

 
 The Rank-1 recognition rates with Cosine 
distance of various weighted score fusion schemes 
are listed in Table 4. Weighted sum rule and 
weighted product rule significantly surpass other 
fusions by obtaining satisfactory recognition 
performance. The experimental results substantiate 

the weighted sum rule and weighted product rule are 
practically viable approaches to mitigate the 
influence of makeup in the overall makeup face 
recognition analysis. Averagely, weighted sum rule 
attains the optimal performance in makeup face 
recognition[18,20]. 

 
Table 4: Performance of various weighted score fusion schemes in four-fold testing. 

Experimental Protocol 
Rank-1 Recognition Rate (%) 

Weighted Sum rule Weighted Product rule Weighted Max rule Weighted Min rule 
T1 62.58 59.93 18.87 54.30 
T2 58.94 59.93 21.85 53.97 
T3 87.41 86.75 38.74 81.79 
T4 88.41 88.41 39.74 83.11 

Mean 74.34 73.76 29.80 68.29 

  
 Table 5 provides the performance comparison of 
proposed weighted strategy with other makeup face 
descriptors, i.e. uniform LBP variants, Gabor and 
LGBP. Besides, we also compare the non-weighted 
score level fusion. The purpose is to assess the 

effectiveness of the weighted strategy in our 
proposed makeup face system. Generally, the 
weighted strategy supersedes these makeup face 
descriptors, showing the effectiveness of weighted 
strategy in dealing the makeup face recognition[19]. 

 
Table 5: Experimental results of proposed weighted strategy and other makeup face descriptors, in term of Rank-1 Recognition Rates (%). 

Experimental 
Protocol 

Rank-1 Recognition Rate (%) 

Weighted 
Strategy 

Non-
weighted 
Strategy 

!"#$,�
%� !"#$,�

%� !"#�&,�
%�  !"#�&,�

%�  Gabor LGBP 

T1 62.58 60.60 59.27 55.30 59.27 54.64 42.38 45.33 
T2 58.94 60.26 59.93 56.95 59.93 56.29 37.09 40.70 
T3 87.41 84.77 86.09 84.11 87.75 85.76 69.21 71.05 
T4 88.41 87.09 86.09 87.75 89.40 88.41 66.89 69.04 
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Conclusion: 
 The proposed weighted strategy on local regions 
is motivated by the revelation that the facial makeup 
could be in different influential degrees on different 
face regions. Hence, in order to cope with facial 
makeup changes in face recognition, the 
segmentation of local regions is implemented and 
different weights are assigned to the distance scores 
of these local regions, including eyes, nose and 
mouth ROIs, based on their corresponding robust 
levels toward the influence of facial makeup. A full 
face image is also included in the fusion schemes as 
it carries important information such as facial shape 
and form, the position cheeks and chin for face 
identity. Then, a consensus decision could be made 
by incorporating these weighted distance scores 
using score level fusion schemes. The experimental 
results highlight that the weighted strategy is able to 
improve the overall performance of makeup face 
recognition. In this work, uniform LBP serves as the 
encoding function to extract the discriminant local 
features from face images. However, uniform LBP 
feature vectors could involve in curse of 
dimensionality issue. Therefore, in future work, this 
framework will be ported to dimension reduction 
techniques to further improve its performance in 
makeup face recognition. 
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